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TRENDS IN SPACEBORNE EARTH OBSERVATION
FOR LAND USE/LAND COVER APPLICATIONS
Davidson, M.
European Space Agency/Agence Spatiale Européenne, Mission Experts Division, Postbus 299, 2200 AG The
Netherlands, phone: +31 71 565 5957, Malcolm.Davidson@esa.int
The mapping and monitoring land use and land cover from space remains challenging in a number of ways. From
the applications perspective there are a wide variety of user communities and institutions with varying requirements, ranging - as an example - from meeting operational mapping needs at high resolution to the retrieval of
forest biomass for climate change and carbon model studies at global scale. From a spaceborne and mission
design perspective, in turn, this implies that no single mission can address the multiple and often conflicting requirements arising from such applications.
Current trends in spaceborne remote sensing, however, appear promising in a number of ways for land use and
land cover community. The ESA Sentinels program which will provide dedicated spaceborne satellite missions
addressing the operational user and institutional needs within the wider European Global Monitoring and Environmental Security (GMES) initiative represents a major step forward. This is especially true as user requirements
related to land use and land cover are included in the GMES mission design in a visible and traceable way. In
addition to operational programs, there is also a continued development of novel observation techniques, methodology and technology related to land use and cover application at a more scientific level. This can be seen in the
results from the recent ESA call for proposals within the Earth Explorer programme. Three out of the six candidate
Earth Explorer missions selected by ESA for feasibility studies are related to land use and land cover. They include
•

the mapping and retrieval of forest biomass using P-Band SAR (BIOMASS)

•

the remote sensing of vegetation photosynthesis through the measurement of fluorescence from space
(FLEX) and

•

the sensing of key snow, ice, and water cycle characteristics necessary for understanding land surface,
atmosphere and ocean processes and interactions (Core-H2O).

Lastly, at the international level there is a trend toward a “constellation” of spaceborne missions and sensor which
can only benefit the variety of land use and cover application community.
This presentation will attempt to summarise the above developments, providing mission details and illustrative
examples from current ESA and international spaceborne programs along the way.
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MERIS BASED LAND COVER CLASSIFICATION WITH
SELF-ORGANIZING MAPS: PRELIMINARY RESULTS
Hugo Carrão1,2, Luís Capão1,2, Fernando Bação2 and Mário Caetano1
1. Portuguese Geographic Institute (IGP), Remote Sensing Unit, Lisbon, Portugal;
hugo.carrao@igeo.pt, luiscapao@igeo.pt, mario.caetano@igeo.pt
2. Statistics and Information Management Institute (ISEGI), New University of Lisbon, Lisbon, Portugal; bacao@isegi.unl.pt
ABSTRACT
With the recent launch of MERIS, a wide range of new possibilities for the periodic land cover
characterization at regional scale is available. This sensor offers a combination of innovative
features, such as high spectral and temporal resolutions, wide geographical coverage and
improved atmospheric correction. We believe that the exploitation of data obtained by this
new sensor fills previous technological gaps, improving automatic land cover classes’ discrimination. At the same time, the extra spectral information provided by MERIS can introduce some difficulties on land cover characterization with long-established classification techniques, e.g. k-Nearest Neighbour. In this paper we report the performance of artificial neural
networks (ANNs) in the context of high spectral dimensional satellite image classification. The
main goal of this research is to assess the potential of the Self-Organizing Maps (SOM)
neural network to extract complex land cover type information from medium resolution
satellite imagery. The study was carried out with MERIS Full Resolution data from 2004 for
the continental Portuguese territory.
INTRODUCTION
Recently launched Earth Observation (EO) sensors, such as the MEdium Resolution Imaging
Spectrometer (MERIS) and the Moderate Resolution Imaging Spectroradiometer (MODIS),
exhibit enhanced spectral and temporal resolutions and offer new potentials and challenges
to data analysis. Jackson and Landgrebe (i) state that the availability of a large number of
spectral bands makes it possible to identify more detailed land cover classes with higher accuracy than would be possible with the data from earlier sensors, such as AVHRR. Quite as
well, several studies have proved the advantages of performing a land cover classification
based on multi-temporal satellite imagery data (e.g. ii,iii,iv,v). However, the exploitation of
spectral and temporal characteristics of MERIS imagery data, for the improvement of land
cover spatial and thematic characterization, is still of confidential use in remote sensing
community. Presently, few research studies and operational programs are focused on the
analysis of MERIS data for land cover cartography production (e.g. vi,vii,viii).
The introduction of these new generation sensors resulted in a large increase of remote sensing data volumes available for land cover classification purposes. Still, high dimensional remote sensing imagery provides a challenge to traditional classification methods based on
statistical assumptions. Artificial Neural Networks (ANNs) may represent a viable alternative
approach to land cover mapping using high dimensional remote sensing imagery. ANNs require no assumption regarding the statistical distribution of the input pattern classes, are relatively noise tolerant and entail a massively parallel structure (ix). Neural network models have
two important properties: the ability to “learn” from input data and to generalize and predict
unseen patterns based on the data source, rather than on any particular a priori model (x).
Although ANNs are routinely applied to multispectral and SAR imagery classification, the
number of studies that utilize ANNs for high spectral dimensional image analysis are limited
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(ix). These authors also refer that existing studies focused primarily upon supervised approaches, while there is little precedent specifically for the utilization of the unsupervised
ANNs in remotely sensed image classification, especially with respect to hyperspectral analysis. However, unsupervised ANN paradigms based on competitive learning have simple architectures and faster learning algorithms than supervised Multi-Layer Perceptrons (MLPs)
(xi). Some researches have shown that the unsupervised Self-Organizing Maps (SOM) technique possesses a speedier training rate and higher classification accuracy when classifying
remotely sensed data then the supervised backpropagation neural network (xii). The SelfOrganizing Map, developed by Kohonen (xiii), owes its popularity to its capability of presenting on the output layer, typically arranged in a two-dimensional grid, a very intuitive description of the similarity among groups in the input space. The SOM was not originally intended
for pattern classification, but a subsequent calibration phase can always be applied to produce labels for the clusters resulting from its application. Once an unsupervised ordering step
is performed, the feature map is trained as a classifier using a feature vector training set with
known classifications (ix). Although several supervised extensions of SOM have already been
implemented for classification, the most widely used has been the Linear Vector Quantization
procedure (xiv).
In this paper we exploit the SOM algorithm for land cover classification with MERIS high
spectral dimensional imagery. This is a preliminary study in the framework of an ongoing research work that aims at developing a systematic classification methodology for the regular
production of land cover cartography from medium spatial resolution satellite imagery in Portugal. To completely evaluate the ability of the high spectral resolution MERIS data for land
cover characterization, we look for the separation of 19 land cover classes. Some results
comparing the SOM performance with the traditional k-Nearest Neighbour method are also
presented. We experimentally evaluate the performance of each classifier on samples collected from a summer MERIS image of Portugal Continental.
STUDY AREA AND DATA SET
The study area is the entire Portuguese mainland territory. Portugal is in a transition zone
featuring diverse landscapes representing both Mediterranean and Atlantic climate environments. This landscape heterogeneity allows for the extrapolation of the developed methodologies and of the obtained results to many other regions of the world.
In this study we exploit the Level 2 Full Resolution MERIS imagery. These data consists of
calibrated surface reflectances in 13 groups of wavelengths (original bands 11 and 15 were
removed from this product since they address O2 content and water vapor) that are atmospherically corrected for Rayleigh scattering, ozone, water vapor absorption and aerosol content. We make use of a single image that was acquired by 14 August of 2004. This date was
chosen due to several criteria. First, and according to (ii), August is the period of the year that
allows for a better separation among general land cover classes in this region of transitional
climate; secondly, this image is the one that presents the least cloud coverage among MERIS
August images available for Portugal for the year of 2004.
The MERIS original data was exported from raw format and converted to GeoTIFF using the
BEAM VISAT 3.4 ® software application. Also, in order to combine these data with already
existing auxiliary information it was necessary to project the image into a proper map projection (Hayford-Gauss, Datum Lisboa). This was easily accomplished since MERIS Level 2
imagery are already geolocated.
To help the selection of samples for algorithm training, validation and testing we made use of
existent land cover databases and high spatial resolution Earth Observation (EO) data,
namely: the CORINE Land Cover map for 2000 (CLC2000) (xv) – land cover map with 44
classes derived from visual interpretation of Landsat-7 ETM+ images acquired in the summer
of 2000; the National cover of SPOT High Resolution Geometric (HRG) images acquired in
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2003; the National cover of orthorectified colour infrared aerial photography for 1995; and the
National Forest Inventory for 1995.
METHODOLOGY
Land cover nomenclature
In this study we used the land cover nomenclature developed by the Remote Sensing Unit of
the Geographic Portuguese Institute (IGP) (Table 1). The nomenclature classes were defined
through the Land Cover Classification System (LCCS) from Food and Agriculture Organization (FAO) (xvi). The rationale behind the development of the nomenclature was two-fold: (1)
a nomenclature that is well adapted to the type of landscapes existent in regions with characteristics similar to the Portuguese mainland, and (2) a nomenclature that is compatible with
established ones (e.g., CORINE Land cover, Global Land cover and the International Geosphere-Biosphere Programme nomenclatures) in order to make possible map comparison.
Table 1: Land cover classes and respective acronym.
Land Cover Class
Continuous Artificial Areas
Discontinuous Artificial Areas
Rain fed Herbaceous Crops
Irrigated Herbaceous Crops
Rice Crops
Permanent Evergreen Crops (Trees or Shrubs)
Permanent Deciduous Crops (Trees or Shrubs)
Broadleaved Closed Trees
Broadleaved Open Trees
Needleleaved Closed Trees
Needleleaved Open Trees
Mixed Closed Trees
Shrubland
Natural grassland
Sparse Vegetation
Recently Burnt (Trees or Shrubs)
Permanent Wetlands
Barren
Water Bodies

Acronym
11
12
21
22
23
241
242
311
312
321
322
331
35
37
38
310
5
6
7

Land cover sampling
In order to test the several classification approaches using the defined nomenclature, we carried out a collection of samples for the 19 nomenclature classes for the year of 2004. The
sampling process was performed by visual interpretation of the high spatial resolution EO
data and land cover databases described in the Study Area and Dataset section.
Each sample represents a specific land cover class covering at least 90% of the area enclosed by a MERIS 300-by-300 m pixel (same as the nominal resolution of used satellite images). For each class we collected 40 samples distributed all over the mainland territory in
order to obtain a broad representation of within classes’ spectral differences.
Classification phase
Kohonen’s Self-Organizing Map (SOM). Kohonen’s self-organizing map is one of the most
interesting of all the competitive neural nets (xvii). A SOM is an unsupervised and nonparametric neural network approach, which means that no human intervention is needed during
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the learning and that little need to be known about the characteristics of the input data. The
SOM is remotely inspired in the way in which various human sensory impressions are neurologically mapped into the brain, so as spatial or other relations among stimulus correspond to
spatial relations among the neurons (xviii). As a neurospatial classifier, the SOM offers a
number of attractions, namely the simple design and ability to handle immense complexity
(xvii). A SOM consists usually of a two-dimensional array of neurons fully connected with the
input vector, arranged on a squared or hexagonal lattice, such that there are neighbourhood
relationships among the neurons (xi). The latter “architecture” (hexagonal) is generally preferred, because it provides a better coverage of the two-dimensional space and an easier
visualization of the input space structure (xi, xvii).
The training procedure of SOM consists of finding the neuron with weights closest to the input
data vector and declaring that neuron as the winning neuron. As a result, the closest neuron
to input vector is updated, as well as all neighbour neurons within a predefined in the output
space. Several functions can be used to determine the neighbors’ movements during training,
while the most commonly adopted is the Gaussian (xi). By assigning each input vector to the
nearest neuron, the SOM is able to organize the output space into regions, where neighbouring neurons have similar characteristics. In a high dimensional input space, Kohonen maps
can be interpreted as nonlinear projectors of the input data onto a two-dimensional space that
takes into account the data probability density and preserves the original topology of the input
patterns (xi). That is, if two weight vectors are near each other in the input space, the corresponding neurons will also be close in the output space, and vice versa.
The SOM clustering of MERIS data was carried out using the MATLAB SOM Toolbox
(xix).The Kohonen’s SOM algorithm that is implemented in the SOM Toolbox can be described as follows: consider that there are M neurons in the competitive layer and every neuron j has a n-dimensional weight vector, wj=[wj1, …, wjn]. At each training step t, a sample
data vector x(t) = [x(t)1, …, x(t)n] is randomly chosen from the training set (considering a sequential training approach). The Euclidean distance is used to determine the winning neuron.
The winning neuron or best-matching unit (BMU), denoted here by c, is the neuron with the
weight vector closest to x(t):
⎛n
⎞
a j = ⎜ ∑ ( x(t ) i − w ji ) 2 ⎟
⎝ i =1
⎠

0.5

= x(t ) − w j , j ∈ {1.....M }

(1)

if ac = min{a1, a2, ......, aM}, c is the winning neuron.
Update weights for c and neighbor neurons within neighbourhood Nc(t) can be written as
w ji (t + 1) = w ji (t ) + α (t )[ x(t ) i − w ji (t )] if j ∈ N c (t )
w ji (t + 1) = w ji (t ) if j ∉ N c (t )

(2)
(3)

where Nc(t) is the set of neighborhood neurons of the winning neuron at time t, α(t) is the
learning rate, and its initial value is set as 0<α(t)<1. Both learning rate α(t) and neighborhood
(Nc(t)) radius decreased monotonically with time, in order to assure convergence. After finding the winning neuron, the weight vector of the neuron in the competitive layer is updated.
During the update procedure, the winning neuron is moved closer to the sample vector in the
input space. The topological neighbours of the winning neuron are updated in a similar way.
This update procedure stretches the winning neuron and its topological neighbours towards
the sample vector. Neighbouring neurons are pulled in the same direction, and thus weight
vectors of neighbouring neurons resemble each other for adopting competitive learning rules
and neighbourhood (the topological neighbourhood relationships). Neurons with the same
properties in the competitive layer would be close each other, and the others would be far
away when the clustering process is finished. Consequently, different types of clusters of
neurons were generated on the competitive layer. At the end of the training phase each neuron is labelled to a corresponding land cover class according to a majority voting principle (by
taking into account the land cover classes of the closest training samples data vectors).
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The structure of the SOM network and respective parameters was object of several experiments in order to attain the best overall land cover classification accuracy with the MERIS
data. Considering the literature reviewed, the topology of the SOM was always set up as an
hexagonal lattice. In the same way, a Gaussian neighbourhood function with linear descending rate was used in all configurations. An initial learning rate α(0) = 0.7 was established. An
initial learning rate value between 0.1 and 0.7 must always be set (xi).
SOM generalization performance evaluation. The application of the SOM to automatic land
cover classification with MERIS data followed three main steps: training (also called learning),
validation, and independent performance assessment (or testing). Thus, the 40 land cover
samples that were collected for each of the 19 classes were randomly divided in three different sets, in the following way: training (70%), validation (15%) and independent testing (15%).
The goal in training the network is to find a structure that performs good classifications for
both the training data and for new data, avoiding data overfitting. Therefore, when a training
step finishes, the validation component is presented to the network and the generalized classification error is evaluated. The network having the lowest validation error will be used for
land cover classification, and the overall performance of the selected model is evaluated using the independent testing component.
k-Nearest Neighbor (kNN). kNN is an instance-based learning algorithm (xx) based on a
distance function (e.g. Euclidian distance) between pairs of observations. The algorithm is
quite simple: given a feature test vector, the system finds the k-nearest neighbours among
the training vectors, and uses the labels of these k neighbours to determine the class of the
unknown sample. Using the training set as labelled prototype vectors, we evaluate the classification results of the validation set considering 1 to 10 nearest neighbours. The kNN configuration with better overall accuracy results was chosen to use for the evaluation of SOM classification results.
RESULTS AND DISCUSSION
Trial-and-error experiments with the training and validation sets were conducted to empirically
determine the best architecture and parameters for the SOM network. Regarding network
size, trials were conducted first with small networks (e.g., as small as 25 neurons), which resulted in some unrepresented classes in the final labeled network. Consequently, the overall
classification results were extremely small in those situations, which did not exceed the 30%
of agreement. Classes as “Mixed Closed Trees” (331), or “Rain fed Herbaceous Crops” (331),
were not presented in the final map, being confounded with other several land cover classes
of spectral similarities. Larger competitive layers were thus used to map land cover classes at
a finer resolution. However, the larger 2-D SOM network that could be constructed, given
computer memory constrains, was approximately 38x38 (1444 neurons). The results tend to
improved as the size of the network increases, thus larger networks lead to improved overall
classification accuracy.
The parameters used for SOM network simulations varied according to the size of the hexagonal lattice used. The initial learning rate was always 0.7, and a reciprocally decreasing
function was used to adjust learning rate from first to last training epoch. A Gaussian
neighborhood function was always used to adjust the weights of all of the neurons in the
neighborhood of the winning neuron, but larger radiuses were used in larger networks. A
linearly decreasing function was used to adjust the network radius during training. Regarding
the training length, bigger networks have longer learning periods. The parameters values and
functions were selected according to the suggestions purposed by (xxi).
The overall classification accuracy was evaluated with the test set for the network with the
smaller classification error obtained with the validation set (each validation sample was classified in the land cover class of the nearest neuron after the training step). This condition was
attained with a lattice with 1444 neurons, and the overall classification accuracy was 68%
with the test set. Although these results are good and more effective than those attained with
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kNN with a neighborhood of three (65%), they do not outperform the 73% overall classification accuracy achieved by (xxii) with the Support Vector Machine (SVM) for the same data
set. We believe that these empirical results can be augmented, because the most suitable set
of parameters and architectures of SOM are difficult to tune and there are still several unexplored possibilities to optimize the SOM’s results.
A closer view at the producer’s and user’s accuracy (Table 2) shows that “Sparse Vegetation”
(38) is definitely the less distinctive land cover class, frequently confounded with “Needleleaved Open Trees” (322). It is also interesting to look at the confusion among “Barren” (6)
Table 2. User’s and producer’s accuracy per class. This repartition corresponds to the classification of test samples performed with the SOM network with 1444 neurons.
Land cover
class

5

5

5

6
7

6

11 12 21 22 23 38 241 242 310 311 312 321 322 331 351 371

3
1

1

75

6

86
6

1

21

1

86

5

83
5

1

22

5

23

1

1

83
1

241

1

242

1

1

1

57

2

2

50

311

1
4

312
321
4

331

1
1
2

20

2

4

351

1

4

310

322

83
83

5

38

371

User's Accuracy (%)
100

11
12

7

1

80

4

50

2

100
3

1

75

2

4

40

1

6

1

67

4

80

2

Producer's
Accuracy (%) 83 50 100 100 83 83 83 83 17 67 33 67 67 33 50 67 100 67

3

38

50

and “Natural grassland” (371), that is certainly due to the similar spectral characteristics of
these two land cover classes on summer. Agricultural classes present excellent classification
accuracies, except the Permanent Crops (241 and 242) which tend to be mixed. On the contrary, pixels of “Water bodies” (7) and “Continuous Artificial Areas” (11) never mix up. These
results suggest that main classification confusion occurs among pixels of classes that contain
the same land cover features but in arrangements with different proportions. Land cover
classes that consist of absolutely different surface elements, even with vegetation within their
composition, are well separated (e.g., “Shrubland” (351) and “Broadleaved Closed Trees”
(311)). This demonstrates that noticeable spectral similarity amongst different land cover
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classes does not imply their mixing, as attested by the overall accuracy results obtained with
the exploited classifiers.
CONCLUSION
The results show that SOM is more effective than kNN for land cover classification with
MERIS data. The results also show that, as expected, larger networks will produce better
results. The difference accuracy, between the SOM and the kNN, is small (3%) which may be
considered disappointg, nevertheless we think that there are several unexplored avenues to
optimize the SOM’s results. From a methodological viewpoint the SOM has proved to be a
powerful algorithm, but it requires an experienced user because of the number of parameters
that need to be tuned. Thus, the determination of the most suitable set of parameters and
architecture constitutes a future research problem. Another aspect that needs further research is related with the possibility of using a number of SOM instead of using only one
SOM for the classification of all classes. This will create the opportunity to develop “specialized” SOM’s which are particularly good in the identification of certain classes.
Regarding the particular land cover classes discrimination, we think that MERIS imagery has
an enormous capability to make a good quality distinction among them. The results proved
that large mixing occurs only between land cover classes that contain the same land cover
features but in different proportion arrangements. Classes with completely different configuration characteristics present a classification accuracy obtained with the SOM neural network
that is over 80%.
Future work will rely on the multi-temporal analysis of MERIS data, land cover classes redefinition, and appliance of supervised artificial neural network methods, since we consider that
is possible to increase the overall classification accuracy obtained with MERIS images. In the
future, a supervised extension of the competitive learning process, like the Learning Vector
Quantization (LVQ), should also be exploited as a technique for automatic land cover classification.
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ABSTRACT
The purpose of the authors was to develop a simple algorithm for a combined application for
TERRA ASTER and ENVISAT MERIS data. The spectral and spatial system parameters of
both sensors are highly different. ASTER has with 15 m a comparatively high spatial resolution. But the spectral resolution is relative low. In the opposite of these facts the size of one
MERIS Pixel is by the factor 20 higher. The bandwidth is given with 0.02 µm. That means 15
MERIS bands only cover the first 3 ASTER bands (VNIR). It is obvious that a joint use of data
from both sensors would promise a great advantage for analyses of land use and land cover,
presuppose this combination uses the advantages of both sensors data.
The consideration is based on the different bandposition and bandwidths of ASTER and
MERIS. Therefore it is possible to simulate an ASTER band by means of those MERIS bands
which fall in the same spectral range, covered by its bandwidth. One has to take into account
that an individual MERIS band contributes to the simulated ASTER value according to the
spectral sensitivity of the original ASTER band at the position of that MERIS band. These
weighting factors were supplemented by an additional parameter. The parameter v is necessary to describe the discontinuous coverage of the ASTER bands in the range of the MERIS
bands. Furthermore v includes any system-specific differences in data registration by the two
sensors. In a first step the parameters were calculated over spectrally homogeneous surfaces. It can be shown that the values are independent from the used surface. In a next step
we abolished the constraint of using homogeneous surfaces and found that parameters are
as far as possible independent from the homogeneity of the used surface.
INTRODUCTION
In the recent years a growing number of remote sensing satellites are available. Thereby user
communities were enabling to analyse a multitude of environmental questions. In the future
the task of remote sensing will be the joint use of two or more satellite systems.
With the Sensors ASTER and MERIS two platforms are available whose system parameters
primarily differ in their spatial and spectral resolution. The American ASTER instrument on
board of the TERRA satellite has with a ground resolution of 15 m in the visual and near infrared. The European MERIS instrument on ENVISAT can only offer 300 m in the same spectral
region. But the spectral resolution of MERIS with a spectral bandwidth of 0.0075 µm to 0.04
µm is significant higher compared with ASTER. The objective of this study is to join both positive attributes of the high spatial resolution of ASTER and the high spectral resolution of
MERIS in a new data set.
If this is possible the field of application of the MERIS sensor could be realised with a higher
spatial resolution of 15 m.
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The following theoretical considerations describe a simple algorithm to realise the matter.
METHODS
Theoretical Considerations
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With focus at the position of the ASTER and MERIS bands represented in figure 1 (left) it is
recognizable that some bands cover the same range in the solar spectrum. A part of the information of an ASTER band is also available in one or more MERIS bands.
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Figure 1: left: normalised sensitivity of the first three ASTER bands and position of the MERIS
bands 1-13; right: normalised sensitivity of the first ASTER band and position of the MERIS
bands 3, 4, 5 and 6
With this cognition it should be possible to find a relation to describe the alternating dependence of the information in the respective bands by means of the overlapping bands. The normalised sensitivity is considered as a weighting parameter in the process.
The procedure is described for the first ASTER channel as well as the MERIS channels 3, 4,
5 and 6. In figure 1 (right) this part of the spectrum with the normalised sensitivity and the
band width of the four MERIS bands are shown again. It is already recognisable that there is
an eminent different influence of the MERIS bands within the band width of the first ASTER
channel.
In a first step it seems reasonable that an ASTER pixel can be simulated by calculation of the
mean of the MERIS bands which fall in the band width of the ASTER channel.
imax

G ' ASTER =

∑G
imin

iMERIS

N

with

N = i max − i min + 1

G ' ASTER = simulated gray value of ASTER pixel
i = number of the MERIS band
N = number of involved MERIS bands
GiMERIS = gray value of the current MERIS pixel
Figure 1 (right) shows that this kind of the grey value determination can not be used without
additional information. The reason is the different influence of the respective MERIS channels
in the range of the ASTER band. To consider this case it is necessary to expand the equation
above. By means of the normalised sensitivity of the ASTER band it is possible to fix weights
which describe the problem in a quantitative way. The result of this consideration is a
weighted mean of the simulated ASTER band.

26

Center for Remote Sensing of Land Surfaces, Bonn, 28-30 September 2006
imax

G ' ASTER =

∑g

⋅ GiMERIS

i

imin

∑

imax

gi

imin

g i = weight of the current MERIS channel
Due to the discontinue coverage of the ASTER band it is essential to expand the equation
again. In this form the equation includes only a part of the depended information. To consider
these circumstances the equation has to be extended by the parameter v. Furthermore the
correction v includes any system-specific differences in the data registration by both sensors.

G ' ASTER + v = G ASTER
imax

G ' ASTER −v =

∑g
imin

⋅ GiMERIS

i

∑

imax
imin

gi

G ASTER = real value in the respective ASTER band
v = correction on the strength of the insufficient covering
the ASTER band through the MERIS bands
The determination of the weights gi plays a decisive role in the developed method. There are
at least two possibilities parameter calculation. On the one hand it could be assumed that the
normalised sensitivity of the ASTER channel at the centre of every MERIS band describes
the influence of them in an adequate way. The decisive disadvantage is the different variability of the normalised sensitivity in the range of the respective MERIS band. To take into account this variability, it is necessary to determine the area Fi below the curve of sensitivity in
the range of the MERIS bands - the needed parameters gi.

g i = Fi =

λi max

S (λ ) dλ
∫
λ

with

S (λ ) = function of ASTER sensitivity

i min

The equation indicates that in the chosen limits of the integral it is not possible to calculate a
regression function for the complete curve of sensitivity whose accuracy satisfies the demanded claims. Figure 2 (left) shows that fact.

Figure 2: left: regression polynomial for the normalised sensitivity of the first ASTER band;
right: regression polynomial for the normalised sensitivity of the first ASTER band in the range
of the fourth MERIS channel
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With the programme Curve Expert 1.3 a compensating polynomial (6th degree) was calculated. The standard deviation of the normalised sensitivity was nevertheless more than 0.11.
Since this already means a standard deviation of more than 10% sensitivity on average, another, more exact method has to be used.
The sought-after integral Fi is needed only in the limits of the respective MERIS band. Therefore it should also suffice to know the function S(λ) with an adequate precision within the appropriate range. For this purpose only the values of sensitivity which lay in the range of the
MERIS band are involved in the calculation of the regression function. It turned out that a
polynomial does not provide the best results in every case. Figure 2 (right) shows that the
functions of sensitivity adapt considerably better to the characteristics of the discretely given
values. The standard deviations of the functions are without exception below the before calculated value of 0.11. The parameters gi in table 1 describe the results.
Table 1: weights gi of the MERIS bands

MERIS – 3
MERIS – 4
MERIS – 5
MERIS – 6
MERIS – 7
MERIS – 8
MERIS – 9
MERIS – 10
MERIS – 11
MERIS – 12
MERIS – 13
MERIS – 14
MERIS – 15

ASTER – 1
0.681 %
28.892 %
67.520 %
2.907 %
-

ASTER – 2
8.461 %
51.913 %
32.122 %
7.504 %
-

ASTER – 3
13.181 %
11.451 %
48. 428 %
25. 870 %
0.871 %
0.182 %

The differences of ASTER and MERIS are not only to find in the spectral features. Another
important fact is the different spatial resolution of 15 m of the ASTER sensor and 300 m of the
MERIS sensor respectively. These differences may not remain unconsidered because there
are 400 ASTER information available and only one MERIS pixel. That means the term GASTER
has to be understand as a representative value for 400 in one MERIS pixel falling ASTER
pixel. To take into account these facts, the GASTER terms are enlarged by an index M. The
index M describes the mean of all in one MERIS pixel falling ASTER pixel.

G ' ASTER +v = G ASTER _ M
imax

G ' ASTER _ M −v =

∑g

⋅ GiMERIS

i

imin

∑

imax
imin

gi

G ASTER _ M = mean of all in one MERIS pixel falling ASTER pixel
Through the generation of the mean of 400 ASTER pixel inside the geometry of one MERIS
pixel the radiation, which is received at the MERIS instrument will interpreted as a ‘mixed radiation’ of smaller subareas. The ASTER pixels represent these smaller subareas.
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Comparison of the systems at the example of the Bandiagara area – determination of the differences of reflectance vi

For the following calculations three ASTER data sets of 20.11.2002 were chosen as well as
one MERIS data set of 20.12.2002. Both data sets were subjected to extensive geometric
and radiometric corrections. Due to the bad availability of data of both sensor systems a temporal difference of one month had to be accepted. The data were recorded in the cold dry
season (November/ December) in the Bandiagara area in West Africa. Therefore the gradient
of change of land use and land cover can be neglected.
In a first step areas with a homogeneous use in the ASTER scene have to be found. The advantage of this constraint is that the resulting values of GASTER_M are solid and the effect of the
variability of the factor can be neglected in the further analyse. It can be said an area is more
homogeneous if the standard deviation of the mean of his describing subareas is lower. So
the detection of homogeneous areas in the ASTER scenes is realisable by calculation of the
standard deviation for surfaces with more than one pixel. All used ASTER data were researched in this manner. Thereby the calculation of the standard deviation was occurred
separately in every ASTER layer. Only if the standard deviation does not exceeds a specific
threshold in every layer the respective pixel is considered as a homogeneous pixel. Taking
into account the geometric resolution of the MERIS sensor the differences of reflectance vi
can be calculated according to the respectively accepted inhomogeneity. All calculations
were carried out with Model Maker Tool in ERDAS Imagine.

Mean of v [% reflectance] and
standard deviation of the mean [% reflectance]
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The parameters are calculated up to 2 % reflectance in intervals of a tenth % reflectance. The
results are displayed in the diagrams of figure 3. The differences of reflectance vi were averaged on every step of inhomogeneity at every applicable position in the available data (solid
line). Additionally the standard deviations of the differences of reflectance were calculated
(dashed line).
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Figure 3: left: results of v using differently homogeneities and standard deviation of v in the
range of the first ASTER band; right: results of v using differently homogeneities and standard
deviation of v in the range of the second ASTER band
Figure 3 (left) shows that the differences of reflectance between the real ASTER band and
the calculated band range approximately 0.6 % if the accepted inhomogeneity 2 % does not
exceed. In comparison with the others scenes Arfrica-29 has a slightly different developing.
With a view on the standard deviation of the scenes Africa-02 and Africa-24 the developing of
the parameter v1 for the scene Africa-29 is necessarily comprehensible. In consideration of all
three scenes the difference of reflectance v1 for the first ASTER band was assumed to 0.7 %
(mean). Also in the case of the second ASTER band it is recognizable that the parameter v2
for all scenes is in the same range (figure 3 right). With the increasing inhomogeneity of the
respective land use and land cover the developing of parameter v2 is nearly consistent. In
consideration of all three scenes the difference of reflectance v2 for the second ASTER band
was assumed to -4.4 % (mean). For the third ASTER band the parameter v2 was assumed to
-6.1 %.
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To check a dependence of the differences of reflectance concerning to the respective land
use and land cover a simplified method was conducted. Using an unsupervised classification
with a different number of classes it could be verified that up to 90 % of the available land use
and land cover classes participate in the calculation of the parameter vi. So it can be said that
the differences of reflectance are largely independent from the respective kind of land use
and land cover.
In a further step the restriction for calculating the parameters vi only using homogeneous surfaces should now be abolished. Therefore the full MERIS scene was transformed by means
of the weights gi and the differences of reflectance vj. The comparison with the real ASTER
scene shows that the median of the difference between this both kinds of ASTER data is under 0.8 %. Taking into account all three ASTER scenes a correction k1 = 0.34 %, k2 = 0.16 %
and k3 = 0.16 % has to be considered. By means of this correction ki the differences of reflectance vi were adjusted. The final results for the differences of reflectance vi are displayed in
the following table 2.
Table 2: final results of the determination of vi
ASTER
band
1
2
3

vi

ki

vi = vi + ki

+ 0.7 %
- 4.4 %
- 6.1 %

+ 0.34 %
+ 0.16 %
+ 0.16 %

+ 1.0 %
- 4.2 %
- 5.9 %

There is a further demand on research at the current point of the analysis. The results show
that the means of vi in consideration of the full ASTER scene are differ only a little in comparison to the determination of vi using the established criteria of homogeneity. But the straggling
around these values rises and is very high with 4.9 %.
Possibility of splinting the ASTER channel at the example of the Bandiagara area

The aim of this study was to develop a simplified method of spectral splinting TERRA-ASTER
data by means of ENVISAT MERIS with the objective of joint using the advantages of both
systems. In spite of the high straggling of the differences of reflectance the following part shall
describe a possibility of realising this task. In the comments above it was assert that the differences of reflectance are largely independent from the homogeneity of the subareas of a
respective MERIS pixel. Assuming now the thesis is applicable for the ASTER pixel too, it can
be said that in consideration of the differences of reflectance as well as the weights gi of the
MERIS bands in relation to the ASTER bands a transformation or splinting of every ASTER
pixel in his MERIS elements seems to be possible. Thereby a problem exists which can be
found in the already known equation.
imax

G ' ASTER _ M −v =

∑g

⋅ GiMERIS

i

imin

∑

imax
imin

gi

For every ASTER pixel only one value of reflectance is available. For solving the equation at
least 4 values for the first and second ASTER band and 6 values for the third ASTER band
are strictly required. The displayed mathematical formula shows that the characteristically
development of the spectral signature inside the band width of an ASTER band can not be
described. Possible variations in the reflection behaviour of a respective land use or land
cover are not considered. For understanding this problem in terms of the MERIS bands, it can
be said that relations of the reflectances of an ASTER band covering MERIS bands are unknown. The aim of the actual research is to obtain this relations Ri. One method of resolution
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is for example the use of extensive spectral libraries. In this case the authors tried to apply a
simple method of determine the relations. Using the available MERIS data the relations Ri
were gathered. This method is not based on the use of the MERIS values but on the relations
between them. For this purpose it is necessary to conduct the simplification G’i_MERIS =
Gi_MERIS.

G ASTER − v =
R1 =
R2 =
R3 =

g 3 ⋅ G '3MERIS + g 4 ⋅ G '4 MERIS + g 5 ⋅ G '5MERIS + g 6 ⋅ G '6 MERIS
g3 + g4 + g5 + g6

G '3MERIS
G '4 MERIS
G '4 MERIS
G '5MERIS
G '5MERIS
G '6 MERIS

G 'iMERIS = calculated MERIS value with the resolution of the ASTER Sensor
Keep this assumption in mind it is possible to calculate the relations Ri gradual and as per
description to accomplish the task of creation a new dataset with a spatial resolution of 15 m
and a radiometric resolution like them of the MERIS Sensor. A validation of this analyse is
difficult but the 6th MERIS channel covers the first and the second ASTER band. So it is possible to simulate this band with a spatial resolution of 15 m two times. The comparison of the
results shows that the differences of these bands are less than 1 % of reflectance.
The following figure 4 displays the first ASTER band and the simulated MERIS bands 3, 4
and 6 as a RGB image with a spatial resolution of 15 m.

Figure 4: process of splinting the first ASTER band into a RGB image using the bands 3, 4
and 6 with a spatial resolution of 15 m
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RESULTS & DISCUSSION
As detailed illustrated the spectral segmentation or splinting of TERRA-ASTER data by
means of ENVISAT-MERIS data under certain conditions and hypotheses should be possible.
Using the weights gi extracted from the normalised sensitivities of the first three ASTER
bands as well as the three ASTER datasets from the Bandiagara area in West Africa it was
possible to determine the differences of reflectance between both satellite systems. The results show a constant mean with respect to the homogeneity of the respective land use and
land cover, but the straggling around the means arises. At this point of research there is a
further need for action. That comprises:
•

More accurate determination of the differences of reflectance vi on the strength of the
high straggling.

•

Research about other kinds of dependence of the parameter vi. Temporary this value
is constant, but perhaps it differs for varied land use and land cover although it could
be verified that the parameter is independent concerning this matter.

•

Currently only the normalised sensitivities of the ASTER sensor were used for determining the weights gi, but not for the MERIS sensor.

•

Other possibilities of determining the relations Ri for example by means of spectral libraries. With the method explained before it was considered that the reflectances differ from ASTER to ASTER pixel but the relations of the spectral signature within a
MERIS pixel do not change.

The possible field of applications of the resulting simulated channels is manifold. Basically
they are the same like them of the MERIS sensor but with a higher spatial resolution of 15m.
The authors are aware that the considerations of this paper are only fundamentals for further
research in a new field of a joint usage of different remotely sensed data.
ACKNOWLEDGMENT
The authors are grateful to "Gesellschaft von Freunden und Förderern der Technischen Universität Dresden e. V." for the possibility of attendance at the 2nd Workshop of the EARSeL
SIG on Land Use & Land Cover.
REFERENCES
i

Karrasch P., 2005. Vergleichende Untersuchungen von ASTER und MERIS – Daten auf
Grundlage
unterschiedlicher
objektspezifischer
Signaturen
verschiedener
Oberflächennutzungen. Diploma Thesis, Dresden University of Technology

ii

Abrams, Michael, Hook & Simons, 2002. ASTER User Handbook (Jet Propulsion
Laboratory, Pasadena)

iii

ESA 1999. MERIS Handbook (European Space Agency)

iv

Merheim-Kealy P., Huot J. P. & Delwart S., 1999. The MERIS ground segment.
International Journal of Remote Sensing, 20(9):1703-1712

v

ESA 2004. Website, http://www.esa.int

vi

NASA 2004. Website, http://www.nasa.gov

32

Center for Remote Sensing of Land Surfaces, Bonn, 28-30 September 2006

33

Proceedings of the 2nd Workshop of the EARSeL SIG on Land Use and Land Cover

LANDSAT TM AND MERIS FR IMAGE FUSION FOR LAND COVER
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ABSTRACT
High spatial resolution sensors, such as Landsat TM, are typically used to derive land cover
information from local to regional scales. However, Landsat TM does not provide an appropriate temporal resolution to monitor areas with high cloud coverage throughout the year. In
this respect, MERIS delivers data captured in 15 narrow bands every 2-3 days. This increases the chances of getting cloud free imagery. Nevertheless, MERIS has a spatial resolution of 300 m (full resolution mode), which might not be sufficient to capture the details of
highly fragmented landscapes. This is why the synergic use of Landsat TM and MERIS imagery is explored in this paper.
An unmixing-based data fusion technique was used to generate images with the spatial resolution of Landsat TM and with the temporal and spectral resolutions provided by MERIS. More
precisely, one Landsat TM and one MERIS FR image acquired over The Netherlands were
fused using the linear mixing model. After the fusion, both the original Landsat TM and the
fused images were classified to produce a map of the 8 main land cover types of The Netherlands. These maps were validated using the Dutch land use database (LGN5) as a reference.
The paper concludes by describing the potentials and limitations of this multi-sensor approach in comparison to only using Landsat TM data.
INTRODUCTION
During the last few centuries anthropogenic activities have significantly contributed to the
ecological degradation of our planet (i). Therefore, having accurate and up-to-date land use
and land cover (LULC) information is essential to quantify both the extent of the damage and
the impact that anthropogenic LULC changes might have on our future welfare.
Despite the success achieved by “traditional” LULC mapping initiatives, our current understanding of the dynamics of land cover change is still far from complete. This situation could
be improved by developing new land cover mapping approaches based on the combination of
several remotely sensed datasets as well as on new ways of integrating the available ancillary data (ii). In this study we illustrate the use of a relatively new approach for land cover
mapping: data fusion of medium and high spatial resolution data.
Data fusion techniques aim at the combination of different kinds of imagery to produce an
image that contains more information than single-sensor imagery. As a result, fused images
generally offer increased interpretation capabilities and more reliable results (iii). In remote
sensing, data fusion approaches are commonly used to combine high spatial resolution imagery (necessary for an accurate description of the shapes, features and structures of the
landscape) with either high spectral resolution imagery (useful to identify objects and to retrieve quantitative information) or with high temporal resolution imagery (essential to monitor
vegetation status and to produce maps over areas with persistent cloud coverage).
An unmixing-based data fusion approach was selected for this study because it tries to preserve the spectral information of the low resolution image as much as possible (iv). This
should facilitate both the elaboration of land cover maps and the use of fused images to
monitor vegetation status.
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The aim of this study is to evaluate the synergic use of Landsat TM and MERIS full resolution
(FR) imagery to produce land cover maps over The Netherlands. The TM sensor was selected because of its high spatial resolution whereas the MERIS sensor offers both high spectral (15 narrow bands) and high temporal resolutions (revisit time 2-3 days).
STUDY AREA AND REMOTELY SENSED DATA
The study area covers approximately 25 by 125 km of the central part of The Netherlands.
This area was selected considering both the heterogeneity of the landscape and the availability of cloud free imagery over the area.
A Landsat-5 TM image acquired 10 July 2003 and a MERIS full resolution level 1b image
acquired 14 July 2003 were used for this study. The TM image was geo-referenced to the
Dutch national coordinate system (RD) using a cubic convolution method. A pixel size of 25 m
was selected during the re-projection so that the output resolution was equal to the resolution
of the reference dataset.
The MERIS FR level 1b image was first transformed from digital numbers (DN) to top of atmosphere radiances (LTOA) using the metadata provided with the file. Subsequently, the image was corrected for the so-called smile effect. After that, the image was re-projected into
the RD coordinate system using the ground control points provided with the MERIS file.
The last step of the data pre-processing consisted of co-registering both the TM and the
MERIS FR image. Finally, a subset containing the study area was masked out.
UNMIXING-BASED FUSION
Theoretical background
The applied data fusion approach makes use of the linear mixing model to combine two images acquired at a different spatial resolution. First, the high spatial resolution image is classified to identify the main components (land cover types) present in the scene. Then, proportions (abundances) of each component are computed for each low resolution pixel. After that,
the low spatial resolution image is used to derive sub-pixel spectral signatures that fit those
values. Finally, a fused image having the spatial resolution of the high resolution image but
the spectral resolution of the low resolution image is recomposed. This problem, also known
as spatial unmixing or unmixing-based data fusion, is solved per band and for a given
neighbourhood of the low resolution image.
Let’s use i to indicate a generic low spatial resolution band, nc to specify the number of
classes in which the high spatial resolution image has been classified and k to represent the
size of a square neighbourhood in the low resolution image. The unmixing-based data fusion
approach can be written in a compact matrix-vector notation as follows:
i ,k
k , nc i ,k ,nc
i
L =P
⋅S
+ Ε i = 1, 2, K , N

(1)
where: Li,k is a k2 column vector containing all the values in band-i of the low resolution pixels
inside the neighbourhood k. Pk,nc is a (k2 x nc) matrix containing the proportions of each of the
high resolution classes inside each of the low resolution pixels of k. Si,k,nc is the unknown nccolumn vector of the “endmembers” (band-i) for all the classes present in k. Ei is the vector of
residual errors and N the number of bands of the low resolution image.
The formulation of the unmixing-based data fusion approach indirectly implies the optimalisation of 2 parameters: the number of classes, nc, in which the high spatial resolution image
needs to be classified and the size of the neighbourhood, k, for which Equation (1) will be
applied.
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Case study
The TM image was classified into 10, 20, 40, 60 and 80 classes using an unsupervised
ISODATA classification rule. After this, the matrices of proportions (Pk,nc) and the vectors of
MERIS radiances (Li,k) were generated by applying a sliding window of k × k MERIS FR pixels to all the TM classified images and to each band of the MERIS image. In this study, 14
neighbourhood sizes were tested: from k=5 to k=53 in steps of 4.
On the one hand, the neighbourhood size should be kept as small as possible so that the
fused image is spectrally dynamic, but on the other hand, it should be as large as possible
because it determines the number of equations available to solve the spatial unmixing model.
Thus, if the number of classes in a given neighbourhood is larger than the number of available equations, Equation (1) is undetermined. However, the larger the size of the neighbourhood the less variability we will have in the fused image because each neighbourhood results
in a unique set of “endmembers”. For instance, if we use the whole image as a neighbourhood, then we will only have one set of “endmembers” and this implies that a given class x
will have the same spectral signature in all the pixels of the fused image.
A constrained least-squares method was subsequently used to retrieve the per band vector of
the “endmembers” present in the neighbourhood under study (Si,nc) because the solution
should fulfil two conditions: 1) all the radiance values have to be positive, and 2) the radiance
values have to be equal or smaller than the (per band) radiance saturation value of the
MERIS sensor.
The “endmembers”, Si,nc, were finally assigned to the corresponding classes (locations) of the
central pixel of the neighbourhood k. Iterating this operation, first for all the low resolution pixels and then for all low resolution bands, results in the fused image (spatial resolution of TM
and spectral resolution of MERIS).
DATA FUSION QUALITY
In order to optimise nc and k, as well as to validate the proposed data fusion method, a quantitative quality assessment of the fused images was performed. The quality assessment was
first done at the spatial resolution of MERIS (300 m) and then at the spatial resolution of the
TM image (25 m). For the analysis at 300 m, the spectral ERGAS (v) was computed as follows:

ERGAS = 100

h
l

1
N

∑ (RMSE
N

i =1

2
i

/ M i2

)

(2)
Where: h is the resolution of the high spatial resolution image (TM), l is the resolution of the
low spatial resolution image (MERIS FR), N is the number of spectral bands involved in the
fusion, RMSEi is the root mean square error computed between the degraded fused image
and the original MERIS image (for the band-i), and Mi is the mean value of the band-i of the
reference image (MERIS FR).
The so-called spatial ERGAS was used to evaluate the quality of the original fused images.
The spatial ERGAS index is computed with an expression very similar to Equation (2), except
that in this case the RMSEi is computed between the TM image and its spectrally corresponding band of the fused image and that in this case the reference image is the high resolution
image and, therefore, Mi refers to the mean of the TM bands.
CLASSIFICATION
All the fused images were classified using a supervised maximum likelihood classification
rule. Similar to other studies, the MERIS bands 1, 2, 11 and 15 were excluded from the fused
images before their classification.
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The latest version of the Dutch land use database, LGN5, was used to support the selection
of the training samples and to validate the classification results. This dataset, based on a
multi-temporal classification of high resolution satellite data and the integration of ancillary
data, has a spatial resolution of 25 m and a detailed legend consisting of 39 classes. In order
to simplify the classification process and to reduce spectral confusion, the LGN5 was thematically aggregated into the 8 main land cover classes of The Netherlands: grassland, arable land, deciduous forest, coniferous forest, water, built-up, natural vegetation and bare soil
(including sand dunes).
Two additional experiments were designed to further assess the potential of the fused images
for land cover classification: first, the bands 5 and 7 of the TM sensor were omitted from the
classification because MERIS does not collect information in the SWIR region; secondly, a
(cubic convolution) resampled MERIS image (300 to 25 m) was also classified.
The overall classification accuracy, computed from the confusion matrix, and the kappa coefficient were used to compare the classification results.
RESULTS & DISCUSSION
Figure 1 (upper row) illustrates the spectral and the spatial ERGAS index values for all fused
images that were generated for the different combinations of nc and k. All fused images
yielded spectral ERGAS values well below 3, which is the empirical upper limit for a good
data fusion. However, some of the spatial ERGAS values were above such a limit. This might
be either because the solution of the unmixing was not stable (the smaller the k the less
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Figure 1: Results of the quality assessment. Upper row represents the spectral and spatial
ERGAS; lower row represents relationship between quality indicators and classification accuracy.
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equations are available to solve the system of equations) or because the upper limit of 3 is
simply not applicable in this case; the limit was defined for the spectral ERGAS which compares 2 images with the same spectral configuration whereas the spatial ERGAS compares
images having the same spatial resolution.
Two other things can be noticed from Figure 1:
1) The spectral and the spatial ERGAS indices are inversely correlated. This means that
there is a trade-off between the spatial and the spectral reconstruction of the fused images
and that we cannot find an optimum combination that minimises both ERGAS values. Considering that we are interested in downscaling MERIS to produce land cover maps at 25 m,
we should select the fused image that first minimises the spatial ERGAS and then the spectral ERGAS.
2) The spectral and the spatial ERGAS indices present a saturation/limit value; this means
that increasing nc or k beyond the values that were tested in this study will not improve the
quality of the fused images.
The combination nc=60 and k=45 yielded the best classification accuracy, while both the spatial ERGAS and the spectral ERGAS were low. Figure 2 shows a false colour composite of a
subset of this fused image together with the TM and MERIS FR images.

a)

b)

c)

Figure 2: False colour composite of a subset of the fused (a), Landsat TM (b) and MERIS
images over the study area
Table 1 summarises the classification results of the fused images, the TM images (all bands
and 4 bands) and the MERIS cubic convolution resampled image (300 to 25 m). The classification accuracies are good, especially considering that the study area is very heterogeneous.
Table 1: Classification results

Best fused image (nc=60; k=45)
Landsat TM 6 bands
Landsat TM bands 1 till 4
MERIS 25m cubic convolution

O.A [%]
61.59
63.32
57.98
40.57

K
0.519
0.550
0.484
0.295

O.A. is the overall classification accuracy; K is the kappa coefficient
The overall classification accuracies and the kappa coefficients of the TM image were better
than for the fused images. However, the classification results of our second experiment,
where the mid-infrared bands of TM were omitted, are worse than the ones obtained for the
best fused image (Table 1). This indicates that the mid-infrared bands, which are missing in
MERIS, might play an important role in the final classification accuracy. Nevertheless, the
temporal resolution of MERIS could help to overcome this issue.
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The best fused image performed much better than the cubic convolution resampling of the
original MERIS image. This shows that the selected data fusion approach is very useful to
downscale MERIS imagery. Figure 3 shows the best classification results obtained with the
fused images and with the Landsat TM (all bands) together with the LGN5 reference map.

a)

b)

c)

Figure 3: Classification results for the fused image (a), the TM image (b) and the LGN5 (c).

CONCLUSIONS
In this paper we have used the linear mixing model to fuse a Landsat TM and a MERIS FR
level 1b image. The unique feature of the illustrated unmixing-based data fusion technique is
that the fused image obtains the spatial resolution of the high resolution image without using
the spectral information of this high resolution image in the fused image. This kind of fusion is
particularly interesting to produce land cover maps over heterogeneous and cloudy areas,
because the fused image has the spatial resolution of TM and the spectral resolution of
MERIS.
The unmixing-based data fusion approach presented here requires the optimisation of two
parameters: the number of classes used to classify the TM image, nc, and the size of the
MERIS neighbourhood, k, used to solve the unmixing. Several combinations of nc and k have
been tested in this study. The parameters of the unmixing-based data fusion approach were
optimised using the values of the spectral and the spatial ERGAS indices and those of the
overall classification accuracy. The combination of 60 classes and a window size of 45 pixels
gave the best classification accuracy and minimised the spatial ERGAS, while the spectral
ERGAS still was low.
The best fused image was subsequently used to produce a land cover map of the 8 main land
cover types of the Netherlands. Classification results for the TM image and the best fused
image were very similar (overall accuracies of 61.59% and 63.32%, respectively). However,
the fused images outperformed the classification accuracies of a spectrally similar TM image
(i.e. an image without the SWIR bands). This indicates that the fine spectral resolution of
MERIS is adequate for land cover mapping, but that also the SWIR region plays an important
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role on the final classification accuracy. A way of further improving land cover classification
accuracies is by making use of the changing phenology of some of the classes during the
year. This requires a multitemporal classification approach. The method illustrated in this paper is particularly suitable for fusing multitemporal MERIS images with one TM image from
another date, since the spectral information of the TM image is not included in the fused image in any way. This will be the next step in this research line.
Additional work should also be devoted to improve the co-registration of high and low spatial
resolution imagery and to explore the use of MERIS FR time series.
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ABSTRACT
The availability of up-to-date and reliable land cover/use maps is of great importance for
many earth science applications. Aim of this study was to systematically analyse the effect of
spatial resolution of C-band SAR data on segmentation quality and land cover classification
accuracy as well as to find robust SAR parameters for the detection of broad land cover
classes (water, forest, urban areas and open land) at different scales. The investigation will
contribute towards the assessment of the potential of the future Sentinel-1 mission for land
applications. The test site is located in northern Thuringia, Germany, including mainly forested regions like the eastern part of the lower mountain range Harz as well as intensively
used agricultural areas. From April to December 2005 SAR data were acquired continuously
over the test site building up a comprehensive database. The degradation of spatial resolution from 30m to 60, 90, 120 and 150m respectively, was performed by common spatial domain techniques. A hierarchical, object-based classification scheme was applied to all simulated low resolution data. In this context, the suitability of SAR data for image segmentation
purposes was demonstrated. By the degradation of spatial resolution a slight decline in segmentation quality was assessed. Further on, the investigations showed that texture measures
extracted from the neighbouring grey-level dependence matrix are a valuable tool for urban
area mapping at different scales. This approach is applicable for both ASAR APP and WSM
data. An improvement of land cover products could be achieved by the combination of multiresolution ASAR APP and WSM data.
INTRODUCTION
Earth observation represents a unique cost-efficient method for large-area land cover mapping providing spatially consistent and multitemporal information. The availability of reliable
and up-to-date land cover information is required for a multitude of applications ranging from
regional to global scales such as land cover change studies, ecological monitoring, map updating, management and planning activities or the implementation and control of national and
international treaties (i, ii).
Objective of ESA’s Sentinel-1 mission is to ensure the continuation of operational applications
exploiting C-band SAR data within the framework of the GMES programme. The Sentinel-1
radar satellite is scheduled to be launched in 2011. The mission currently is designed to operate in four different imaging modes providing C-band SAR data with a spatial resolution
ranging from 5x5 to 25x100 meters. Data acquisition will be performed in selectable dual polarization – HH/HV or VV/VH (iii). Aim of this study was to systematically analyse the effect of
spatial resolution on the generation of broad land cover maps as well as to demonstrate the
power of multi-resolution C-band SAR data for such applications.
METHODS
The study area is located in the northern part of Thuringia, Germany (Figure 1). It includes the
eastern part of the lower mountain range Harz characterized by rough topography. The region
is dominated by vast forests and small villages often surrounded by grasslands. Further on,
the study area comprises intensively used agricultural areas like the “Goldene Aue” east of
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Nordhausen in the south of the test site. From April to December 2005 SAR data were acquired continuously over the test site building up a comprehensive time series (Figure 2).
HH/HV-polarized ASAR APP data and ERS-2 data were recorded nearly simultaneously providing C-band data at all polarizatons.

Figure 1: Landsat TM 5 image of the test site from April 21, 2005 (channel 5-4-3)

Figure 2: EO-data base 2005
Land cover maps were generated applying an object-based, hierarchical decision tree classification scheme (Fig. 3). Before segmentation and classification, all SAR data were preprocessed including calibration and orthorectification. As parts of the test site are characterized by significant topography, the normalization procedure proposed by Stussi et al., 1995
(iv) was applied. Image objects were delineated using the multiresolution segmentation approach (v) implemented in the eCognition software.

Figure 3: Decision tree
Aim of this study is to analyse the impact of scale on the generation of land cover products.
Common approaches for the degradation of spatial resolution of EO-data include filtering in
spatial and frequency domain (vi,vii,viii). In the framework of this study a convolution filter with
equal weights was used for the simulation of SAR images with 60, 90, 120 and 150 meter
resolution, respectively. Regarding SAR data the impact of speckle on image degradation has
to be considered. In order to minimize these effects the multitemporal speckle filter developed
by S. Quegan was used. For a filter window size of 5x5 pixels an increase in the equivalent
number of looks of homogeneous areas from 2.5 to 17.5 looks was achieved. This is a usual
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measure for the speckle noise level in SAR images as well as for the performance of the
speckle filtering process (ix).
The impact of scale on image segmentation will be evaluated on base of visual inspections,
quantitative analyses (x) and by a comparison of the achieved classification accuracies. For
the quantitative analyses 20 clearly definable reference areas of varying size, form and contrast to the surrounding land cover types were selected (five per class). Each was compared
geometrically to the segmentation results and the morphological features area, perimeter and
shape index were calculated for both, the reference areas and the segmented objects. All
segments were considered which overlap with the reference object to at least 50%. A good
segmentation result is reached when for all of the mentioned indicators the overall difference
between delineated image objects and reference areas is as low as possible.
Thematic map accuracy was assessed by calculating the confusion matrix and the kappa
coefficient on base of randomly distributed reference points (100 for each class). As reference information high resolution optical data (Quickbird and Hymap) and orthophotos were
used.
RESULTS & DISCUSSION
Segmentation
Image segmentation was performed on base of the degraded and the unfiltered and filtered
SAR data, respectively. The results of the quantitative segmentation quality evaluation are
listed in Table 1. As mentioned earlier, a good segmentation results is indicated by a low
overall difference between segmentation result and reference areas for all morphological features. Generally the results indicated, that sufficient segmentation results could be achieved
using SAR data only. Most critical is the accurate delineation of small forests surrounded by
agriculturally used areas as well as the detection of villages inside the forest. The segmentation quality could be improved by the application of a multitemporal speckle filter. By the degradation of spatial resolution a slight decline in segmentation quality was found. Additionally,
the number of objects which were not recognized increases. Not surprisingly, the exact border between different land cover types was reproduced more accurately using the high resolution data. However, the quantitative quality measures indicate that relative good classification results also could be achieved on base of the segmentation results for the degraded
data. This hypothesis is supported by the visual inspection of the segmentation results and
the achieved classification accuracies on base of the undegraded data (Table 2). The overall
classification accuracy slightly decreases with reduced resolution. Especially for water bodies
a significant decline in the producer accuracy was found. Correspondingly, the user accuracy
of open land declines as most water areas were assigned to the open land class. For the
other land cover categories, i.e. for forested and urban areas, no obvious dependence on the
spatial resolution was found.
Feature Extraction and Classification
Objective of this paper is to analyse the effect of spatial resolution on the generation of land
cover products. In this context the question will be addressed whether it is possible to apply
the proposed object-based classification scheme to SAR data with different spatial resolution.
The mean radar backscatter of the image segments is not altered significantly by the degradation process. Therefore, the thresholds of the decision tree based on the backscattering
coefficient could be transferred to the degraded SAR data. The differentiation of forested and
urban areas is performed on base of texture parameters. For the extraction of meaningful
texture measures the use of HH-polarized data is recommended. Suitable parameters are:
standard derivation, mean and entropy of the gray-level co-occurrence difference vector and
the neighbouring gray level dependency matrix (NGLD) (xi). By the degradation process the
textural information content of the SAR data is reduced. Nevertheless it will be analysed,
which texture measure works best for all investigated resolutions. Texture parameters were
extracted on base of the filtered and unfiltered datasets. The potential for the classification of
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urban areas was assessed by an analysis of ten reference areas including small villages and
low density residential areas such as districts with one-family houses and allotment gardens
as well as forested areas with rough topography. Former studies showed that the classification of these areas is most problematic. The change in texture measure with decreasing spatial resolution is shown in Figure 3. A high potential of the NGLD matrix approach as well as
of the standard derivation for the separation of forested and
Table 1: Evaluation of image segmentation quality at different degradation levels (speckle
filter window 5x5)
unfiltered
17.2
21.3

30
13.6
17.7

60
17.1
19.0

90
12.4
18.5

120
15.7
20.3

150
19.8
21.8

21.6

17.1

17.0

16.9

20.2

16.5

1

1

2

4

4

4

Overlap [%]

79.9

84.2

77.6

78.5

77.4

74.6

Overestimation of object size [%]

14.0

16.9

18.4

18.1

18.6

17.8

Average difference of area [%]
Average difference of perimeter [%]
Average difference of shape index [%]
Number of objects not detected

Table 2: Classification accuracies achieved for the different segmentation results (UA – user
accuracy, PA – producer accuracy, OA – overall accuracy)

water
forest
urban
open l.
OA
kappa

30
PA
80.9
98.8
67.4
93.1
87.7
83.0

UA
100
80.6
100
87.0

60
PA
71.7
97.6
71.4
90.3
86.9
81.9

UA
100
80.4
94.6
86.7

90
PA
66.0
98.9
67.4
91.7
84.5
78.5

UA
100
83.0
97.1
76.7

120
PA
61.7
98.8
67.4
93.1
84.1
78.0

UA
100
82.2
97.1
77.0

150
PA
63.8
97.6
75.5
90.3
84.9
79.1

UA
100
81.2
97.4
79.3

urban areas is indicated. Meaningful texture features could be extracted from filtered and unfiltered SAR data, whereas for the parameters derived on base of the co-occurrence grey
level difference vector the use of the unfiltered data is recommended. For all texture measures except the NGLD matrix approach a decline with decreasing spatial resolution was observed. For the NGLD matrix approach the application of a constant threshold regardless
image resolution seems possible. To test this hypothesis the degraded SAR images were
classified using different texture measures for the differentiation of forested and residential
areas and keeping all thresholds unchanged. The results demonstrated the potential of the
NGLD matrix approach to classify urban areas at different scales. Contrary to the other texture measures, classification accuracy for residential areas remains nearly unchanged with
decreasing spatial resolution (Figure 4). Furthermore, the classification result for urban areas
was better than those achieved for the other texture measures using adapted threshold values.
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(a)

(b)

(c)

Figure 3: Potential of different texture measures to differentiate forest (green) and urban areas (red) at different scale: (a) NGLD matrix, (b) mean of GLDV, (c) standard derivation

Figure 4: Classification accuracy for urban areas at different scales using the standard derivation and NGLD matrix with constant thresholds (PA – producer accuracy, UA – user accuracy)
Further investigations demonstrated that the NGLD matrix approach is also a suitable tool to
extract meaningful texture measures from ASAR WSM images with 150 meter spatial resolution. By the combination of ASAR WSM and APP data an improvement of the land cover
maps could be achieved. Especially for forests and urban areas the classification accuracy
enhances.
Minimum Object Size
Another question arising in the context of scale analyses is whether a minimum object size
could be specified beyond which image objects could be detected with high accuracy. To
analyse this several reference areas were selected on base of the LINFOS data (land information system of Thuringia based on the interpretation of aerial photographs) and Google
Earth. For water bodies a relationship between image resolution and minimum object size
was obtained. In this context not only the absolute size of an image object is of importance,
but also its form expressed by the area-to-perimeter ratio. In 30m-resolution data nearly all
water bodies characterized by an area-to-perimeter-ratio of at least 40 were detected. The
smallest lake classified correctly was 1.7 ha in size. For SAR data with 150m resolution an
area-to perimeter ratio of at least 60 is recommended.
For the urban area class no minimum object size could be specified on base of this analysis,
as the separability to other classes mainly depends on the characteristics of the village or
city. For example, image objects with low building density such as one-family house districts
and allotment gardens were often misclassified as forest. Contrary, the detection of small
industrial areas (<< 0.5 ha) was possible.
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CONCLUSIONS
The potential of multiresolution C-band SAR data for the mapping of broad land cover classes
was demonstrated. The proposed object-based, hierarchical classification scheme is applicable for data with different spatial resolution. A significant impact of spatial resolution on classification accuracy was found for water bodies only. For the mapping of urban areas using radar data the potential of the NGLD-matrix was demonstrated. The derived texture parameter
shows relatively stable classification results during the entire year and at different scales. The
application to ASAR wideswath data is possible.
The transferability of the proposed methodology to other regions in Germany/Europe and
strategies for an automated threshold adjustment will be investigated in near future. A further
focus of future activities will be on the fusion of multiresolution optical and SAR data. Beyond
this, the generation of more detailed land cover maps is planned, especially for urban and
agriculturally used areas.
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ABSTRACT
In the presented study the performance of support vector machines (SVM) for classifying segmented multi-temporal SAR data is investigated. Results show that multi-temporal SAR data
from an area dominated by agriculture can be successfully classified using SVM. Classification accuracy (78.2%) and degree of differentiation between land cover types is similar or
better than results achieved with a decision tree classifier. A positive influence of image segmentation on classification results can be reported which varies with object size. A comparison of classification results derived on different aggregation levels shows, that a medium
segment size should be preferred. It is better to work with segments that are smaller than the
natural features of interest and segments that are greater than natural features should be
avoided.
INTRODUCTION
Land cover classifications are one of the widest used applications in the field of remote sensing. Supervised classification techniques are often used in this context. Besides the chosen
classification algorithm, the set of training samples as well as the input images or input features are dominating factors for the accuracy and performance of a supervised classifier (i,ii).
The availability of both ground truth data and remote sensing imagery are often limited and
can not be influenced by the user. In addition neither the training samples nor the selected
features can be assumed to be ideal for a representative training. Against this background,
the choice of an adequate classification approach is an important step in data analysis.
Regions with agricultural land use are investigated in many remote sensing based land cover
studies. Mono-temporal approaches can be inefficient due to great temporal variability of individual plots. In several studies the classification accuracy is increased by multi-temporal data
sets (iii,iv). Thus multi-temporal applications seem more appropriate for land cover classifications. However, the availability of optical data is often limited by solar illumination and cloud
cover. This is a drawback, particularly for operational monitoring systems. Hence SAR data,
which are independent from these factors, are better suited for multi-temporal applications. In
regard to upcoming missions with high revisit times and better spatial resolutions like TerraSAR-X, multi-temporal approaches become even more interesting. Considering such future
datasets with high spatial and temporal resolution adequate classifiers are needed.
Statistical methods like the maximum likelihood classification are widely known. They can
achieve good results, if an adequate data distribution model is known (v). In the context of
many remote sensing applications a Gaussian distribution of the data is assumed; admittedly
such an assumption is not necessarily met and the approach might in many cases be inefficient. Hence non-parametric approaches, like self-learning decision trees (DT) or support
vector machines (SVM) have been introduced (ii,vi,vii,viii). The concept of SVMs is well
known in pattern recognition and has lead to good results in several remote sensing studies
for the classification of optical data (vii,viii). In contrast to other non-parametric methods only
a few studies are known that use the approach for classifying SAR data (ix,x). In several stud-
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ies segment based classifications outperform per-pixel approaches (xi,xii). This seems particularly interesting in regard to the SAR typical noise. In addition, image segmentation can
reduce the physical size of the data set and hence processing times (xiv) – a relevant issue in
regard to high resolution time series. In the presented study the applicability of SVM for the
classification of multi-temporal SAR data is investigated. Different levels of image segmentation are generated and classified without using any segment specific features like segment
size, shape etc., to investigate the impact of generalization as conducted during the segmentation process on the SVM performance and classification accuracy. The results of the SVMs
are compared to classification results achieved by self-learning decision trees.
DATA SET AND PREPROCESSING
The nearly flat study site is located near Bonn, in the German state North Rhine-Westphalia.
The area is dominated by agriculture and characterized by typical spatial patterns and temporal variation caused by differences in the crop phenology. The field plot size varies between
approximately 3 and 5 ha, with cereals and sugar beets being the main crops. A dataset of 14
images from 9 acquisition dates, containing 5 Envisat ASAR alternating polarization and 4
ERS-2 precision images was used (Table 1). Thus, the data set comprised information from
varying phenological stages and different polarizations. In addition, a Landsat 5 TM image
was available, which was used for the image segmentation. A map from a detailed field survey was used for generating the training and validation sample sets.
An orthorectification of the Landsat image was performed, using a digital elevation model.
The SAR imagery was calibrated to backscatter intensity following a common procedure.
Subsequently all data sets were co-registered and an enhanced Frost filter was applied to
reduce the speckle. Finally the SAR images were orthorectified using a digital elevation
model, orbit parameters and the corrected Landsat image as reference data set.
Table 1: Multi-temporal SAR Data set
Sensor
ASAR
ERS-2
ERS-2
ERS-2
ASAR
ASAR
ERS-2
ASAR
ASAR

Date
12-Apr-05
21-Apr-05
26-May-05
30-Jun-05
13-Jul-05
22-Jul-05
4-Aug-05
14-Aug-05
18-Sep-05

Track / Swath
6208
337
337
337
3029
7158
337
2487
2487

Polarization
HH / HV
VV
VV
VV
HH / HV
HH / HV
VV
HH / HV
HH / HV

Orbit
asc
des
des
des
asc
asc
des
asc
asc

Although several segmentation methods have been developed for SAR data, segmentation is
still difficult due to the speckle. Outlines derived from optical data seem more appropriate
(xv). Hence a segmentation of the Landsat image was performed. Afterwards the segment
outlines were transferred onto the SAR data set. Several techniques for image segmentation
of optical data sets exist (xvi,xvii,xviii). Region-growing methods assume that pixels of the
same natural feature have a certain spectral homogeneity. In this study the commonly available region-growing approach by Baatz and Schäpe (xvii) was used.
In the initial phase of the process, pixels are handled as individual segments, which are iteratively merged into larger segments. Candidate pairs of adjacent segments are found by local
mutual best fitting. The difference between the heterogeneity of a possible new segment
compared to that of its two constituent segments is used as a stopping criterion for the region-growing. If it exceeds a user defined value, the growing process stops. In the presented
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study only the spectral information was used to estimate the segments’ heterogeneity. In doing so the segments were not constrained to any pre-defined shape. To investigate the impact of the segmentation on classification accuracy three different image segmentations were
generated. By computing each of the three aggregation levels (scale 1-3) separately, all segmentations were independent from the prior result. The average segment size of scale 1 was
10 pixels (~0.9 ha), of scale 2 25(~2.2 ha) and 65 of scale 3 (~5.8 ha).

Figure 1: Landsat 5 TM (4,3,2) and multi-temporal SAR images with segment outlines from
TM data. Average segment size 10 pixels, 25 pixels and 65 pixels (from left to right).
METHODS
SVM delineate two classes by fitting an optimal separating hyperplane to the multidimensional feature space. This optimization bases on structural risk minimization and tries to
maximize the margin between the hyperplane and the closest training data points, the socalled support vectors. Thus, SVM only consider training samples close to the class boundary
and might work well with small sample sets (xix). For linearly not separable classes the input
data are mapped into a high dimensional space wherein the newly spread data point distribution enables the fitting of a linear hyperplane. A detailed description on the general concept of
SVM is given in Vapnik (xx) and Burges (xxi). Comprehensive introductions in a remote sensing context are given by Huang et al. (vii) or Foody & Mathur (viii).
The binary nature of the SVM requires a useful strategy to solve a multi-class problem (viii).
Two main approaches exist: the one-against-one strategy (OAO) and the one-against-all
strategy (OAA). OAO applies a set of individual classifiers to all possible pairs of classes and
performs a majority vote to assign the winning class. In the case of OAA, a set of binary classifiers is trained to separate each class from the rest. The maximum decision value determines the final class label. In this work, the OAO strategy was performed. A Gauss kernel
was used for the training of the SVM. The training parameters were set following the leaveone-out cross validation approach Looms by Lee & Lin (xxii).
For the generation of training and validation data sets an extensive ground truth campaign
was conducted in summer 2005. A training data set can be generated in different ways: e.g.
simple random sampling, systematic sampling or stratified random sampling. Using the first
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method, each sample has an equal chance to be selected, the systematic approach selects
samples with an equal interval over the study area. Stratified random sampling combines a
priori knowledge about a study area – like land cover information – with the simple random
sampling approach (xxiii). Using land cover classes as a priori knowledge, the stratified random sampling guarantees, that all classes are included in the sample set. In the presented
study two sample sets for 6 classes are generated with an equalized random sampling (cereals, forest, grassland, orchard and root crops). In doing so each class has the same sample
size, containing 50 or 100 samples per class, respectively. Using the same methodology as
before, an independent validation set was generated, containing 1560 samples, 260 of each
class. Using this independent sample set, the total accuracy and the kappa coefficient are
calculated for the accuracy assessment.
The results of the SVM approach are compared to the outputs of a self-learning decision tree.
The handling of DTs is relatively simple and they are not constrained to assumptions like
normal distribution of input data. Unlike SVM the training time is relatively low and no complex
parameter fitting is necessary. In the presented study the decision tree algorithm see5 (xxiv)
is used. This approach was used successfully in several studies for classifying optical and
SAR data (ii,vi,xxv).
RESULTS & DISCUSSION
The accuracy assessment shows the positive effect of image segmentation on the classification accuracy of the SAR data (Table 2). Using an adequate aggregation scale the classification accuracy is increased. With the smaller sample set, for example the accuracy of 50% on
pixel level is increased up to 76% at scale 1. A further improvement up to 78% is achieved by
scale 2. Indeed the scale of aggregation is crucial and a coarse segmentation is leading to
reduced classification accuracy. Using scale 3 the classification accuracy drops below the
accuracy achieved by the smallest aggregation size. A larger sample set can slightly improve
the classification accuracy.
The accuracy assessment shows that in case of segmented data support vector machines
lead to better results than simple decision trees (Table 2). The best accuracy of a decision
tree is 75.5%, the corresponding SVM achieves an accuracy of 78.2% (training set 100 –
scale 2). But the decision tree outperforms the support vector machines on pixel data. Maybe
the decision tree can handle the noisy data more effective than the SVM approach does. The
impact of image segmentation on the accuracy achieved by the decision tree is comparable
to the findings for SVM.
Table 2: Total accuracy and kappa of the support vector machine and decision tree classification or pixel image and segmented data
Averaged
segment size
Pixel
~10 pixels
~25 pixels
~65 pixels

SVM
training set 50 training set 100
50.3 / 0.40
54.6 / 0.45
75.9 / 0.71
76.9 / 0.72
77.8 / 0.73
78.2 / 0.74
71.7 / 0.66
73.5 / 0.68

training set 50
55.0 / 0.46
72.1 / 0.67
70.8 / 0.65
70.8 / 0.65

DT
training set 100
59.7 / 0.52
71.7 / 0.66
75.5 / 0.71
67.9 / 0.62

The visual inspection of classification outputs is in accordance with the statistical evaluation.
The quality of the derived maps is significantly increased by the segmentation of the data
(Figure 2). This can be explained by the removal of data inherent noise and outliers. Within
the classified pixel image only large regions can be clearly distinguished. The differentiation
between smaller natural structures like field plots seems difficult. Comparing the maps from
different aggregation levels, the one with the largest segments is easiest to perceive and appears most homogeneous. However the statistical evaluation showed that scale 3 was worse
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than scale 2 and scale 1. A comparison to the reference map shows that a possible false assignment of an individual segment leads to the misclassification of a large area. This typical
drawback of segment-based analysis is particularly obvious for scale 3, where several segments include more than one filed plot.

Figure 2: Land cover map, multi-temporal SAR data, pixel-based SVM classification (upper
row) and classification results based on three different scales.
SUMMARY & CONCLUSIONS
SVM have been successfully used for the classification of segmented multi-temporal SAR
data. Results are slightly better than those from a DT. A significant positive influence of image
segmentation on the overall accuracy could be observed for all classification levels. In regard
to the decreasing accuracy when segments become too large, the use of segments that are
slightly smaller than natural objects seems appropriate, instead of trying to match original
outlines. In the presented study a mean segment size of 25 pixels is appropriated.
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ABSTRACT
An integrated system was developed for the automatic extraction of sub-boundaries within
agricultural fields from remote sensing images. The permanent field boundaries are known
and stored in a database. The detection of within-field sub-boundaries is carried out on fieldby-field basis. The image is filtered using the Canny edge detection filter. The detected edges
are then vectorized to generate the straight line segments. To reduce the number of line
segments, a line simplification algorithm is carried out. Next, the line segments are associated with the existing field boundaries through perceptual grouping and the within-field subpolygons are generated based on an iterative decision mechanism. To implement the approach, a software was developed using ANSI C++. The approach was tested in a selected
study area of the Karacabey plain in Turkey. The main crops grown in the region include tomato, corn, pepper, wheat, rice, onion, watermelon, cauliflower, pea, and sugar beet. The
data used include SPOT4 and SPOT5 HRV images, and the existing field boundaries. For
both images, the first component of the Principle Component Analysis (PCA), and the intensity image of the first three bands were analyzed. For the SPOT4 images, the undersegmented fields were found to be slightly more than the SPOT5 images. Of the four segmentation results, the SPOT5–PCA image provided the highest accuracy of 83.8%. However,
the accuracy of the SPOT5–Intensity image (82.6%) was not significantly different than the
SPOT5–PCA image. On the other hand, the accuracies of the SPOT4–PCA and SPOT4Intensity images were computed to be 78.8% and 76.2%, respectively.
INTRODUCTION
Per-pixel classification techniques often yield results with limited reliability. The reliability of
image classification can be improved by including apriori knowledge about the contextual
relationships of the pixels in the classification process. Agricultural field boundaries integrated
with remotely sensed data divide the image into homogeneous units of pixels. For each field,
the geometry of the boundaries defines the spatial relations between the pixels contained
within and enables those pixels to be processed in coherence. Final decision on class assignment of the pixels contained within each field is made based on their coherent processing. This is unlike per-pixel classification where the decision for each pixel is reached independently. Therefore, the conventional per-pixel image classification can be replaced by a
classification which operates on field-by-field basis.
In agricultural areas, the permanent boundaries are defined by the roads, trees, canals,
ditches etc. and are expected not to change frequently. Therefore, the permanent field
boundaries can be used as apriori information to perform image classification in field specific
manner. One major problem associated with the field-based classification techniques is that
the within field multiple crops. If a field contains multiple crops, the entire field can be classified incorrectly. As the number of fields, which contain multiple crops, increase in a study
area the accuracy that can be achieved through field-based classification may decrease. In
order to avoid the problems caused by the misclassifications, it becomes therefore, necessary
to delineate the within field sub-boundaries.
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In this study, we present an integrated system, which was developed to perform within field
segmentation for extracting the sub-boundaries within the permanent agricultural fields from
remote sensing images. The segmentation procedure is carried out using an edge based
methodology within the permanent boundaries of the existing fields, which are available and
stored in a database. The sub-fields that enclose the homogeneous cover types are detected
using the perceptual grouping rules. First, the within field edges are detected using the Canny
edge detection filter. Then, the detected edges are vectorized to generate the straight line
segments. Next, the line segments are reduced by means of applying a line simplification
algorithm. Finally, the line segments are associated with the permanent field boundaries using a rule based perceptual grouping procedure.
METHODOLOGY
The main steps of the proposed sub-field extraction method include (i) within field edge detection, (ii) vectorization and line simplification, and (iii) perceptual grouping of the line segments.
Edge Detection
The agricultural fields to be analyzed are selected one by one through a database query. For
each field, the coordinates of the vertices are stored as a formatted text file. The vector field
boundaries and the raster image are integrated by geometric registration. Therefore, for each
field, the raster image falling within the field being considered can be selected and processed
individually. The small and thin fields, in which no sub-fields are expected, are excluded from
further processing. Simply, if the shape factor and the area of a field fall below the predefined
thresholds then, the field is not included in the segmentation process. Figure 1 illustrates the
image patches of two fields to be further processed for detecting the within field subboundaries.

Figure 1: For two parcels, the image patches to be further processed.
Next, the edges are detected using the Canny edge detector, which provides a connected
single line of pixels. The Canny operator requires three parameters; (i) the width of the Gaussian mask, (ii) the upper threshold, and (iii) the lower threshold. In the present case, the lower
threshold is selected to be very low and the upper threshold is selected to be rather high because if a narrower threshold range is chosen, the smooth transitions between different crop
types may not be detected. On the other hand, it is more logical to remove the noise caused
by the over segmentation. Therefore, we recommend that the image used should be oversegmented. In the present case, the threshold values are adaptively determined based on the
field sizes.
After conducting the edge detection procedure, a binary image is obtained, in which the white
pixels represent the edges and the black pixels represent the others. For each field, the processing operations are carried out using the corresponding image patch only. Therefore, the
edge pixels that correspond to the perimeter of the field are masked out and excluded from
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further processing because these pixels are also detected as the edge pixels. For field #2140,
the image patch, the edge image, and the edge image after the boundary masking procedure
applied are illustrated in figures 2a, b, and c, respectively.

(a)

(b)

(c)

(d)

Figure 2: For field #2140, (a) the image patch, (b) the edge image, (c) the boundary masked
edge image, and (d) the vectorized and simplified data.
Vectorization and Line Simplification
There are several known methods and algorithms to perform a vectorization process (i). In
the present case, the vectorization of the edge image was carried out using the Suzuki algorithm (ii). First, the thinning of the binary edge image is carried out. Then, a chain graph is
constructed using the connected eight edge pixels. All the possible lines that may exist within
the edge image are extracted by constructing the graphs. Finally, the detected edges are
converted into the line segments using the vectorization process and, for each line segment,
the coordinates of the end points are determined. After detecting the line segments, a line
simplification procedure is carried out. To do that the well known Douglas–Peucker algorithm
(iii) is used. Once the line simplification procedure is completed, the remaining lines to be
further processed are grouped according to the connectivity and intersection relations between each other. For field #2140, the vectorized and simplified data is illustrated in figure 2d.
Perceptual Grouping of the Line Segments
The vectorized and simplified line segments still do not represent the closed regions. Therefore, the unconnected line segments are further processed to detect the within field subboundaries. In order to do that the vertices of the line segments are associated with the existing field boundaries and with the other line segments using a rule-based perceptual grouping
procedure, which is specifically designed for this study. The procedure consists mainly of two
steps that are (i) removing the noisy line segments and (ii) modifying the vertices of the remaining line segments. The logic of the perceptual grouping is illustrated in figure 3 using a
sample field, which contains the line segments to be detected for generating within field subpolygons. The main input set to be processed consists of the contour lines. A contour line
contains a group of connected line segments. The input main set (MS) for the sample field
given in figure 3 is expressed as;
MS = { Contour-A, Contour-B, Contour-C, Contour-D, Contour-E, Contour-F, Contour-G },
For example: Contour-E = ([E1-E2], [E3-E4]), Contour-A is the existing field boundary.
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Figure 3. A sample field that contains the detected line segments to be processed.
The line segment pairs within a contour set and between the contour sets are analyzed and
the end points of the line segments are modified (extended and shortened) in order to remove
the noisy lines and to construct within field sub-polygons. In addition, the distance, slope, and
the intersection between the line segments are also checked. Some of the parameters used
to perform the analyses between the line segment pairs are given in figure 4.

Figure 4: Some of the analysis parameters used to construct within field sub-polygons.
The analysis parameters are used through a sequential rule-based process. The rules are
summarized as follows:
Rule 1: In each contour set, remove the overlapping and the intersecting line segments.
Rule 2: In the main set, remove those line segments that are close to each other.
Rule 3: Extend the line segment so that it intersects with the existing field boundary.
Rule 4: Extend the line segments to see if they intersect with each other.
Rule 5: Remove those line segments that are not extended and shorter than the
threshold.
Rule 6: Shift the vertices so that they intersect with the closest line segment
Rule 7: Remove the dangling line segments.
Rule 8: Remove the overlapping line segments and resolve deviations
For the other rules, the detailed definitions and the algorithmic expressions can be found in
(iv). In figure 5, the sequence of the perceptual grouping rules as applied to field #5210 is
illustrated.
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The smoothed
line segments

Rules 1 & 2
applied

Rules 3, 4 & 5
applied

Rules 6 & 7
applied (Output)

Figure 5. The sequence of the perceptual grouping rules as applied to field #5210.

Constructing the Sub-Polygons
For each line segment, after detecting the coordinates of the vertices and finding the connectivity relations between the line segments, the connected line segments are grouped together
such that each group defines a disjoint sub-polygon. This is carried out through a chain tree
of the line segments, which is constructed using the connectivity relations of the segments
and finding the cyclic paths from a point back to itself in the tree. A cyclic path from a point to
itself represents a closed polygon. In the tree structure, each node is a vertex of a line segment and this node has child nodes, which can be directly reached from that vertex. For each
vertex, finding all the possible cyclic paths means that constructing all the possible polygons
contained by the vertex.
After constructing the sub-polygons, it is likely that a number of polygons will have a small
size, which is caused by the noisy lines generated through edge detection. Therefore, the
small polygons falling below the predefined threshold are merged with the adjacent larger
polygons. This is because it is unlikely that the small polygons represent distinct segments of
crop types. The merging process is the last step of the proposed segmentation approach and
the final output is obtained after this step. In figure 6, the merging of the small fields to the
adjacent larger fields is illustrated for fields #2290 and #4402.
Image Patch

Segmented
image

Final output

2290

4402

Figure 6: The merging of the small fields to the adjacent larger fields for fields #2290 and
#4402.
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THE IMPLEMENTATION
Software
To implement the proposed field-based segmentation and sub-polygon extraction procedure,
Field-Based Image Segmentation Software (FBISS) was developed using Visual C++ 6.0 and
Open Computer Vision (OpenCV, Version 4 Beta) Library. The software includes a number of
analysis functions, which provide the capability of performing the whole segmentation process. The following operations can be performed using the developed software:
Open/Save/Save As/Print Images (several formats), Zoom In/Out, Fit to Window, Full Screen
Display, Load Vector File (Formatted Text File), Determine Application and Segmentation
Parameters, Perform Segmentation, Display the Results and Intermediate Outputs, Compare
Between Truth Segments and Results, Generate Reports of Results (Formatted Text File),
and Merge Segments or Fields.
Study Area and Data
The selected agricultural area is located in the Karacabey plain in northwest of Turkey. The
area measures 4600×7200 m and contains 514 fields of various sizes. The area is level plain
and largely fertile agricultural with a number of crops under cultivation and several pasture
fields for feeding the animals. The crops grown in the region include tomato, corn, pepper,
wheat, rice, onion, watermelon, cauliflower, pea, and sugar beet. In the region, a land consolidation project was conducted between 1988 and 1992. Therefore, majority of the fields
are rectangular shaped, which affects the field-based segmentation procedures. However,
despite the land consolidation project conducted in the region a significant number of small
sized fields also exist in the area.
The remote sensing data used include the 20m-resolution SPOT4 XS image and the 10mresolution SPOT5 XS image. The existing vector field boundaries were also available. The
sub-boundaries within those fields planted with multiple crops were delineated manually by on
screen digitization for a previous study conducted in the department (v). Therefore, this updated field boundary data set was used as the reference to assess the accuracy of the proposed field-based segmentation procedure. Before starting the segmentation procedure, the
small and thin fields were excluded from further processing. We found that of the total 514
fields, 222 were small and/or thin and therefore they were not included in the further processing procedures.
To perform the segmentation procedure, the four spectral bands (Green/Red/NIR/SWIR) of
the SPOT4 and SPOT5 images were combined using two different methods and, for both
image data sets, two separate single band images were generated. These are; (1) the 1st
Component of the Principle Component Analysis bands, (SPOT4-PCA and SPOT5-PCA),
and (2) the intensity image - (Green+Red+NIR)/3, (SPOT4-I and SPOT5-I)
Accuracy Assessment
The accuracy assessment was performed by overlaying the field geometries obtained through
the segmentation process (the result segments) with the geometries of the manually digitized
field geometries (the truth segments). The match between the two objects Mij can be expressed as a geometrical mean of the two conditional probabilities of Mi and Mj (vi).
Mij = ( Mi • Mj )
Mi = Area (i ∩ j ) Area (i )
Mj = Area (i ∩ j ) Area ( j )

Mij gets a value between 0 and 1. The value of 0 means that there is no matching between
the two data sets at all, while the value of 1 indicates a complete matching. For each perma-
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nent field, a mean percentage (MP) was calculated by selecting the overlapping pairs between the manually extracted sub-fields (truth segments) and the result segments. Therefore,
for each permanent field, the mean of the computed MP values was accepted as the assessed overall accuracy, which was named as Verification Parameter1 – (VP1).
Several other parameters were also considered for assessing the results of the segmentation.
First, a success criterion was determined by defining a threshold value of 75% for the matching percentage (vi). Those truth segments with a matching percentage higher than the
threshold with the result segments were accepted to be successfully detected. The outputs
for the other truth segments were considered to be unsuccessful. Another verification parameter used was the ratio of the successfully detected truth segments to all truth segments.
This was named as Verification Parameter2 - (VP2).
In addition, the matching percentage averages were calculated for the successfully detected
segments (VP3) and for the unsuccessfully detected segments (VP4). Finally, a quantitative
analysis was performed between the result segments and the truth segments by means of
measuring the over- and under-segmentations.
Results & Discussion
The proposed sub-field detection procedure was carried out using each of the four single
band images. For a part of the study area, the result (output) segments and the SPOT4-PCA
band with the segments superimposed are illustrated in figures 7a and b, respectively.

(a)

(b)

Figure 7. For a part of the study area, (a) the result segments and (b) the SPOT4-PCA image
with the result segments superimposed.
The quantitative results are summarized in table 1, which contains the number of oversegmented (OS), under-segmented (US), and equally segmented (ES) fields for the processed 292 fields. For the equally segmented fields, the geometric errors (GE) are also provided in Table 1. The results indicate that neither a significant under-segmentation nor a significant over-segmentation is seen in the outputs. In the segmentation of the SPOT4 images,
the under-segmented fields were found to be slightly more than those obtained for the segmentation of the SPOT5 images.
Table 1. The Quantitative Results.
SPOT5-PCA
SPOT5-Intensity
SPOT4-PCA
SPOT4-Intensity

US
52
62
81
95

OS
60
53
46
43

ES
180
177
165
154

GE (%)
3.5
2.8
2.6
2.0
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The results of the analyses, which were carried out based on geometrical relations between
the detected and the truth segments, are given in table 2, where the overall accuracy (VP1
=83.8 %) is the highest for the SPOT5-PCA image. The values for VP2, which is another accuracy measure, seem to be lower than the overall accuracies. However this parameter must
be considered together with VP3 and VP4. The matching percentage averages for the successfully detected truth segments (VP3) are generally very high. This means that the successfully segmented fields have the geometric accuracy of about 95%. Also the unsuccessfully segmented fields have the geometric accuracy of about 50% (VP4), which means that
these fields are not completely unsuccessful.
Table 2. The results based on geometrical analyses between the result and the truth segments.

SPOT5-PCA
SPOT5-Intensity
SPOT4-PCA
SPOT4-Intensity

VP1 (%)
83.8
82.6
78.8
76.2

VP2 (%)
70.6
67.5
61.5
57.6

VP3 (%)
94.6
94.6
94.2
93.9

VP4 (%)
54.8
54.1
52.1
49.3

As can be seen, better performance was achieved for the segmentation of the SPOT 5 images although they have higher spatial resolution than the SPOT 4 images. When the performance of the intensity and the PCA images were compared, it was found that the PCA
images provided slightly better results than the intensity images. It appears that the PCA images contain higher contrast and sharper transitions between the crop fields. Therefore,
these might be the reasons for achieving better results from the PCA images.
CONCLUSIONS
The performance of the proposed field-based segmentation technique strongly depends on
the performance of the edge detection. Better results can be obtained if the edge detector
successfully detects the edges. On the other hand, unsatisfactory results can be obtained if
the output of the edge detector contains a large amount of noisy edges or does not contain
the proper edges, which might form the missing boundaries.
For both the SPOT4 and SPOT 5 images, the accuracy was computed to be 80% ± 5%. The
over-segmentation was largely caused by the erroneously detected edges and also the modifications (Rule 4) applied on them. On the other hand, the under-segmentation was largely
caused by the missing lines that are difficult to be detected by the Canny edge detector, the
erroneously deleted line segments through perceptual grouping, and the erroneously merged
sub-fields. In addition, the transformation of the multi-spectral satellite images into a single
band image might have also caused the loss of information.
The accuracy of the proposed field-based segmentation technique can be improved. An edge
detection technique to be applied on multi-band images can be developed. In addition, the
rules of the perceptual grouping can be improved. The authors believe that the proposed
field-based segmentation is a starting point for the development of a high performance fieldbased image analysis operation that includes both the segmentation and the classification
procedures.
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ABSTRACT
Supervised classification techniques are routinely used to map land cover and land use from
multitemporal satellite imagery. However, systematic comparisons of the available classification rules are still rare. Our goal is therefore to compare different classifiers in terms of their
misclassification error rates. In a case study, we use crop cultivation data from the Havelland
area in Brandenburg, Germany for two years to assess the performance of classifiers. We
estimate misclassification error rates by cross-validation to compare the capability of several
classifiers to distinguish different crops. We study the support vector machine, tree-based
classifiers (bagging, double-bagging), linear and logistic methods (logistic discrimination, stabilized linear discriminant analysis: SLDA), and the k-nearest neighbors method (k-NN; k=1,
9, 25). Atmospherically corrected spectral data and the normalized differences vegetation
index (NDVI) are available as covariates for 5 (in the year 1996) and 4 (in 2000) different
dates. In our case study, the support vector machine was the overall best-performing classifier, achieving misclassification error rates of 18-20%. The other classifiers showed a more
heterogeneous performance, and error rates are mostly between 20 and 25%. SLDA and
bagging performed well especially in fieldwise classification, and 25-NN and logistic discrimination especially in pixel-level classification.
INTRODUCTION
The detection of land use and land cover patterns from satellite remote-sensing imagery is a
necessary first step in many ecological and socioeconomic studies. For this purpose, classification techniques are routinely used. Their performance and hence their evaluation is crucial
for any further analysis or modeling step to follow. Nevertheless, comparisons of different
classifiers have rarely been attempted (e.g. (i,ii,iii,iv)), and little attention has been paid to
recent developments in error rate research ((v,vi)); compare (ii,vii) for examples of the application of cross-validation).
Our goal is to compare modern statistical and machine-learning classifiers in terms of their
misclassification error rates estimated by cross-validation. Cross-validation is a resamplingbased, computationally intensive technique intended to produce “honest” error estimates by
subsequently partitioning a data set into independent learning and test samples. This approach must be applied very carefully in the context of spatial data (viii), since remotelysensed data pixels from the same field essentially contain the same information and must be
treated as pseudoreplications (ix), i.e. strongly dependent observations.
In a case study, we use multitemporal Landsat TM/ETM imagery from the Havelland area in
Brandenburg, Germany to assess the performance of several widely used classification techniques in a crop identification exercise (x,xi,xii,xiii).
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METHODS
In general terms, a classifier assigns an object to a class based on known covariables describing the object. The classifier is fitted to or trained on a given training data set. This data
set consists of objects (here: image pixels) with known class membership (here: crop type)
and a set of also known covariables representing spectral data (raw or combined e.g. to a
normalized differences vegetation index, NDVI). Given a set of new objects with known covariables, the classifier may be used to predict the (most likely) class membership.
A great variety of classification methods has been developed by researchers in the fields of
statistics and machine learning (vi). Common statistical approaches are logistic regression
and discriminant analysis, both of which are parametric approaches that are based on linear
combinations of the explanatory variables. Non-parametric techniques include classification
trees (xix) and the k-nearest neighbors (k-NN) method. More recent developments include the
support vector machine (SVM; (xiv,xvii)), artificial neural networks (ANN), and bootstrapaggregated classification trees (xx) and their derivatives (xv). We will compare the performance of several of these techniques, which will later be briefly introduced. All analyses are
performed within the statistical programming environment R (xvi).
Cross-validation estimators of the misclassification error rate
The misclassification error rate is a key measure of a classifier’s overall performance. It is
defined as the total proportion of objects in a data set that a classifier assigns to the wrong
class. Several types of misclassification error rate have to be distinguished (compare (vi)). An
error rate that is measured on the training data set itself is called the apparent misclassification error rate. This error rate will not reflect the performance of the classifier on an independent test data set. It will rather be too optimistic compared to the so-called conditional or true
error rate of the classifier achieved on a independent test data from the same distribution as
the training data set. The conditional error rate is the quantity of interest in the assessment of
classification rules.
The conditional error rate can be estimated in several ways. Often the data set with known
class membership is spatially divided into two data set, one of which is used as a training
data set and the other one as a test data set that is not used for training the classifier. The
error rate estimated on the test data will however be a biased estimate of the classifier’s
overall performance since test and training data sets will rarely correspond to the same probability distribution. Also, this approach implies that only a portion of the data set can be used
for training the classifier.
Cross-validation and the related bootstrap techniques address these problems (v,vi). They
are resampling-based techniques, which repeatedly generate training and test data sets from
the available set of objects with known class membership. k-fold cross-validation consists of
partitioning the set of observations into k equally-sized subsets; a classifier is trained on all
but one of these subsets and evaluated on the remaining one. To be independent of a particular partitioning, the whole procedure is repeated r times (r-repeated k-fold crossvalidation). Error rates are averaged over all test data sets. In the present work, we use 150repeated stratified 5-fold cross-validation; partitioning is done for each class (stratum) separately in order to avoid training or test data sets that do not contain at least one field per crop
type.
An important property of the objects in a test data set is to be independent of the objects in
the training data set. This poses a problem for the cross-validation of spatial classifiers (viii).
In the context of crop cultivation patterns, spectral information within a field varies very little,
which leads us to thinking of pixels within the same field as pseudoreplications of essentially
the same observation (ix). Data from different fields may be considered independent because
crop type and cultivation history are the main forces that determine spectral characteristics.
Therefore, cross-validation is performed on the field level, not on the pixel level, as the latter
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would result in a contamination of test data sets with pixels that are pseudoreplications of
training pixels.
Classifiers used
The support vector machine (SVM) is a relatively new tool that is based on nonlinear transformations of the covariables into a higher-dimensional feature space (xvii). In this space, an
optimal separating hyperplane is computed. In this work, C-classification is performed with
radial basis functions as kernels, and shrinking heuristics are applied. The SVM implementation of the R package “e1071” (xviii) is used with default parameter settings.
Classification trees recursively split the covariable space into subsets (xix). These subsets
are assigned to one of the land use classes. An object from the test set is dropped down the
tree in order to determine the subset it belongs to and to predict its class membership. Since
classification trees are instable with respect to slight modifications of the training data set,
bootstrap-aggregation techniques such as bagging have been proposed (xx). Bagging consists of training separate trees on random subsamples of the data set. The bootstrapaggregated prediction is obtained by majority voting among these trees. We use 25 bootstrap
replications.
Double-bagging (xv) is an extension of bagging that combines classification trees with an
auxiliary classifier, in this work stabilized linear discriminant analysis ((xxi), see below). The
auxiliary classifier is trained on the out-of-bag sample, i.e. the part of the training data set that
is not included in the bootstrap sample. The prediction function of this classifier (in the case of
discriminant analysis, the discriminant function) is used as an additional covariate in bootstrap-aggregated tree growth. This makes predictions smoother and more efficient than in
bagging, and uses the information contained in the out-of-bag sample. Bagging and doublebagging are implemented in the R package “ipred” (xxii).
Stabilized linear discriminant analysis (SLDA) is a classification technique that is designed for
high-dimensional data and correlated covariables. SLDA, as opposed to linear discriminant
analyis, reduces the dimensionality of the feature space spanned by the covariables in order
to numerically stabilize the classifiers (xxi). SLDA is implemented in the R package “ipred”
(xxii).
The k-nearest neighbors (k-NN) method is a simple non-parametric technique. It consists of
assigning an object to the class that is most frequent among the k training samples that are
most similar to the new object in terms of the values of their covariable. Proximity is defined
by a distance measure in the covariable space, in our work the Euclidian distance. The parameter k determines the degree of generalization achieved by the classifier, with small k
tending to produce an over-fit and very large k leading to an over-generalization. We use k=1
for the relatively small field-level data set, and k=9 and k=25 for the pixel-level data set. In the
latter case, a large value has to be chosen for k because the individual pixels belonging to the
same field are not independent observations. The k-NN method is implemented in the “class”
package of R (xxiii).
Logistic regression is a widely-used generalized linear model type for binomial responses. A
multinomial extension of logistic discrimination is implemented in the R package “nnet” (xxiii).
Pixel-based and fieldwise classification and estimation
The classification of satellite data will usually be based on pixel-level data. We will refer to
this approach as pixel-level classification, and to error rates measured by a pixelwise comparison of predicted and observed crop type as pixel-level error rate.
In some cases, field boundaries may be known a priori. In this case, satellite data can be aggregated on the field level to obtain independent observational units, which may reduce the
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risk of overfitting classifiers. Error rates of field-level classification are then measured on the
field level, i.e. by fieldwise comparison of predicted and observed crop type. Note that fieldlevel and pixel-level error rates are not directly comparable because of field size distributions
differing between crop types. However, it is possible to obtain field-level predictions from
pixel-level classification by majority-voting among crop type predictions for all pixels within the
same field. We report the field-level error rates estimated for these predictions, bearing in
mind that the pixel-level classifiers are not optimally trained for these predictions.
Case study
In a case study, we use two samples of crop cultivation data from the Havelland area in
Brandenburg, Germany for two years 1996 and 2000 to assess the performance of classifiers. The data forms part of a more comprehensive data set compiled to construct temporal
spectral profiles of the NDVI for different crop type as a prerequisite for model-based unsupervised crop detection using so-called spectral standard curves (xi,xii,xiii).
As covariables for crop detection, we use atmospherically corrected spectral data and the
NDVI of several Landsat TM/ETM images distributed over the vegetation period. Satellite
images of the study area are available for five dates between February and October 1996
(2000: four dates between February and August). We exclude non-cultivated land in the study
area based on the digital biotope maps of Brandenburg (cf. (xi)).
In field-level classification, the within-field median, lower and upper quartiles summarize each
of these covariables, and only the summarized data is used to train the classifiers.
The data for 1996 (resp. 2000) represent 7 (9) crop types on 136 (136) fields of 22496
(23814) pixels. Crops for which less than five fields were available in the training data set are
excluded.
RESULTS
Classifiers trained on the field-level data
The field-level misclassification error rates estimated by cross-validation for the classifiers
trained on the field-level data set reveal great differences in the performance of the classifiers
(Table 1). Stabilized linear discriminant analysis and the support vector machine produced
the lowest misclassification error rates as an average of the years 1996 and 2000, achieving
averaged error rates of 20.0% and 20.1%, respectively. Bagging and double-bagging performed well (20.7-21.0% on average), and 1-nearest neighbor classification achieved very
good results in 1996, but poorer results in 2000. Logistic discrimination showed a poor performance (average error rate: 32.5%).
Table 1: Cross-validated misclassification error rates (in %) of classifiers trained on the fieldlevel data. The error rates reported refer to fields as samples and are percentages of the total
number of fields. 150-repeated stratified 5-fold cross-validation was performed on the fieldlevel.
Fieldlevel

SVM

SLDA

Logistic

Bagging

1996
2000
Average

19.8
20.3
20.1

21.6
18.3
20.0

39.5
25.5
32.5

20.8
20.6
20.7

DoubleBagging
21.4
20.6
21.0

1-NN
19.9
23.8
21.9

Classifiers trained on the pixel-level data
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The pixel-level misclassification error rates of the pixel-level classifiers are shown in Table 2.
The lowest average error rate of 19.0% was achieved by the support vector machine, which
also performed best in both 1996 and 2000. 25-NN classification was ranked second in both
years and on average. 25-NN classification yielded an average 21.4% error rate, which
means that on average 12.6% more pixels were wrongly classified by 25-NN compared to the
SVM.
Since the pixel-level classifiers are designed to minimize pixel-level error rates, field-level
error rates of these classifiers are reported in Table 3 only for comparison with Table 1; they
may not be used for an inter-comparison of the classifiers. Field-level classification was
achieved by majority-voting among all pixels of each field. As an average of 1996 and 2000,
the support vector machine wrongly classified 17.2% of the fields. Misclassification error rates
obtained after fieldwise aggregation are in most cases clearly lower than the values achieved
by the classifiers trained directly on the field-level data (Table 1).
Table 2: Cross-validated pixel-level misclassification error rates (in %) of classifiers trained on
the pixel-level data. The error rates reported are percentages of the total number of pixels.
150-repeated stratified 5-fold cross-validation was performed on the field level to achieve independent resampling units.
Pixellevel
1996
2000
Average

SVM
19.2
18.8
19.0

SLDA
24.1
26.2
25.2

Logistic
20.9
23.7
22.3

Bagging Double- 9-NN
Bagging
27.4
22.0
23.1
27.1
25.3
22.7
27.3
23.7
22.9

25-NN
21.1
21.6
21.4

Table 3: Cross-validated field-level misclassification error rates (in %) of classifiers trained on
the pixel-level data (reported for comparison with Table 1 only). The error rates reported are
percentages of the total number of fields and were obtained after a majority decision over all
pixels of each field. 150-repeated stratified 5-fold cross-validation was performed on the field
level.
Fieldlevel
1996
2000
Average

SVM
19.4
15.0
17.2

SLDA
22.3
20.3
21.3

Logistic
18.3
15.5
16.9

Bagging Double- 9-NN
Bagging
22.6
18.3
19.1
23.0
22.0
17.1
22.8
20.2
18.1

25-NN
17.5
17.4
17.5

DISCUSSION
The overall “winner” of the present comparison of classifiers for crop identification is the support vector machine. Nevertheless, other classifiers such as the simple k-nearest neighbor
method and the stabilized linear discriminant analysis certainly deserve further attention.
The relatively poor performance of bagging and double-bagging on the pixel-level data compared to the field-level data might be due to the strong dependence between training pixels
from the same field. The internal bootstrap-mechanism of bagging and double-bagging does
not take into account this dependence structure and therefore cannot avoid an over-fitting to
the data.
Similarly, we attribute the better performance of the 25-NN classifier compared to the 9-NN
classifier to the stronger generalization achieved by the former. The optimal k for k-NN classification can also be determined by cross-validation along the lines of the present work. We
avoided using a nested cross-validation in this work because of the relatively small size of the
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data set. Instead, we tried to represent the possibilities of k-NN classification by chosing reasonable values of k=9 and k=25 a priori.
Pixel-level classification and posterior aggregation to the field level appears to yield better
field classification results than direct field-level classification. This may be due to the relatively
small number of 136 fields compared to a high number of crop classes (7 respectively 9).
It has to be pointed out that the performance of the different classifiers in terms of both their
error rate and their ranking certainly also depends on the number of independent samples in
the training data set. Especially the most flexible classifiers such as tree-based methods can
be expected benefit from a training data set consisting of a larger number of fields.
In addition to sample size effects (compare (xxiv)), the effect of the number and timing of satellite images on the performance of classifiers needs further investigation. This will be the
subject of future studies.
CONCLUSIONS
The support vector machine, in spite of being a relatively new set of tools, has once more
shown to be a reliable technique for land cover classification (compare (iii,vii)). Using the
SVM reduced the number of misclassified samples by one fourth compared to the average of
the other pixel-level classifiers and by almost one sixth in the case of field-level classification.
This demonstrates the great potential of selecting the classifier that best solves typical classification problems.
Earlier works comparing different classification techniques in the context of land cover mapping (e.g. (i,ii,iii,iv,vii)) either used fixed test data sets or non-spatial cross-validation techniques on the pixel level for estimating misclassification error rates. While the latter approach
may lead to a severe underestimation of the misclassification error achieved on spatially independent data sets and therefore favor highly flexible classifiers (viii), the use of spatially
separated test areas introduces a so-called population drift, i.e. differing distributional characteristics of the data in the test and training area. We therefore argue that a spatial crossvalidation or, in the context of land use identification, a cross-validation on the field level is
most appropriate to account for dependencies induced by the spatial character of remote
sensing and land cover data and to avoid biased accuracy estimates.
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SATELLITE –BASED ESTIMATION OF FIRE-INDUCED VARIABILITY IN
VEGETATION COVER
Rosa Lasaponara, Luciano Telesca
Consiglio Nazionale delle Ricerche -Istituto di Metodologie per l’Analisi Ambientale (CNRIMAA) Tito zona Industriale (PZ), Italy. e-mail- lasaponara@imaa.cnr.it
ABSTRACT
Time series of satellite SPOT-VEGETATION Nomalized Difference Vegetation Index (NDVI)
data from 1998 to 2003 were analyzed in order to evaluate the effect of fires on the time dynamics of vegetation covers for some test sites located in Italy. We used the detrended fluctuation analysis (DFA), which allows the detection of persistent properties in fluctuations of
nonstationary signals. We analyzed two types of covers, fire-unaffected and fire-affected, for
some test sites located in Italy.
Results from our investigation showed that the scaling exponents for fire-affected pixels
range around the mean value of ∼1.14, while those for fire-unaffected pixels vary around the
mean value of ∼0.77. The fire-affected and two fire-unaffected are significantly discriminated
from each other (with t-Student test, p<0.001). This indicates that the persistence of vegetation dynamics is significantly increased by the occurrence of fires. Our results reveal that fires
contribute in increasing the persistence of time dynamics of vegetation. This finding suggests
a new approach in investigating vegetation time dynamics.
INTRODUCTION
The detrended fluctuation analysis (DFA), is a well-known methodology, which allows to detect long-range power-law correlations in signals possibly characterized by nonstationarity,
which features most of the observational and experimental signals (1). This nonstationarity
has to be well discriminated, since it can mask the true correlations in the signal fluctuations
(2). The DFA method has been applied to investigate long-range power-law correlations in
DNA sequences (3), economics (4), climate variability (5), river flow and discharge (6), heartbeat time dynamics (7), earthquakes (8), and fires (9). In this study we applied the DFA to a
temporal series of satellite Normalized Difference Vegetation Index (NDVI) for both fire affected and fire un-affected sites in order to evaluate the behavioral trends induced by fire occurrence.
METHOD
Persistent signal fluctuations correspond to a 1/fα-power spectrum, where f is the frequency
and the scaling exponent α>0. By estimating the scaling exponent we are able to obtain
quantitative information on the strength of persistent correlations of the signal and to gain
insight into the kind of mechanisms that may be responsible of its generation. The strength of
these correlations provides useful information about the inherent memory of the system . The
detrended fluctuation analysis (DFA) (10) avoids spurious detection of correlations that are
artefacts of trends and nonstationarity, that often affects experimental data. Such trends have
to be well distinguished from the intrinsic fluctuations of the system in order to find the correct
scaling behavior of the fluctuations. Very often we do not know the causes and the scales of
these underlying trends. The DFA method works as follows. In order to analyze the NDVI time
series, we briefly present the DFA, which is constituted by the following steps:
1) Consider the decadal NDVI signal x(i), where i=1,…,N, and N is the total number of decades. We integrate the signal x(i) and obtain:
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y (k ) = ∑i =1 x(i)− < x >,
k

(1)

where <x> is the mean value of x.
2) The integrated signal y(k) is divided into boxes of equal length n.
3) For each n-size box, we fit y(k), using a linear function, which represents the trend in that
box. The y coordinate of the fitting line in each box is indicated by yn(k).
4) The integrated signal y(k) is detrended by subtracting the local trend yn(k) in each box of
length n.
5) For given n-size box, the root-mean-square fluctuation, F(n), for this integrated and detrended signal is given by

F ( n) =

1
N

N

∑ [ y (k ) − y (k )]
k =1

2

n

(2)

6) The above procedure is repeated for all the available scales (n-size box) to furnish a relationship between F(n) and the box size n, which for long-range power-law correlated signals
is a power-law
F(n)∼nα.

(3)

The scaling exponent α quantifies the strength of the long-range power-law correlations of the
signal: if α=0.5, the signal is uncorrelated; if α>0.5 the correlations of the signal are persistent, where persistence means that a large (small) value (compared to the average) is more
likely to be followed by a large (small) value; if α<0.5 the correlations of the signal are antipersistent, which indicates that a large (small) value (compared to the average) is more likely
to be followed by a small (large) value.
RESULTS & DISCUSSION
We investigated the temporal series from 1998 to 2003 of decadal NDVI satellite SPOT
VEGETATION data acquired for burned and unburned test sites. Both burned and unburned
sites were selected on the basis of detailed information extracted from the Forest Fire Archive provided by the Italian National Forestry Service (http://www.corpoforestale.it). In particular, the unburned test sites were selected because they were never involved in fire events
for the whole considered time window. Whereas, the burned test sites were selected because
involved in large fires. For each site, we analyzed the 1998-2003 pixel time series of NDVI
data derived from the sensor VEGETATION on board the SPOT satellite platforms. Each
pixel has a spatial resolution of 1 km2. Such data are available free of charge at the Vlaamse
Instelling voor Technologisch Onderzock (VITO) Image Processing centre (Mol, Belgium)
http://www.vgt.vito.be. In particular, we analysed the ten-day (decadal) maximum value composition (MVC) of daily NDVI maps. The data were subjected to atmospheric corrections performed by CNES on the basis of the Simplified Method for Atmospheric Corrections (SMAC).
The considered NDVI composition also allows for reducing the contamination effects due to
residual clouds and atmospheric perturbations that are generally present in daily NDVI
maps. Moreover, for each considered pixel we carefully checked the absence of residual errors due to cloud edges and shadows, image navigation inaccuracy and changing of viewing-
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illumination conditions by using a visual inspection and additional information obtained from
the four single SPOT-VGT channels and viewing geometry available on-line from VITO website.
Fig. 1 shows, as an example, the time variation of one pixel of two burned (Lioni and Pazzano) and two unburned (Maglianovetere and Monterotondo) sites. The four sites are covered by natural vegetation, that is mainly shrub-land for Pazzano and Monterotondo and forest for Lioni and Magliano vetere.
In order to eliminate the phenological fluctuations, for each decadal composition of each
pixel, we focused on the departure NDVId = (NDVI - <NDVI>)/σ from the decadal mean
<NDVI>, normalized by the decadal standard deviation σ. The decadal mean <NDVI> and
standard deviation σ are calculated for each decade, e.g. 1st decade of January, by averaging over all years in the record. Fig. 2 shows the time variation of NDVId, corresponding to the
pixels of Fig. 1.
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Fig. 1. 1998-2003 NDVI data for one pixel of four test sites: a) Lioni (burned) and b) Pazzano
(burned), c) Maglianovetere (unburned) and d) Monterotondo (unburned).
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Fig. 2. 1998-2003 NDVId data for one pixel of four test sites: a) Lioni (burned) and b) Pazzano (burned), c) Maglianovetere (unburned) and d) Monterotondo (unburned).
Fig. 3 shows the results of the DFA performed on the time variation of NDVId of the pixels of
Fig. 2. All pixels show a value of the scaling exponents, estimated by the slope of the line that
fits in a least square sense the curves plotted in log-log scales, larger than 0.5. This value
indicates that the temporal fluctuations of both time series are persistent. Persistence means
that positive feedback mechanisms govern the dynamics of investigated ecosystems. The
feedback mechanisms denote the presence of a positive circular causality that indices an
unstable behavior in the vegetation dynamics.
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Fig. 3 DFA results for the time series of the NDVId time series plotted in Fig. 2
We performed the same analysis on all the pixels for each site (Tab. 1), and Fig. 4 shows the
results. The scaling exponents of the pixel time series for burned sites range around the
mean value of ∼1.15, while those for fire-unaffected sites vary around the mean value of
∼0.71. The two classes of vegetation (burned and unburned) are significantly discriminated
from each other (with t-Student test, p<0.0001).
Our results point out to the role played by fires in increasing the persistence of vegetation
dynamics. This seems to express the inherent character of the fire-related vegetation recovery processes, which indicate the existence of positive relation between the amounts of
burned and regenerated biomass. This result highlights that fires drive more unstable patterns in vegetation covers, and this indicates an efficient fire-induced vegetation recovery
processes.
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Fig. 4. α-exponents of the time series of pixel extracted from the burned and unburned sites.
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COMPARING DIFFERENT SPECTRAL MIXTURE ANALYSIS CONCEPTS TO
DERIVE LONG-TERM VEGETATION TRENDS
Knorn, J. & Hostert, P.
Geomatics Department, Humboldt-Universität zu Berlin, Unter den Linden 6, 10099 Berlin,
Germany; Tel. +493020936873; [jan.knorn; patrick.hostert]@geo.hu-berlin.de
The European Mediterranean has been under strong anthropogenic influence since historical
times. Dramatic land-use changes have been occurred especially during the last sixty years.
Typical Mediterranean climatic conditions, namely dry and hot summers and irregular intense
rainfalls, along with excessive land abandonment, gradual pollution, water shortage,
overgrazing, and extending agriculture, result in an ongoing degradation of land and
ecosystems. Hence, there is a strong need to monitor and understand these changes.
Satellite-based remote sensing products have proved to be a cost-effective approach to
analyse wide areas for current and retrospective studies. The development of vegetation
cover is thereby one of the primary indicators to identify land degradation trends and is used
in numerous applications. In this context, Spectral Mixture Analysis (SMA) has shown its
potential as a reliable method to derive vegetation abundances. Several authors emphasize
the advantages of SMA while coping with the challenges in deriving surface fractions in
heterogeneous Mediterranean landscapes.
The aim of the present study was to monitor degradation processes by analysing long-term
vegetation dynamics. Nine Landsat TM and ETM scenes comprising the time period between
1986 and 2000 were analysed. They cover the mountaineous centre of Crete, Greece, which
is considered to be representative for the heterogeneous character of Mediterranean type
ecosystems. Special emphasis was put on comparing different SMA strategies based on
reference endmembers selected during a field campaign in 2005: In a stratified approach,
the test area was divided on the basis of auxiliary data such as bedrock and vegetation type
into single, spectrally distinct sub-areas. For each stratum, an individual set of 4 appropriate
endmembers could subsequently be extracted. It was hypothesized that the surface is more
appropriately modelled and endmember fractions derived by SMA will be more accurate. In
an unstratified approach, a set of 4 endmembers was extracted and applied to the whole
scene.
The model performance and the results of the different unmixing strategies were compared
and analysed statistically (via RMSE) and empirically (via field based mapping). A new
method has been developed to retrieve appropriate sub-pixel estimates of vegetation from
field-based data. Accordingly, a set of 10 randomly distributed, orthogonal photographs per
reference polygon were first digitised, then classified into endmember classes and finally
transferred into comparable normalised fractions. Comparing both SMA strategies with a
focus on the vegetation fractions, each concept resulted in relatively stable and evenly
distributed values. It is assumed that due to the unique vegetation spectra, SMA determines
vegetation fractions equally robust against the background spectra. Therefore, a simple 4
endmember model seems to be sufficient to derive precise vegetation abundances.
Outcomes were processed in a trend analysis and assigned to a predefined degradation
scale. In consequence, a general degradation trend with specific regional and temporal
tendencies is recognized and quantified.
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ABSTRACT
Remote sensing data provide required inputs for environmental modelling at regional to global
scales and play an important role in monitoring agricultural land use with regard to EU agricultural subsidy and sustainable watershed management. To characterise the dynamics of agricultural parcels, it is important to have information about the crop type and the vegetation
cover (VC) during the year. In this study, the potential of multitemporal high resolution satellite-images (SPOT) for monitoring agricultural land use was evaluated. The study area is located in the Eifel region (49°8’N, 6°5’E), in the South-West of Germany. Data sets used in
this study cover the growing season between April and September 2003 and comprise five
satellite scenes from SPOT 4 and SPOT 5 systems. The data was geometrically and radiometrically corrected using standard procedures. To ensure which crop types can be separated with the available image data, a Spectral Mixture Analysis (SMA) was executed for
every SPOT image by using the image endmembers vegetation, soil, and shadow. With the
vegetation abundance image, vegetation cover time profiles identification of the crop types
rape, maize, winter and summer corn appeared feasible. For crop classification we applied
Isodata, Maximum Likelihood (ML) and the Spectral Angle Mapper (SAM) and compared their
classification accuracy. The study shows that with the used multitemporal high resolution satellite-images (SPOT) different crop types can be identify. Based on these results, crop and
vegetation cover maps for different crop types in the study area were produced for the year
2003.
INTRODUCTION
For environmental modelling and to support the EU subsidy policy timely and accurate information on agriculture land cover/use are required (i, ii). The vegetation on agricultural land
shows a high temporal dynamic. The condition of the crops changes throughout the growing
season because crops pass through a series of phenological stages in which the plant’s
physiology, reflected by its biochemistry and structural characteristics, constantly changes
(iii). For monitoring this dynamic remote sensing provides an alternative technique to expensive, time consuming ground surveys. Different image classification techniques for getting
information on the crop type exist. For the successful classification of crop types the use of
multitemporal data is recommended (iv). The imagery must be acquired during key stages of
crop growth development (v). The aim of the study was to evaluate the potential of multitemporal high resolution images for monitoring agricultural crops. For this aim we compared different classification methods and mono-/multitemporal datasets.
STUDY AREA AND DATA SETS
STUDY AREA
The study area (468 km²) is located in the region Eifel, SW Germany (49°8’N, 6°5’E). The
topography is characterised by highlands with an average elevation of about 300 metres. The
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mean annual temperature is about 7° to 9°C and the mean annual precipitation is about 800
mm. The main land use is agriculture and forestry. In the study area the typical crop types
are: wheat, maize, rape, barley, triticale and forage crops. The crops are cultivated in typical
crop rotation systems. The agricultural parcels are small (about 100x100m²) compared to
other agricultural areas in Europe.
DATA SETS
For this study five SPOT scenes with less than 5% cloud cover have been acquired during
the growing season between April and September 2003 (Table 1). The geometric resolution
of the SPOT 4 and SPOT 5 system is best suited to analyse the different land cover types of
the small agriculture parcels in the study area. SPOT 4 and SPOT 5 collect data in 4 spectral
band covering VIS and near-IR domains.
Table 1: Used Sat-Images
Sensor

Image Date

Θv sensor view angle

geometric resolution

SPOT 4

21-04-2003

19.5°

20m

SPOT 4

07-05-2003

9.0°

20m

SPOT 4

22-06-2003

28.9°

20m

SPOT 5

03-08-2003

16.4°

10m

SPOT 5

14-10-2003

3.2 °

10m

Ground truth data from 107 test fields were collected based on interviews with farmers. For
these parcels the information about the crops (maize, summer barley and winter barley,
summer wheat and winter wheat, rape and grassland) that were cultivated 2003 was available. This ground truth data was split into training fields and validation fields (Table 2).
Phenology data from 2003 was provided by the National Meteorological Service (DWD).
Other crop types cover only limited areas and were not considered for the classification.
Table 2: Ground truth, validation and training data
Training data

Validation data

Name

Pixel

number of fields

Name

Pixel

number of fields

summer corn

4753

8

summer corn

1164

25

winter corn

1683

4

winter corn

702

11

maize

3494

5

maize

836

15

rape

4108

5

rape

1397

15

grassland

2437

5

grassland

1413

14

TOTAL

16475

27

TOTAL

5512
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DATA PRE-PROCESSING
The SPOT data were georectified and atmospherically corrected. To make the various multi
temporal scenes spatially comparable, first step in data processing was the geometric correction of each image by using vector data and a 20 metre digital elevation model (DEM) from
Rhineland Palatinate’s mapping agency.
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For atmospheric correction first a Landsat 5 image (4th Aug. 2003) was radiometrically corrected by using a 5S-based parametric model (vi). After correction of this Landsat image the
SPOT data were radiometrically corrected using an empirical-line approach (Figure 1).

Figure 1: Radiometric and Geometric Correction
ASSESSING THE VEGETATION COVER DYNAMICS
Methods
To ensure if a separation of the crop types would be feasible with the available image data, a
profound analysis of the temporal crop growth dynamics was mandatory. To analyse this
growth dynamic the vegetation cover (VC) for each SPOT image was calculated.
The vegetation cover is defined as the vertical projected fraction of the green photosynthetic
active vegetation. We applied a Linear Spectral Mixture Analysis (SMA) for every image to
get the temporal profile of the vegetation cover during the growing season. These profiles
helped us interpreting the classification results and to find the best day and best input combination for crop type mapping in the study area.
LINEAR SPECTRAL MIXTURE ANALYSIS (SMA)
SMA assumes that the overall signal of a pixel is the sum of signals (endmembers) from different surfaces (vii, viii, ix, x). The SMA separates the spectral information of each pixel into
its constituent’s surface abundances (1).
m

ρ j = ∑ Fi * ρ i , j + E j
i =1

(1)
where: m
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= number of endmember

ρj

= reflection in channel j of an image pixel

F

= fraction of endmember i

ρi, j

= reflection in channel j of the endmember i

Ej

= error for channel j of the fit of m spectral endmembers
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The overall signal of agricultural fields can be fragmented into the endmembers green vegetation, soil, and shadow. The endmembers were selected from the SPOT images (Figure 2).
For the selection of the vegetation endmember first the NDVI for all scenes was calculated.
The spectral reflectance of the pixel with the highest NDVI value in all scenes was selected
as vegetation endmember. For the soil endmember the reflectance signal of a pixel without
vegetation was chosen. For the shadow endmember a reflectance signal with a reflectance of
0% in all spectral bands was generated.

Figure 2: Endmember: vegetation, soil and shadow
With the selected endmember a linear SMA was executed for every SPOT image (Figure 2).
The result of the analysis were four abundance images and the root mean square error image
(RMSE). From the resulting abundance images for vegetation (Aveg), soil (Asoil), shadow (Asha)
the vegetation cover (VC) was computed by eliminating the shadow fraction (2).

VC =

VAVeg
VAVeg + VAsoil
(2)

Results of the assessing vegetation cover dynamics
The results of the SMA are five maps with the corresponding vegetation cover.
With this VC patterns the temporal change of vegetation cover was calculated. With the test
sites typical VC patterns for different crops could be plotted (Figure 3).
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Figure 3: Typical vegetation cover periods for different crops
These profiles illustrate typical agricultural practise and plant growth such as crop planting,
growing, and harvesting. Maize and rape can be clearly differentiated. Summer barley and
summer wheat show similar VC patterns, also winter barley and winter wheat can not be
clearly differentiated. So for classification barley and wheat were combined. Winter corn and
rape cover the soil in April. The summer corn grows very fast after April and covers the soil
completely in June. Maize parcels are a long time without vegetation cover. Grassland cover
the soil over the whole year and never show a VC of 0 percent. Because of the chlorophyll
dynamic over the year grassland shows after the definition lower VC values in the summer
In Figure 4 the spatial reference of VC and a classification result for a watershed area are
mapped. The five VC maps represents the soil cover in percent for the study site. The vegetation cover increased from April to June. The highest cover can found in June. In July to August the harvest takes place, the vegetation cover decreased. Therefore in August and October many parcels have no vegetation cover.
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Figure 4: Comparison of vegetation cover in the watershed area Welschbilliger Bach for April,
May, June, August and October.
This profiles and maps shows that it is possible to classificate the different crop types maize,
rape, grassland, winter and summer corn in the study area with the available SPOT data.
Whereas wheat and barley can not differentiates with the available data. The five crop types
are represented by different VC profiles. In the next step different classification methods were
compared to find the best method for crop mapping.
IMAGE CLASSIFICATION
Methods
To get information about the crop inventory in the study area different classification methods
were applied and compared. Before starting the classification, a layerstack of all SPOT images was made. Every pixel comprised five reflectance signals of the different dates.
The classifications were done with only the training sites. To check the quality of the classification a confusion matrix using the validation sites were made.
For this study following unsupervised and supervised classification approaches were applied:
ISODATA Classification (Iterative Self Organizing Data Analysis Technique)
Maximum Likelihood Classification (ML)
Spectral Angle Mapper (SAM)
ISODATA CLASSIFICATION
The algorithm starts by building clusters in the multidimensional input data space. After the
clustering each pixel is grouped into a class based on the minimization of a distance function
between pixel and cluster center (iv). The multitemporal layerstack was classified into 100

85

Proceedings of the 2nd Workshop of the EARSeL SIG on Land Use and Land Cover

spectral classes. In a postclassification this spectral classes were associated into the classes
maize, summer- and winter corn, rape and grassland by using the training sites only.
MAXIMUM LIKELIHOOD CLASSIFICATION
For the ML classification, spectra from the 27 trainings sites were used for classification. ML
classification uses a statistical decision criterion. Pixels are assigned to the class they belong
to with the highest probability (iv). The result was a classification image with 27 classes. In
the postclassification these 27 classes were combined into the classes maize, summer- and
winter corn, rape and grassland.
SPECTRAL ANGLE MAPPER
The Spectral Angle Mapper is a technique to classify hyperspectral data by determining the
similarity between an endmember spectrum and a pixel spectrum in an n-dimensional space.
This technique can also be used for multitemporal data sets. Small angles represent close
matches to a reference spectrum. Since this method uses only the direction of a vector and
not its length, it is insensitive to illumination effects (xi). For the SAM classification a threshold
(0.3 radian) based on the spectral angle was set. Pixels with an angle larger than this value
were not classified. In this study 27 image-based endmember spectra of the training sites
were used as input for the classification. After the processing the 27 classes were combined
into the five crop classes.
Results of the classifications
The overall accuracies and kappa coefficients obtained from the three multitemporal classifications are compared in Table 3.
Table 3: Classification accuracy for ISODATA, ML and SAM classification using multitemporal data
classification

Overall accuracy [%]

kappa coefficient

ISODATA

95.8

0.95

ML

92.2

0.90

SAM-classification:

98.7

0.98

The SAM classification method shows the best overall accuracy (OAA) (98.7%), ISODATA
and ML classification lower OAA results. The reason of these good results is probably the use
of the multitemporal approach. The crop types can be differentiated because of their vegetation growth over the year. To scrutinise this results monotemporal classifications were accomplished. For this classifications only one SPOT scene was used (Table 4).
Table 4 Classification accuracy for monotemporal classifications
scene used for classification

Overall accuracy [%]

kappa coefficient

October

51.1

0.36

June

54.9

0.41

May

86.0

0.82

In Table 4 it can be seen that monotemporal classifications have lower accuracy than
multitemporal classifications. These results confirm that multitemporal data contain more information relevant to the mapping of agricultural crops than monotemporal data. So it is justi-
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fiable to use the multitemporal approach for crop classification in this study. In the confusion
matrix (Table 5) the accuracy of the different classes of the multitemporal SAM classification
are detailed listen.
Table 5 Confusion matrix, Producer´s- and Users´s Accuracy for the multitemporal SAM
classification
Producer´s
curacy

Reference pixels [%]
Class

maize

rape

grassland

summer

winter

corn

corn

maize

99.9

0

0

0

0

99.9

100

rape

0

99.8

0

0

0

99.8

98.8

grassland

0.1

0

97

1.1

1.3

97

99.1

summer corn

0

0.2

2.3

98.8

6.4

98.8

96.4

winter corn

0

0

0.7

0.1

92.4

92.4

98.7

TOTAL

100

100

100

100

100

Name

classification pixel

Ac- Users´s
Accuracy

Overall Accuracy

[%]

98.7

In the confusion matrix it can be seen that all analysed classes can clearly identified. All
classes demonstrated users´s accuracies larger than 96 percent. The values of mismatches
are never larger than 7 percent. The causes of this good classification results can clearly
named. All analysed crops have unique VA-time profiles. This fact can be seen in different
VA-time profiles in Figure 3.
CONCLUSIONS
It has been the goal of this work to classify different crop types for monitoring land use in
South-West Germany. For identification maize, summer corn, winter corn, rape and grassland
the SAM classificator shows the best results. It was not possible to differentiate wheat and
barley. The study shows that by using multitemporal SPOT data different crop types can be
classificated with a high accuracy. Lower accuracies were derived using monotemporal datasets. The obtain accuracy in mapping crop type appear to be sufficient to support monitoring
of EU-subsidy policy and sustainable watershed management. Other interesting use of these
results can be seen in xii.
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ABSTRACT
A semi-arid region in south-east Spain was investigated by means of spectral mixture analysis (SMA) of Landsat-5 TM data. Since many SMA applications focus on phenomena that are
represented by groups of adjacent pixels, e.g. the large scale mapping of vegetation abundance, it was decided to segment the image data prior to spectral unmixing. The influence of
image segmentation at various aggregation levels on the performance of the unmixing model
and on the results of the SMA was then analysed. Looking at the model performance, an improvement of the RMSE with increasing segment size could be observed and an optimal aggregation level could be identified (average segment size ~20 pixels) based on model statistics and visual inspection. Maps of vegetation abundance as derived by the SMA show the
typical effects of segment-based analysis: some detail is eliminated, results are more homogeneous and easier to perceive, and the quality of results depends to a high degree on the
quality of the segmentation. Differences between abundance values from SMA and the normalized difference vegetation index prove results from other studies in a way that the index
overestimates low vegetation abundances and saturates at values for densely vegetated areas. Results from an endmember mapping with a multiple endmember model are positively
influenced by segmentation and could be used to map dominant rock types.
INTRODUCTION
Many countries have experienced dramatic land-use changes over the second half of the past
century. Especially in semi-arid areas of the European Mediterranean these changes had a
severe environmental impact causing phenomena like wild fires, soil erosion or land degradation in general (i). As a consequence, a variety of prevention and restoration initiatives has
been taken, which utilise remote sensing data to perform retrospective studies and evaluate
management actions (ii). Vegetation abundance plays a crucial role in the context of most
land degradation problems and is an important input parameter for many environmental models (iii). Spectral mixture analysis (SMA) proved a useful method for quantifying vegetation in
several studies (e.g. iv). Especially for semi-arid regions SMA is recommended by several
authors (v,vi), due to the limitations of indices like the normalized difference vegetation index
(NDVI).
When SMA is used for a quantitative analysis, the features or phenomena of interest are often greater than the instantaneous field of view, i.e. several pixels make up the area wherein,
for example, the abundance of vegetation is investigated. In thematic maps or for areal model
inputs the information of adjacent pixels of the investigated features is often combined into
single values. In such cases, segmentation of the images before unmixing appears useful.
Many authors mention positive effects of image segmentation on results in subsequent classifications (vii). This is to a great extent caused by additional segment-specific features that
improve spectral inaccuracies during the segmentation process, but also by the effect of spatial generalisation of spectral information: unwanted outliers disappear, system inherent noise
is suppressed and results are easier to interpret. These latter effects are expected to apply to
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SMA as well, especially when abundance values are regarded at aggregation levels greater
than pixels. As a positive side effect, the areal spectral averaging decreases the influence of
unwanted features, which might not be de-scribed by the endmember model. The overall statistical stability of the model is thus increased.
METHODS
In the presented study a Landsat-5 TM image from 1995 was employed (Figure 1). It covers a
hilly area in south-eastern Spain, nearby the city of Valencia. The area was affected by sev-

eral wildfires during the past three decades, which destroyed the pine forests and shrubs on
the slopes and undulating plains. Hence, different stages of re-growth can be observed. The
data set was registered to official topographic maps by an affine transformation and a DEMbased correction for relief displacement (viii,ix). Sub-pixel accuracy could be achieved. Afterwards the image was corrected for atmospheric influences and transformed to reflectance
values according to (x) and (xi).
Figure 1: Landsat TM data from study region in south-east Spain after full preprocessing. Acquisition date 5/31/1995. (R-G-B: TM4-TM5-TM3)
Image segmentation
Prior to spectral unmixing, the image was segmented following the region-growing approach
by (xii). Using identical weights for form and colour the heterogeneity threshold was increased
in small steps, leading to segmented images of different aggregation levels, i.e. segments of
increasing average object sizes. Results from the image segmentation were reconstructed in
a generic image format to allow software independent image processing. Altogether 6 different segmented images with average segment sizes between 3 and 91 pixels were used for
the spectral mixture analysis and compared to the original pixel image.
Stratified spectral mixture analysis
The concept of Spectral Mixture Analysis has been used in the context of vegetation mapping
in semi-arid regions by several authors (iv,v,xiii). In this work spectral unmixing was performed using the Variable Multiple Endmember Spectral Mixture Analysis (VMESMA) software (xiv).The region was stratified into three different areas and an individual endmember
model was fit to each of the areas. The endmember (EM) spectra were taken from a library
with hyperspectral spectra from Mediterranean areas measured with an ASD Fieldspec Pro©
radiometer. For areas that have recently been affected by wildfires, a 4-EM-model was used

90

Center for Remote Sensing of Land Surfaces, Bonn, 28-30 September 2006

consisting of limestone, green vegetation, dead vegetation and shade (analysis not shown).
For valley regions with complex geology/pedology a multiple EM model was used. The model
consisted of soil, green vegetation, and shade, plus an alternative limestone or sandstone
spectrum. The decision on the final model used a comparison of the maximum residuals.
Based on this decision a map with the distribution of the rock types, i.e. EMs, was produced.
All other areas, wherein vegetation abundance was mapped, were analyzed with a simple 4EM-model with a limestone, soil, green vegetation and shade EM.
RESULTS & DISCUSSION
Spectral unmixing was performed on the original pixel image and on different segmented images. The decision on a best level of aggregation was based on visual inspection of object
outlines and on the statistical model performance measures. The visual inspection of the
segmented images recommended an average segment size of ~20 pixels for further analysis
(Figure 2). At this aggregation level, large homogeneous areas are merged into segments
while in most cases segments do not include spectrally different regions. This way, the positive effect of noise or outlier removal is utilized to a great extent, but spectral generalization
does not eliminate relevant detail.

Figure 2: Outlines (blue) from image segments at different aggregation levels. Average segment size 7.7 (left), 20.4 (middle), and 56 (right) pixels. Shown on Landsat TM data (R-G-B:
TM 4-5-3).
Spectral information is averaged during the segmentation process and possible spectral outliers are removed. The model error (RMSE) can be expected to decrease when outliers are
merged with other pixels, since the new values lie closer to the center of the EMs’ mixing
space. The decrease of the RMSE will diminish as soon as all extreme values have been
averaged and possible new merges within the segmentation process include segments that
are already well described by the EM-model. Against this background, it appears most useful
to select an aggregation level based on the decrease in RMSE (Table 1). The aggregation
level with an average segment size of 20.4 pixels was used for further analyses.
Vegetation abundance was mapped from images without and with prior segmentation. Results from segmented images show less detail but they appear more homogeneous and are
easier to perceive (Figure 3). For a detailed evaluation of the absolute abundance values a
reliable ground truth is required. Unfortunately, the available reference data did not satisfy the
required spatial quality. However, it could be seen that the spatial distribution and range of
vegetation abundance in the existing map accord to SMA results relatively well.

Table 1: RMSE at different aggregation levels and decrease of RMSE between subsequent
levels
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Average segment size [pixel]
1 (pixel level)
3.2
7.7
20.4
36.7
56.2
91.8

RMSE of SMA
1.1377
1.1370
1.1141
1.0889
1.0790
1.0735
1.0677

Decrease of RMSE
0.0008
0.0228
0.0253
0.0098
0.0056
0.0008

100%

0%
Figure 3: Two examples of vegetation mapping with SMA of pixel image (left) and segmented
image; average segment size 20.4 (middle). NDVI of pixel image is shown for comparison
(right).
Since no absolute evaluation was possible, only a relative evaluation was performed by comparing results to NDVI values. Many authors mention that NDVI estimates do not represent
true vegetation abundance: for sparsely vegetated areas values are too high, for densely
vegetated areas too low. NDVI values were compared to SMA results from areas of different
vegetation densities (Table 2). It could be shown, that the range of NDVI estimates is smaller
than that of SMA. SMA leads to more very high or low values.
Valley regions were spectrally unmixed using a multiple EM model. In this 4 EM model the
two rock spectra could be used alternatively. Assuming that either one of the models is appropriate for the unmixing of the entire area, the EM selection can be used to map the distribution of the two rock types. However, EM models are very sensitive to small variations and
the positive effect of image segmentation in terms of noise removal was expected to be very
significant. Results show that the EM mapping using the pixel image leads to very heterogeneous results, which do not match the rock type distribution of the geological map. The abundance of sandstone is overestimated by the pixel-based approach. Results from the seg
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mented image appear a lot more homogeneous and can better be used for subsequent GIS
analyses or similar. Besides the smaller degree of noise, less areas a falsely mapped: although some sandstone areas in the central part of the valley were not properly labelled (as
in the pixel-based approach), less areas on the valley’s eastern slopes were misclassified.
Table 2: Difference of NDVI values compared to vegetation fractions from SMA for four intervals with varying vegetation cover (average segment size 20.4).
Vegetation according to SMA
0-0.2
0.2-0.4
0.4-0.6
>0.6

Average difference of NDVI values
+0.070
+0.014
-0.056
-0.130

Multiple EM model for valley region
80

Limestone
Sandstone
Soil
Vegetation
Shade

reflectance [%]

60

40

20

0
0.4

0.9

1.4

1.9

wavelength [µm]

Figure 4: Distribution of limestone (blue) and sandstone (green) according to the geological
map (left), the multiple EM SMA from pixel image (middle) and segmented image (right).
Multiple EM model as used for valley regions with alternative limestone and sandstone
spectrum.
CONCLUSIONS
Spectral mixture analysis was successfully applied to TM data from south-east Spain with and
without prior image segmentation. A comparison of vegetation fractions as estimated from
SMA and NDVI shows the advantages of SMA in semi-arid areas. However, reliable ground
truth is required to validate results and fully evaluate the SMA and a possible positive influence of image segmentation on absolute abundance values. The same aggregation level
could be recommended by visual inspection and analysis of the model error. The decrease of
the RMSE appears to be a useful measure to select a proper level of aggregation. However,
the selected aggregation level has to be considered an average best solution that is representative for most areas, but certainly wrong for others. This effect is a general drawback in
the work with segmented images, which might have severe effects on final results.
Maps of vegetation abundance show typical effects of segment-based approaches: results
are more homogeneous, but some detail is eliminated. The decision whether to perform image segmentation prior to SMA should be based on the subsequent analyses procedures: for
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large scale mappings of phenomena at super-pixel scale, segment-based results appear well
suited. The positive influence on the statistical stability of the unmixing model was shown by
the EM mapping. Especially for noisy data sets or when the model performance can be expected to be very sensitive, the influence of spectral generalisation during image segmentation is advantageous.
Segmentation inherent data size compression (xv) and hierarchically structured segmentation
results might be used to further improve sophisticated unmixing approaches, e.g. multiple or
stratified SMA. For multi-temporal analyses of segmented data, e.g. the retrospective monitoring of land degradation processes, special strategies have to be followed in order to properly represent the natural object outlines from the different time steps in the segmentation
results.
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ABSTRACT
A method is presented to extract a subset of individual bands from a hyperspectral dataset.
The method seeks to maximize the information content in a given subset by analyzing the
covariances between individual bands of the original dataset.
Subsequently, the method is used to reduce the dimensionality of hyperspectral image data
prior to maximum likelihood classification. The classification results are compared to those
achieved by using principal components transformation as a well established feature extraction technique to optimize the performance of the maximum likelihood classifier.
The test site investigated in this study is located in the southern “Bitburger Gutland” of the
Eifel region (Rhineland-Palatinate, Germany) The classification is exclusively performed for
previously mapped agricultural areas (arable land and grassland), for which ground truth data
had been collected in the same vegetation period. The results of the case study show that the
proposed method can be used as a technique for dimensionality reduction when the original
data space should be preserved, e.g. for increasing the computational efficiency of data
analysis by using spectral subsets.
INTRODUCTION
The dimensionality of hyperspectral data is a major limitation when applying traditional approaches of pattern recognition to a hyperspectral image. When using a supervised parametric classification algorithm such as the maximum likelihood classifier, parameters must be
estimated from training data. Thus, if the parameters estimated for the individual classes are
not reliable, the performance of the classifier will be affected. With increasing dimensionality
of a hyperspectral dataset, the number of training pixels per class must be increased as well
to obtain parameters that are sufficiently accurate. Thus, a minimum ratio of the number of
training pixels to the number of spectral bands used in the classification process is needed to
reliably estimate the statistical properties of the individual classes – a problem also known as
the Huges phenomenon (i).
Principal component analysis is a well established feature extraction technique that can be
applied to hyperspectral data to reduce data dimensionality and mitigate the Hughes phenomenon (i). One advantage of the principal components transformation is that it is defined
only by the statistical properties of the data itself and does not depend on the statistics of the
individual classes to be discriminated. However, principal component images can not easily
be interpreted in terms of spectral features of the original data to determine the spectral properties and wavelength regions of influence. Therefore, traditional feature selection methods
have been used with hyperspectral image data to reduce data dimensionality by selection of
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individual bands in the wavelength space (i, ii). Most of these methods rely on separability
measures such as the Jeffries-Matusita distance to find the best spectral subset to use for
classification. Subset selection using this approach again requires a large number of samples
to get reliable class statistics in the high dimensional original data space. The feature extraction algorithm presented in this paper seeks to select a spectral subset of the original data
with maximum information content by evaluating the statistics of the original data without
making prior assumptions on any class properties.
METHODS
The Algorithm for Feature Extraction
High dimensional remotely sensed data are characterized by strong correlations between
adjacent bands. Assuming a Gaussian distribution, the data will be arranged in the shape of
an elongated hyperellipsoid with its origin at the mean of the data and its semi-axes pointing
in the directions of the eigenvectors derived from the data’s variance-covariance matrix. The
lengths of these semi-axes are proportional to the eigenvalues corresponding to the individual
eigenvectors (iii).
Given an arbitrary subset of n bands taken from the original p (>n) bands, the best ndimensional subset (i.e. the n-subset containing as much information of the original data as
possible) that can be selected from the original data is the one forming the n-dimensional
hyperellipsoid of maximum volume. (iv) The volume of an ellipsoid is proportional to the product of the lengths of its semi-axes. Because the lengths of these semi-axes can be expressed
by the eigenvalues of the variance-covariance matrix and the product of a matrix’s eigenvalues is equal to its determinant, the n-dimensional hyperellipsoid of maximum volume can be
found by computing the determinant of every possible n x n submatrix of the original variancecovariance matrix and then selecting the n bands that define the submatrix with the largest
determinant (iv).
If the number p of original bands is large, as is the case with hyperspectral data, it is not feasible to compute and compare the determinants for every possible combination of n bands
taken from the original dataset. Thus, the above general logic for band selection has been
combined with a simple stepwise feature selection algorithm (v) to extract subsets from hyperspectral data. The resulting algorithm starts with the band of maximum variance, i.e. with
the largest diagonal element in the variance-covariance matrix, and subsequently adds one
band at a time from the remaining set of p-n bands in such a way as to maximize the determinant of the n x n variance-covariance submatrix defined by the currently selected set. The
algorithm stops when the number of currently selected bands equals a specified value.
Now, the question arises how many bands must be selected from the original dataset to extract the maximum amount of information by using only a minimum number of bands. Because of the high correlations between adjacent bands, most of the eigenvalues of the variance-covariance matrix of hyperspectral remote sensing data will be very small in value.
Therefore, the determinant of the matrix will also have a very small value (iii). When computing the determinant of the variance-covariance matrix of a complete hyperspectral dataset
using a personal computer and double precision floating point arithmetic, the result is often
within rounding error of zero. The optimal subset of bands should thus be the largest combination of n bands selected by the algorithm for which the determinant of the associated variance-covariance submatrix is greater than zero. Since the remaining bands of the original
dataset can be treated as linear combinations of the already selected bands when the resulting variance-covariance submatrix is approximately singular, adding any more bands will not
provide additional information.
A Case Study to Verify the Algorithm
To verify the above method for feature selection, a case study was carried out involving the
comparison of the results of several maximum likelihood classifications performed on a prin-
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cipal components transformed image of the original dataset, a principal components transformed subset of the original data selected by the algorithm described and on the untransformed extracted subset itself.
The hyperspectral image data investigated were acquired on the 28th of May 2005 for a study
site near Newel in the Eifel region (Rhineland-Palatinate, Germany). The site can be
characterized as a rural agrarian landscape with a pronounced variety of crops. The data
originates from a single overflight of the HyMap airborne imaging system. The sensor covers
a spectral range from approximately 0.4 to 2.5 µm by a total of 126 bands with individual
bandwidths ranging from 13 to 21 nm. The HyMap image data were geometrically corrected
by a parametric approach (vi) using a digital elevation model, attitude information and ground
control points derived from GPS measurements. The FLAASH (Fast Line of Sight
Atmospheric Analysis of Spectral Hypercubes) module of the ENVI image processing system
was used for the atmospheric correction of the data. After atmospheric correction, eight
bands of the dataset were removed because of noise, leaving a total of 118 bands that were
used for further analysis.
Within the same vegetation period of the HyMap overflight, ground truth data were collected
by detailed mapping of land use and crop types across a major part of the area imaged by the
sensor. The data were prepared in a vector GIS layer to be able to analyse them in connection with the image data.
Based on the digitized map of land use and crop types, two sets of pixels were generated
from the imaged area by random sampling. Within every set, six land use classes were distinguished: grassland, maize crop, winter cereal crop, summer cereal crop, rape crop and
potato crop. The sample size of the individual classes in every set was chosen to be 15 percent of the total number of pixels mapped to the appropriate class in the reference data. The
first of the two sets of pixels was used to train the maximum likelihood classifier, the second
was used as a validation set to assess the classification accuracy achieved when using the
three different feature extraction approaches. The image statistics to define the variancecovariance matrix as well as the classification were calculated exclusively for the image areas
covered by the reference map, all other image areas were masked out using the vector layer
prepared from the ground truth data.
RESULTS & DISCUSSION
Figure 1 shows vegetation spectra derived from the HyMap image and the wavelengths and
wavelength ranges of the bands selected by the feature extraction algorithm described. In
total, 67 bands could be selected from the original set of 118 bands without the resulting variance-covariance submatrix being singular within rounding error of zero (i.e. having a determinant equal to zero). The choice of bands suggests that the dynamics in the reflectance spectra of the vegetated areas considered in the analysis are mainly driven by green biomass,
because the complete near infrared wavelength range was selected. A second continuous
range of bands was selected in the visible portion of the spectrum covering the green peak
and a major part of the chlorophyll absorption features in the red part of the spectrum. Other
spectral regions preferred by the feature selection procedure were around the water absorption features at 1.4 µm and 1.9 µm, and in the wavelength range between 1.5 µm and 2.0 µm.
The wavelength ranges selected generally correspond to the spectral positions of the optimal
bands proposed for vegetation analysis by Thenkabail et al. (vii), with the exception that only
one selected band is from the spectral region beyond 2.0 µm while Thenkabail et al. (vii) propose three different wavelength ranges in that region. A problem occurs with the feature extraction algorithm when the original dataset contains noisy bands, because the higher variance in these bands is interpreted as high information content and bands affected by noise
are thus preferred in the selection process. It is likely that the bands around 1.4 µm and 1.9
µm have been selected due to the water vapour induced noise present in these channels.

98

1.0

Center for Remote Sensing of Land Surfaces, Bonn, 28-30 September 2006

0.6
0.4
0.0

0.2

Reflectance

0.8

Mean
Mean + std. dev.
Mean − std. dev.

0.5

1.0

1.5

2.0

2.5

Wavelength (µm)

Figure 1: Mean spectrum with standard deviations derived from the area of the HyMap image
considered for classification. The grey bars indicate the wavelengths and wavelength ranges
of the optimal bands selected from the complete dataset.
To verify the optimized information content in the 67 selected bands, a maximum likelihood
classifier was applied to the principal components of both the complete dataset and the subset of selected bands. The first six principal components of either transform were used in the
classification process. For both approaches, the six components explained 99.7 % of the
variance of the untransformed data (see Table 1). As a third variant, the classifier was applied
to the untransformed selected subset. The overall classification accuracies and kappa coefficients (viii, ix) derived from the confusion matrices that were generated when classifying the
test set are shown in Table 2. It can be seen that there is no distinct difference between the
classification accuracies and kappa coefficients for the two principal components transformed
datasets. Thus, in the case of the image data investigated, the presented feature extraction
method was able to find a subset of slightly more than half of the original number of bands
that contained all of the essential information needed for a maximum likelihood classification
of the data. When applied to the original feature (wavelength) space of the 67 selected
Table 1: Accumulated percentage of the total variance explained by the six principal components used in the classification process.
Component
Number
1
2
3
4
5
6

PCA Complete Dataset

PCA Selected Bands

64.6
93.9
98.5
99.4
99.6
99.7

69.8
93.3
98.3
99.4
99.6
99.7
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bands, the classifier showed a slightly better performance concerning overall classification
accuracy, and a clearly better performance with regard to the kappa coefficient. However, as
the classification was based on a large size of training samples, it must be assumed that the
large sample size compensates to some extent the effects of the still high dimensional data
space of the selected subset. A land use map derived from the classification performed on
the 67 selected bands is shown in Figure 2.
Table 2: Overall classification accuracies and kappa coefficients for the maximum likelihood
classification based on the three different feature reduction approaches.

Overall Accuracy
(%)
Kappa Coefficient

PCA Complete
Dataset
84.6

PCA Selected
Bands
84.3

Selected Bands
(untransformed)
88.7

0.63

0.63

0.72

Legend
Grassland
Maize Crop
Winter Cereal Crop
Summer Cereal Crop
Rape Crop
Potato Crop

0

1,350

2,700

±

5,400

Meters

Figure 2: Resulting land use map of the classification based on the untransformed optimal
subset of the HyMap data.
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CONCLUSIONS
For the dataset investigated in this case study, the classifications based on the principal
component transforms of the complete dataset and the selected subset yielded nearly the
same result. Thus, the presented algorithm for feature extraction succeeded in reducing the
dimensionality of the original data while keeping as much information as possible. However,
the method can only approximate the best set of bands and there is no guarantee that the
algorithm will perform in a similar manner for other hyperspectral datasets. An advantage of
the method is that it can provide an objective way for dimensionality reduction of hyperspectral data, even if there is no prior knowledge about the intrinsic properties of the data. This
may be relevant not only for classification approaches, but also for methods of quantitative
analysis where the original data space should be preserved, but a reduction of the data volume is desirable in terms of computational efficiency.
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ABSTRACT
For the German federal state of North Rhine-Westphalia land use maps were generated for
four time slices between 1975 and 2005 using LANDSAT satellite data. The determination of
built-up areas was the main focus, since this study aims at raising public awareness on the
problems related to urban sprawl and growing human induced consumption of land. Within
this context a method was developed for cost- & time-efficient change detection in land cover
classes based on prior classification results and newly acquired imagery. To cover an entire
state with about 34000 km² and various time steps operational tools are required that enable
the derivation of consistent land use and imperviousness maps. ISODATA clustering and
knowledge-based decision trees were used to separate change and no-change pixels between a classification from 2001 and newly acquired imagery in 2005. The method was successfully tested on small subsets and subsequently applied to entire North Rhine-Westphalia.
Independent accuracy assessment with 85.6 % proofed the quality of the approach. For the
urban areas additional improvements and homogenization of all four classifications could be
achieved by integrating results from regression analysis between NDVI and the degree of
imperviousness. For the country, the derived products form an unprecedented base for visualization and quantification as well as for various applications as e.g. land use cover change
modeling, hydrological applications or any other study with a regional coverage.
INTRODUCTION
The processes of urbanization have considerably changed the characteristics of landscape in
Western and Central Europe in the past decades. This particularly includes the transformation from agricultural use into urban and built-up areas. One of the major problems related to
those processes is the sealing of soil surfaces by urban areas and transportation infrastructure with its impacts on meso- and microclimate, soil, ground water, flora/fauna and urban
hygiene (i,ii). In North Rhine-Westphalia (NRW) in the western part of Germany the population development is stagnating in recent years, while simultaneously the newly converted urban areas are increasing. The urban and infrastructure areas have doubled since the 1950s
from about 10% to 21.76% of the total land area in 2005. Recent trends show that the per
capita land consumption is increasing (iii). NRW includes highly industrial areas like the
Ruhrgebiet with formerly intensive coal mining and steel industry but also considerable proportion of rural landscapes in the surroundings. As a consequence the situation in NRW can
be seen as an exemplary case for agglomeration areas in Western and Central Europe. The
work is embedded in a project aiming to raise public awareness of this topic by providing spatially explicit information based on multi-temporal satellite imagery.
This paper focuses on the development of a semi-automated, knowledge-based method for
land use/cover change (LULC) detection. It effectively uses existing land cover products in
the same level of quality with newly acquired satellite images in order to derive updated land
use classification and change products. Using Normalized Difference Vegetation Index
(NDVI) regression with the degree of imperviousness three built-up classes of 0-40%, 40-80%
and >80% were further distinguished. This approach proofed to be a suitable procedure to
produce consistent classification results in urban areas with the required high precision over a
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period of three decades. For other studies on impervious surface estimation, in most cases
based on spectral unmixing, see Civco et al. (2000, iv), Small (2001, v), Phinn et al. (2002,
vi), Zhang et al. (2002, vii), Yang & Lo (2002, viii), or Lu & Weng (2006, ix). The relation between NDVI and vegetation fraction that is in this study used as an indicator for imperviousness, is a well established research topic. See e.g. Jensen (1996,x), Fung and Siu (2000,xi).
METHODS
Study Area and Data
NRW is the most densely populated federal state in Germany with a population of about 18
Million people in an area of about 34.000 km², resulting in a population of 530 inhabitants per
km² (xii). It has undergone serious economic and structural transitions in the last decades,
especially in the old industrial Ruhr area in the center of the state where decreasing coals
mining activity and shrinking heavy industries have led to considerable transformation processes, partially shrinking population and unemployment.
NRW is covered by 2-3 LANDSAT tracks with 2-3 rows each. Complete cloud-free coverage
was available for the years 1975, 1984, 2001 and 2005 (Tab. 1). All scenes were radiometrically normalized using Pseudo invariant features determined by the iteratively reweighted
multivariate alteration detection (IR-MAD) transformation (Nielsen et al., 1998 (xiii); Nielsen,
2006 (xiv); Canty et al., 2004 (xv); Canty and Nielsen, 2006 (xvi)). Geometric coregistration
was below 1 pixel and absolute reference was provided by the national landscape information
system ATKIS. The regression analysis for impervious surfaces was calibrated using aerial
photographs for each time step (Photographs of high density, residential and low density urban areas in 8 test sites, covering an area of ~ 4 km² respectively).
Tab. 1: LANDSAT-data used in this study.
Sensor /
Path/Row

196-23

196-24

196-25

197-24

197-25

Landsat
MSS

10/08/1975
(211-23)

10/08/1975
(211-24)

10/08/1975
(211-24)

29/08/1975
(212-24)

29/08/1975
(212-25)

30/08/1975
(213-24)
Landsat-5
TM

25/04/1984

25/04/1984

25/04/1984

22/08/1984

22/08/1984

Landsat-7
ETM+

05/07/2001

05/07/2001

05/07/2001

25/05/2001

26/06/2001

Landsat-5
TM

(196-24 shifted)

03/04/2005

03/04/2005

28/05/2005

28/05/2005

Knowledge-based change detection
The LANDSAT data from 1975, 1984 and 2001 was classified with 12 identified classes (Fig.
1) in a prior stage of the project using supervised procedures (Over et al., 2004 (xvii),
Schöttker et al., 2004 (xviii)). Particular attention had been given to the 2001 classification
where contemporary field surveys in 2002 were available. This time-slice with a respective
high classification accuracy of 91.6 % was now used as a base for change detection with the
2005 data set since expected changes in this 4 year time difference would be small and
changes would mainly result from classification errors rather than real transformations.
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2005

Figure 1: The 12 LULC classes represent the main land cover features in NRW.
In a first step the 2005 data was intersected with the classification from 2001. Subsequently,
an ISODATA clustering algorithm was applied to the 2005 data in the respective 2001 class
area. The clusters were labeled using class-specific decision rules in order to assign them to
a certain conversion or keep them as stationary in the class. As an example, to examine the
changes in the forest between 2001 and 2005, the 2005 LANDSAT data was intersected with
the “forest”-class of 2001. To identify the changes within this class, natural spectral clusters
were built using the ISODATA unsupervised classification algorithm. Because the spectral
range of a forest is quite narrow, areas that do not belong to the class forest any more can
easily be observed at the borders of the spectrum (Fig. 2).

A

B
Change forest Æ grassland/bare soil

C
Change
water
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D

Figure 2: (A) Scatter plot (band 4 against band 3) showing the spectral distribution of pixels
(2005) within the borders of the class “forest” of 2001. Pixels that do not belong to the class
“forest” any more are located at the edges of that scatter plot.(B) Classified image of 2001;
the forest areas have been extracted and intersected with the multispectral image of 2005
(C). The cyan areas in (D) have been converted from forest to grassland/clearing, the blue
areas are classified as water and the purple areas are uncertain and had to be reclassified by
knowledgebased decision trees. The rest of the 2001 forest areas were unchanged.
The unsupervised approach provided a high degree of, because the ISODATA algorithm uses
minimum distance to assign a cluster for each candidate pixel (Yang & Lo, 2002). Where the
ISODATA algorithm did not provide sufficient reliability in the separation, knowledge based
decision trees containing NDVI and Tasseled Cap images were built to separate areas of
change and no-change by thresholds (Fig. 3). Because of the problem of spectral similarity
between bare soil, urban built-up structures and construction sites a manual correction of the
classification was required in order to achieve a final product of adequate quality for the map
service.

Isodata clustering

Visual inspection
change

Tass. Cap greeness < 30
AND
Tass. Cap brightness > 130
not true
Water (no change)

Agricult. fields

Vegetation

No vegetation

Gravel pits, etc.

Forest

Grassland

Figure 3: Example flowchart for the discrimination of water change pixels into vegetated and
non-vegetated areas.
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Determination of the imperviousness classes
Special attention was paid on the differentiation of the three impervious classes. It has been
frequently reported that a negative correlation between degree of imperviousness and NDVI
exists (vi, xix). In a first step the 2001 classification results were updated by the method explained below, using an NDVI/imperviousness regression model. The results for the impervious classes using post-classification change detection as e.g. two products of a Maximum
Likelihood Classifier were discarded in favor of this method that maps minimum changes in
classification results between time steps. Often errors in classification results are higher than
the actual change, especially in small time steps, when only small changes occur. Therefore
a method was needed that minimizes the discrepancies between time steps.
1,0

Degree of imperviousness

0,8

0,6

0,4

0,2

y = -1,1141x + 1,1548
R 2 = 0,7046
0,0
0,0

0,2

0,4

0,6

0,8

1,0

NDVI

Figure 4: Correlation between NDVI (LANDSAT-TM 2001) with the degree of imperviousness
(50 random points spread over an aerial image of the city of Essen). The degree of imperviousness was estimated by separating impervious/non-impervious surfaces in aerial photographs and projecting the means to a 30m raster.
For 8 test sites (approximately 4 km² each) aerial photographs were classified in the two
classes impervious and not impervious. The test sites covered a representative selection of
urban, suburban and rural areas. Afterwards a 30m raster was created and superimposed on
the classified aerial photographs. The mean degree of the impervious/not impervious surface
calculated for each 30m cell was derived. A linear regression model was built between NDVI
and the degree of imperviousness based on the raster cells. Fig. 4 shows example results in
the city of Essen of a correlation between NDVI and degree of imperviousness. In a subsequent step the continuous impervious degrees of the imperviousness images were broken
down into 3 discrete classes of imperviousness (0-40%, 40-80% and >80%). An example for
the procedure is given in Fig. 5. Since NDVI is also influenced by phenology and general
vegetation status the correlations need to be set up for each acquisition date separately. This
results in different NDVI-thresholds corresponding with the three imperviousness classes for
every path/row.
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A

B

C

Figure 5: estimation of the degree of imperviousness in the city of Essen-Altenessen (A), extract of the classified aerial photograph (red impervious, green not impervious), 30m raster of
the classified aerial image superimposed with the NDVI image on the right (B), classified
NDVI image in 3 impervious classes (C)
In order to reduce the time-consuming classification of aerial photographs the procedure was
run for one LANDSAT scene per acquisition date. In overlapping regions of two scenes the
regressions were matched using the overall amount of the imperviousness areas for several
administrative units as matching criteria. The NDVI for the second scene was then adjusted
until the amount of the imperviousness classes for those regions fitted up to 0.2% to the
foremost classified one.
In a subsequent step the change detection for the 2005 time step was realized. To reduce
errors occurring by misclassification only the regions that were classified 2001 as impervious
were selected from the 2005 image. Assuming a relative persistence of urban structures, the
NDVI thresholds for the 2005 image was adjusted iteratively until a match of 95% between
the two images was achieved. This NDVI threshold was also used for the classification of the
new built-up areas detected by the change detection method explained above and by visual
inspection. For the two acquisition dates in 2005 (April and May) this procedure was performed separately. The same method was applied for the impervious areas of the 1984 and
1975 images guaranteeing continuous results.
RESULTS & DISCUSSION
Table 2 shows the distribution of the land cover classes and their changes. For the impervious surfaces an increase of 23.7% between 1984 and 2005 could be detected. The increase
between 1975 and 1984 adds up to 64%, but because of the lower spatial resolution of the
MSS-Sensor small built-up areas could not be detected, which lead to an underestimation of
the impervious classes. Hence this rate is not very significant. In large parts the increase in
impervious surface is in account of arable land. This development is quite obvious, since settlements in this region in most cases are directly surrounded by agricultural areas and new
built up areas are mostly established in vicinity to already existing settlements. But the loss in
well arable land must be considered problematic.
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Table 2: LULC change for NRW as extracted from a time series of LANDSAT images, 19752005
Classification map

1975 (%)

1984 (%)

2001 (%)

2005 (%)

High imperviousness (> 80%)

1,94

2,37

3,04

3,24

Middle imperviousness (40-80%)

3,60

5,26

6,58

6,22

Low imperviousness (< 40%)

3,14

3,67

4,46

4,71

Open brown coal pit mining

0,17

0,23

0,26

0,26

Gravel pits & quarries

0,16

0,23

0,24

0,32

Military training areas

0,47

0,47

0,47

0,23

Agricultural fields

38,06

37,30

34,82

34,61

Grassland

28,94

26,94

23,87

23,65

Coniferous forest

9,81

9,62

11,13

10,77

Mixed forest

6,09

4,54

5,26

6,11

Deciduous forest

7,10

8,62

8,94

8,95

Water bodies

0,52

0,74

0,93

0,94

Between 2001 and 2005 an increase in the impervious surface classes of 0.6% could be detected. As an example Fig. 6 shows classification results of an area 15km west of Cologne
with recultivation sites of open brown coal pit mining areas and some new construction sites.

2001

0

2

4

6

8

10 Kilometers

2005

Figure 6: Sample of the classification results based on the knowledge based change detection. The area is located ~15km west of the city of Cologne and contains open brown coal pit
mining sites that were partially recultivated in the past 5 years. The small black arrows indicate new construction sites.
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The ongoing loss in agricultural areas and grassland is surprising inasmuch half of the military training areas were abandoned, some open pit mining areas have been recultivated and
some urban shrinkage processes could be detected in the last five years.
For the accuracy assessment of the 2005 classification 450 stratified random points were
generated that showed an overall accuracy of 85.6%. As reference the existing ground truth
data from 2002 and additional high-resolution aerial photography were available.
For most of the classes the change detection worked very well. But a manual correction was
necessary, especially where built-up areas emerged on former bare agricultural fields. Also
difficult to detect was the change from crop in an early stage to grassland and reverse. For
those two cases multitemporal datasets would have been essential, but were unfortunately
not available for the whole region.
The use of the NDVI/imperviousness regression model showed good results. An exact comparison of the Maximum Likelihood with the NDVI-regression results by an accuracy assessment of only the impervious classes has yet to be carried out. This will shed light on the fact,
which of the two methods is the one with the higher classification accuracy. But what is already obvious by visual inspection and by comparison with aerial photographs is the circumstance that a high consistency between time steps is granted by using the NDVI-regression
and transferring the results for the calibration of the NDVI thresholds of other time slices. Despite that some problems had to be faced. What this study showed and what was also described by Braun & Herold (2004) is the fact that the low degree of imperviousness usually is
underestimated. To get a good match for the high and middle degree of imperviousness, too
many low imperviousness pixels are misclassified, so that the overall correctness of the classification decreases. By changing the NDVI thresholds to get better results for the low degree
of imperviousness the other two impervious classes lose a lot of their accuracy. It was decided that classifying more pixels correctly within the whole urban class was preferred to the
best match for one impervious class. For a further study it is recommended to improve the
calculation of the imperviousness for example by adding the Normalized Difference Built-up
Index (NDBI) (xx) or by using Spectral Mixture Analysis (SMA) (Small, 2001; xxi). Small
(2001) prefers SMA to the use of the NDVI as an indicator for imperviousness because of the
non-linearity of the NDVI. But this study was focused on finding an easy and comprehensible
way of updating a statewide land use map. The consistency between time steps and a rational and reproducible way to estimate imperviousness were the most important issues.
Finding representative spectral endmembers for a SMA for a large research area covering 4
LANDSAT scenes with different acquisition dates is very complex. A possible loss in accuracy
was in this case accepted in favor of comprehensible classification results and an easy and
updating of the LULC classes.
CONCLUSIONS
An effective approach for updating a statewide land use map, especially taking the consistence between time-slices into account was presented here. Without using a complex methodology a reasonable and comprehensible updating of the classification could be assured.
The use of the NDVI to derive different imperviousness classes could be applied with good
results. It was recognized, that with a multitemporal dataset the results could be improved,
because still a considerable amount of manual correction and a good knowledge of the research area and its characteristics was needed. For further work on this topic the use of
multitemporal data is regarded as essential. Especially dividing bare agricultural fields from
built-up areas and grassland from crop in an early stage would be much easier and would
prevent a lot of manual corrections that have been necessary in this case. A further improvement of the NDVI-related estimation of the imperviousness could be given by including the
NDBI or by changing the concept in favor for the use of SMA, although finding the correct
endmembers for a large and diverse study area like NRW might lead to a much more complex methodology and not necessarily to much better results.
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VALIDATION METHOD FOR LAND COVER MAPS USING DEGREE CONFLUENCE
POINTS INFORMATION
Koki, I. 1, Kenlo, N. 2, Tsuguki, K. & Yoshiki, Y. 1
1. Center for Global Environmental Research, National Institute for Environmental Studies,
16-2, Onogawa, Tsukuba, Ibaraki 305-8506, Japan; Tel: +81-29-850-2289, Fax: +8129-850-2960; e-mail: iwao.koki@nies.go.jp
2. University of Tsukuba, Institute of Agricultural and Forest Engineering, Tsukuba, Japan
We propose a new accuracy assessment method for land cover maps using Degree
Confluence Points’ information. “Degree Confluence Project” (hereby DCP) is a voluntarybased project that collects onsite data from all degree confluence points (DCPoints) in the
world. DCPoints are located at the intersections of integer level latitude and longitude grid
lines. Volunteers with the project visit the DCPoints and collect data in the form of GPS
readings, pictures and descriptions of the landscape. This information is freely accessible
through the Internet. In this research, reliability and effectiveness of DCPoints information in
terms of validation of land cover map was assessed. Focusing on the IPCC LULUCF (Land
Use, Land Use Change and Forestry) guidelines, we classified each DCPoint into six classes
(Forest, Grassland, Crop, Wetland, Residential, and Other) manually.To assess the reliability,
points from duplicate visits’ were checked. In addition, a field survey was conducted. These
DCP derived classifications were then compared to classifications derived from Landsat
Thematic Mapper images by visual interpretation. We were able to obtain validation
information for land cover maps superior to that of visual interpretation. Based on this result,
the analysis about the difference of land cover maps was considered.
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EXPLORING MERIS IMAGES THROUGH TEMPORAL MAP ALGEBRA
FOR LAND COVER MAPPING: FIRST RESULTS
António Araújo1,2 and Mário Caetano1
1. Portuguese Geographic Institute (IGP), Remote Sensing Unit, Lisbon, Portugal;
antonio.araujo@igeo.pt
2. Instituto Superior Técnico (IST), Lisbon, Portugal
ABSTRACT
In this paper we present the preliminary results of an ongoing study that aims to develop a
land cover classification for mainland Portugal based on a multi-stage classification approach
using the spectral and temporal pattern analysis of MERIS Level 2 full resolution data. First,
our methodology uses unsupervised classifications and time-series analysis in an intraannual set of MERIS images, for the production of a 5 class stage one map. In a second
stage, supervised classifications were applied for those classes that still could be more specified, producing a final map with 19 land cover classes. In order to apply and test the classification procedures we have used a set of samples collected for the 19 classes. The sampling
process was performed by visual interpretation of high spatial resolution Earth Observation
data, namely SPOT5-XS images acquired during the year of 2003. The final map has a global
accuracy of 79%.
INTRODUCTION
Nowadays, precise, reliable and up to date information on land cover and land use is of the
greatest importance in environmental studies and in support of decision making for a wide
variety of policies. With the recent launch of high temporal resolution earth observation satellites, such as Envisat, carrying high spectral resolution sensors (e.g., MERIS) with interesting
spatial resolutions, new approaches in land cover classification methods that produces
cheaper, faster and more accurate results and more accurate results may be available. One
can now take advantage of the multi-spectral and multi-temporal patterns analysis to enhance
automatic classifications in land cover mapping and improve considerably land cover information, when comparing to previous available data obtained from more antique and less sophisticated sensors, like the AVHRR sensor for example. It is known that the availability of a large
number of spectral bands makes possible the identification of more detailed land cover
classes with higher accuracy than would be possible with the data from earlier sensors (i).
Also, several studies have proved the advantages of performing a land cover classification
based on multi-temporal satellite imagery data (ii, iii, iv, v).
In this study we try to take advantage of the MERIS (MEdium Resolution Imaging Spectrometer) enhanced spectral and temporal resolutions. This sensor is one of the payload components of ESA’s Envisat-1, which was launched in March 2002. It measures the solar radiation
reflected by the Earth at a maximum ground spatial resolution of 300m, in 15 programmable
spectral bands, ranging from the visible to the near infrared (390 nm to 1040 nm) radiance,
offering complete global coverage in 3 days and providing the most radiometrically accurate
data on Earth surface that is currently acquired from space (vi).
In order to derive a land cover cartography for mainland Portugal, we propose a methodology
that is composed of two stages. First, our methodology uses unsupervised classifications and
time-series analysis in an intra-annual set of MERIS images, for the production of a 5 class
stage one map, and in a second stage, supervised classifications are applied for those
classes that still can be more specified, producing a final map with 19 land cover classes.
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With this study we also intent to assess the advantages of the exploitation of spectral and
temporal characteristics of MERIS imagery data for the improvement of land cover spatial and
thematic characterization, since it has not been yet broadly stated. Presently, few research
studies and operational programs are focused on the analysis of MERIS data for land cover
cartography production (vii, viii, ix). The results presented here are preliminary and were obtained in the framework of an on going research work that aims at developing a systematic
classification methodology for the regular production of land cover cartography from medium
spatial resolution satellite imagery.
METHODS
The methodology used to obtain a land cover classification for mainland Portugal (Figure 1)
consisted in a multiphase strategy. We used both unsupervised and supervised classifications with temporal analysis over the input data but applied at two different stages. First, unsupervised classifications and time-series analysis were performed in an intra-annual set of
MERIS images, for the production of a 5 class stage one map. In the second stage, supervised classifications were applied in a mask based approach in order to obtain more detailed
land cover classes. The images used in this second stage were the ones that proved by logic
and trial to be the best for specific land cover class discrimination. The main objective of this
strategy was to take advantage of the annual phenologic variety that is present in many land
cover types, in order to decrease inter-class confusion that often result from one date classifications, and derive at the end a land cover map with 19 classes according to a specific nomenclature. To carry out the classification procedures, a collection of land cover samples was
used in order to train the classifiers and test the results.
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Figure 1: Methodology for the production of a 19 class land cover classification for mainland
Portugal.
Data pre-processing
In this study we exploited the Level 2 Full Resolution MERIS imagery. These data consists of
calibrated surface reflectances in 13 spectral bands (original bands 11 and 15 were removed
from this product since they address O2 content and water vapor) that are atmospherically
corrected for Rayleigh scattering, ozone, water vapour absorption and aerosol content. We
made use of an intra-annual set of MERIS images (one image a month) that were acquired
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through the year of 2005. Later, we have excluded the March and September image because
they presented large areas covered by clouds.
The pre-processing of the MERIS original data was done using the BEAM VISAT 3.4 ® software application. Images were first orthorectified, using the getasse30 digital elevation model,
co-located and projected into Hayford-Gauss, Datum Lisboa map projection, in order to allow
multi-image analysis and to combine them with already existing auxiliary information. This
was easily accomplished since MERIS Level 2 imagery are already geolocated. Finally, images were exported from raw format and converted to GeoTIFF.
Land cover nomenclature
The land cover nomenclature used was developed by the Remote Sensing Unit of the Geographic Portuguese Institute (IGP) (Table 1). The nomenclature classes were defined through
the Land Cover Classification System (LCCS) from Food and Agriculture Organization (FAO)
(x). This nomenclature was developed in order to: (1) to be representative of the landscape
types existent in regions with characteristics similar to the Portuguese mainland, and (2) to be
compatible with established ones (e.g., CORINE Land Cover, Global Land cover and the International Geosphere-Biosphere Programme nomenclatures) in order to make possible the
comparison of our maps with others.
Table 1: Land Cover nomenclature and classes description.
Land Cover Class
Continuous Artificial Areas
Discontinuous Artificial Areas
Rain fed Herbaceous Crops
Irrigated Herbaceous Crops
Rice Crops
Permanent Evergreen Crops (Trees or Shrubs)
Permanent Deciduous Crops (Trees or Shrubs)
Broadleaved Closed Trees
Broadleaved Open Trees
Needleleaved Closed Trees
Needleleaved Open Trees
Mixed Closed Trees
Shrubland
Natural grassland
Sparse Vegetation
Recently Burnt (Trees or Shrubs)
Permanent Wetlands
Barren
Water Bodies

Code
11
12
21
22
23
241
242
311
312
321
322
331
351
371
38
310
5
6
7

Sample collection
In this study we used of a set of predefined samples collected for the present 19 class nomenclature for the year of 2004 by means of visual interpretation of high spatial resolution
Earth Observation data, namely SPOT5-XS images acquired during the year of 2003 and
orthorectified colour infrared aerial photography of 1995. This set of samples was collected in
order to evaluate several supervised land cover classification techniques in MERIS imagery
(ix).
Each sample represents a specific land cover class covering at least 90% of the area covered
by a MERIS 300-by-300 m pixel (same as the nominal resolution of used satellite images).
The goal was to have, for each land cover class, the samples distributed all over the mainland
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territory in order to obtain a high-quality representation of possible regional within class differences. For each class 40 samples were collected (ix).
With the purpose of determining if any of the 2004 collected samples still corresponded to the
same land cover class in the year of 2005 (year of the study) annual NDVI profiles were analysed and erratic or misclassified samples were removed from the sample set. As very few
samples were removed, we understood that there was no need for additional sample collection.
Classification
The first stage of our methodology consisted in the unsupervised classification of each of the
10 images separately. We used the K-means algorithm in order to derive 20 clusters for each
image. The objective was to classify each image into 3 classes (water, vegetation and soil) by
labeling the spectral classes. This procedure was done with the help of the entire set of samples (Table 2), ancillary information and by means of visual interpretation.
Table 2: Labeling of the clusters for the August image. Rows are related to clusters and columns are related to the samples.
11 12 21 22 23
1
2
3
4
5
6
7
8
9
10
11
12
13
14
15
16
17
18
19
20
Sum

24
1

24
2

7
17
1
3
2

1
3 7
27 28

1
12
1
14
10
1
1

1
6
4 6
1
12
6 18
5
4 10
2 3
1

4

3

1

1
8
3
1
5
7
5
5
4

1

40 40 39 36 39

31
1

1
1
3
9
3
4
12

7
2

31
2

32
1

34
5
1

3
21
1
10

32
2

10
9
9

33
1

35
1

22

14

12

17
2

1

2

8

37 38
1

3
16
1

3
4
5
4

9

7
10
8 1
1

1

6

14

12
10

1

7 Sum
21
19

9

7
5
4
2
2

1
1
1

5

39

5

15
23
1 1

2
2
1
1

1
5
2
1
1

1

39

31
0

40

40

39

36

35

35

39 36

39 40 39 40

Label

36 Water
42 Water
56
Veg.
75
Veg.
56
Soil
47
Veg.
59
Veg.
48
Soil
55
Veg.
32
Soil
31
Soil
34
Soil
22
Veg.
33
Soil
50
Soil
16
Soil
26
Soil
9
Soil
3
Soil
0
Soil
730

Note that not all clusters were captured by the sample set (in this specific case, cluster 20).
These clusters were label only with the help of ancillary information and by means of visual
interpretation.
After all images were classified we began with the temporal analysis process. At this point,
with the help of the training samples, a suite of decision rules were defined in order to produce the stage one 5 class map. This complex set of rules tries to capture the annual
phenologic variety that is present in many land cover types using it to separate those classes
that wouldn’t be simply differentiated by other means. For example, non irrigated land can
easily be mistaken by bare soil if a summer image is used. Likewise, irrigated land can also
be confused with bare soil if a winter image is used. Using an entire year of satellite imagery,
these confusions can be reduced. Non irrigated land will present vegetation in winter time and
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irrigated land will present vegetation in summer time. Bare soil will present no vegetation during the whole year. In Figure 2 we present the created rules in the form of a decision tree.
In the second stage of our methodology, supervised classifications using the maximum likelihood algorithm were performed individually for each class (masks) of the intermediate map.
The images used for the classification were the ones that proved by logic and trial to be the
best for specific land cover class discrimination. For each of the created masks, we defined a
different set of training samples. This definition was accomplished considering two different
situations: (1) by selecting from the training sample set all samples whose class was expected to exist inside the considered mask and (2) by selecting from the training sample set
all samples that were found inside the considered mask.

Figure 2: Map algebra expressions applied to the set of the 10 month maps in order to derive
the Stage one Map.
RESULTS & DISCUSSION
Results regarding the stage one map and final map can be observed in Figure 3. The global
accuracy of this map is 90%. Concerning our 19 class final map, the confusion matrix presented in Table 3 shows a global classification accuracy value of 79%. In general, individual
classes also present very good accuracy values, illustrating the success of the classification
and developed methodology.
A closer view to the User’s Accuracy (UA) (commission errors) shows that the worst values
belong to forest classes, namely Broadleaved Closed Trees (311), Neddleleaved Open Trees
(322) and Mixed Closed Trees (331). As expected, the major confusions for these classes
appear to be between the same forest types but with different percentages of cover (Closed
or Open). This resulted in low Producer’s Accuracy (PU) (omission errors) for classes Broadleaved Open Trees (312) and Neddleleaved Closed Trees (321).
The Water class was slightly overestimated (low UA value), mainly because of confusions
with wetlands. This later class was, as consequence, underestimated (low PA value). One
possible justification for this confusion is that the wetlands class represents land cover occupations that are usually flooded with water continuously.
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Figure 3: Land cover maps. The stage one map is on the left side and the final map is on the
right side.
Table 3: Confusion matrix for the 19 class final map. The produced map classes are in table
rows while the table columns are the classes of the reference map.
11
19
11
1
12
21
22
23
241
242
311
312
321
322
331
351
371
38
310
5
6
7
Sum 20
PA(%) 95
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1

31
0
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7

1
20

1
2

17
17 1
1 18
1
1

1
1
13
1

1

2
15

1

1
1

1
1

2
1
12
1

4
11

2
3

2

12
6
1

1
2

2

14

2
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2

2
1
14
1
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1
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1
1

1
1

1

1

1
10

1

1
3
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11
14
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0
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Classes 38 (Sparse Vegetation) and 241 (Permanent Evergreen Crops) showed as well to be
of difficult mapping. The former was mainly confused with the Barren (6) class and the later
was mainly confused with the Permanent Deciduous Crops class (242) and with the Broadleaved Open Trees class (322).
All classification results we report in this section were obtained using the collected non random sample set. Therefore, it is only related to the accuracy of the classifiers, and not to the
accuracy of the final map. Because we didn’t follow a true statistically valid approach concerning the sample collection (no truly random selection was produced), there is a chance
that results can be some how biased. In order to test this idea, we decided to compare our
final map with the most accurate data that we could access, i.e. the CORINE Land cover
(CLC) database for the year 2000 (CLC2000) (xi). The overlapping of these two maps, after
nomenclature harmonisation, showed a disappointing 44% agreement value. This low value
contrasts with the high accuracy expressed by our validation procedure. This evidences the
fact that the used sample set is not as representative as it should be.
We also have produced statistics for the final map (Figure 4). These showed that our final
map clearly overestimate the presence of Permanent Crops (241 and 242). The former map
comparison revealed that Permanent Crops of our map are appearing in CLC Non Irrigated
Crops areas. This could be consequence of the fact that many of the permanent crops present non irrigated crops as understory systems.
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Figure 4: Statistics of percentage cover for the 19 class final map
From the map comparison we could also realize that the Rice Crops (23), Barren (6) and the
Natural Grasslands (371) classes are overestimated. While the former is mainly mixed with
the Irrigated class the later is generally mixed with all natural vegetation classes and essentially with the non irrigated crops class. This last class confusion may be explained by the fact
that these non irrigated crops and natural grasslands have an annual similar behaviour
(green in winter and dry in summer).
A different approach in the classification methodology that could have been used in order to
diminish these misclassifications was to have used a maximum likelihood classification algorithm with area-weighted priors. Literature has showed that the use of this algorithm instead
of the standard maximum likelihood classification algorithm (used in this study) in land cover
classification procedures leads to more accurate results (xii). These area-weighted priors
could be calculated based on the CLC2000 contributing for a better and truer result of our 19
class final map.
Also, the use of a strong statically valid collection of samples that would grant a better representativeness of reality, would lead to greater confidence in the results.

119

Proceedings of the 2nd Workshop of the EARSeL SIG on Land Use and Land Cover

CONCLUSIONS
The main goal of the current study was to develop a land cover classification for mainland
Portugal based on a multi-stage classification approach using the spectral and temporal pattern analysis of MERIS Level 2 full resolution data. As a final result it was produced a 19
class land cover map with an estimated accuracy of 79%, suggesting that the proposed
methodology is effective in land cover characterization. Although, there were some misclassifications that the used validation didn't captured. Thus, for greater confidence in the results, a
statistically valid collection of samples that can grant a better representativeness of reality is
required in the future. Also, the use of more sophisticated classifiers, like the maximum likelihood classification algorithm with area-weighted priors, may lead to results improvement.
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REMOTE SENSING IN DESERTIFICATION RESEARCH
Remote Sensing is quite an established tool for monitoring processes of desertification. There
are, however, neither standard methods nor standard indicators for desertification research.
The objective of this study is therefore to develop desertification indicators and to measure
these indicators using remote sensing. Study region is the North of the Republic of Lebanon.
LINKING CHANGE DETECTION RESULTS WITH DESERTIFICATION INDICATORS
Based on a literature review regarding desertification theory and Lebanon’s environment, a
desertification model is developed for Lebanon. From this model the main pathways leading
to desertification are extracted, and indicators are developed for the determining factors.
These indicators are translated to from-to-classes in order to make them detectable by
change detection.
After thorough preprocessing of the data (Landsat TM of 1987 and ETM+ of 2000), three bitemporal change detection methods are applied: Change Vector Analysis (CVA), Iterative
Principal Components Analysis (IPCA), and Multivariate Alteration Detection (MAD) in
combination with Maximum Autocorrelation Factor (MAF).
With the aid of spectral signatures of relevant classes, resulting change directions of CVA are
linked to the indicators. Spectral signatures are also elaborated for Principal Components
(PCs) and MAF/MAD Components (MAFs/MADs), so that these can be linked to the
indicators as well.
RESULTS
A desertification model was developed for Lebanon, key factors for Lebanese desertification
were identified, and indicators for those key factors were developed.
A way was found to link CVA change directions with desertification indicators. For IPCA and
MAF/MAD the problem was solved how to derive change directions out of the PCs and
MAFs/MADs, respectively. These directions could then be linked to desertification indicators.
Furthermore, possible ‘hot spots’ could be visualized with the change magnitude image
resulting of CVA. A way was found to calculate the overall change magnitude for all PCs. For
MAFs/MADs change probabilities were computed, which could be compared to magnitude
images. A comparison of the results showed high agreement.
Despite difficulties to fully accomplish the original objective of linking change detection results
with desertification indicators because of inaccuracies with the derivation of spectral
signatures, some concluding statements about the actual process of desertification in
Lebanon could be made.
CONCLUSIONS
CVA proved to be the most straightforward method regarding a linkage to desertification
indicators. The use of MAF/MAD might be worthwhile, however, since no radiometric
preprocessing is necessary.
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ABSTRACT
Mulch means soft and they are covering materials to expand on sand dune /soil surface or
around the roots of the plants for erosion control, weed control, evaporation decrease and
improvement of water penetration. The kind of mulch depends on the aim and local and situation sand dune. The use of mulch in combating desertification is an efficient practice in hard
climatic condition of Iranian deserts. The main purpose of most of such management practice
is to establish condition for fixation of sand dune, and plant growth. Active and mobile sand
dune usually located in hard climatic condition of Iran and therefore it is too difficult to study
the effect of petroleum mulch on sand fixation, temperature change and plant growth. Remotely sensed data might be a useful tool to overcome some of these problems. Because
remote sensing data, firstly can overcome the ability to differentiate mulch/non-mulch and
other land cover types, secondly, remotely sensed data can provide a synoptic view of area.
In this study thermal and reflective bands of Landsat thematic Mapper (TM) and ETM+ data
and other sources of information including topographic maps, aerial photos and field work
were used. The methodology was comprised of: 1) images processing, 2) feature space
analysis and 3) relationship between thermal and reflective data. The results from image
processing show that the behavior of the Landsat thermal data is completely different from
reflective data. The results from color composite images including thermal bands have shown
the capability of thermal bands in separability of mulched and non-mulched areas .We generally conclude that selection of TM, ETM+ thermal band is important step to evaluate the area
covered with petroleum mulch.
INTRODUCTION
Desertification has been variously defined in the literature (Helleden, 1988), with no single
definition being unanimously accepted. According to UNCOD (1978) it refers to they diminution or destruction of the biological potential of the land that can lead ultimately to desert-like
conditions. This definition is adopted here with the modification that the process is limited to
an arid environment. Just as the definition is controversial, the severity of global desertification, especially those in African countries, has been questioned by a number of researchers.
For instance, Hellden (1991) was special of the existence of a secular, mainly man made
trend of desertification in the Sahel.
The expansion of desertification areas or their rehabilitation to productive use is inevitably
accompanied by changes vegetated to denuded cover or vice versa. Monitoring of these
changes is ideally accomplished from multi-temporal remotely sensed data. Remote sensing
has been successfully applied to the monitoring of desert expansion (Luk 1983) and to the
assessment of factors that may cause desertification (Hanan et al. 1991). Gad and Daels
(1986) Visual interpretation of Landsat Multi-Spectral Scanner (MSS) images and aerial photographs enabled to identify areas endangered by desertification along the Nile Valley.
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The result from multi-temporal remotely sensed images are usually compared with each other
to detect the changed areas and to assess the severity of desertification. In monitoring the
arid land of south-western Utah, Robinove et al. (1981) used multi-date Landsat MSS images
to detect the changes in surface albedo, on the basis of which the cause of desertification
was determined. Similarly, Tripathy et al. (1996) assessed the severity of desertification in the
Karnataka state of India by comparing the albedo images derived from landsat MSS and Indian Remote Sensing (IRS) satellite data. Ringrose et al. (1990) first classified multi-temporal
Landsat MSS images of south-east Botswana into 16 classes of land cover from which indicators of the severity of degradation were derived. Mishra et al. (1994) quantified the temporal
changes of vegetative cover, sand dunes and sand sheet around the Thar Desert in Rajasthan, India, using both MSS and IRS data. While the changes in derestified land were adequately analyzed, they failed to relate these changes to changes in other land cover.
In order to study desertification based upon remotely sensed data, some surface features and
their related reflectance must be understood. The most important surface features which affect of surface reflectance are as follow:
A. Surface crust
Many researchers stated: “early remote sensing researches of soil recognized the fact that
soil often formed surface crust that could make a soil appear dry when it was actually wet”.
Ben-Dor E. (2001) observed higher reflectance value in the VIS region from crusted soil relative to the same soil with the crust broken. Soil crust and cover can be formed by different
processes. The biogenic crust, as discusses earlier, is one example of such interference.
Aeolian material and desert varnish are other. A lithosphere crust that is often found in soil is
called “rain crust”.
This crust is formed by raindrops, which cause a segration of fine particles at the surface of
the soil. This can increase runoff and lead to soil erosion. The crust in effect is more pronounced in saline soil and has been well studied in relation to the mineralogical and chemical
and chemical changes of the soil surface. One can assume that the reflectance spectrum of
the “rain crust” would be totally different from that of the original soil, because it contains a
greater clay fraction with a different textural component. In the literature, the issue of “rain
crust” as it affects the spectral signature of soil has not received considerable attention; however, we encourage workers to consider this problem in their studies. Recently Ben-Dor E.
(2001) was able to show: 1) the albedo increase as the rain amount increases (similar to what
has been clearly observed by other workers); (2) the clay spectral signature are enhanced as
the rain increases. This suggested that remote sensing of crusted soil may be interpreted as
clay-like soil, and if NIR analysis is applied, wrong conclusion could be drawn. Alavi Panah et
al. (2006), Due to spectral confusion among urban-crust areas thermal band could be useful
for differentiating between urban and rural crust areas. TM/ETM+ thermal band is offering as
a discriminative tool for accurate determining of the urban and rural classes and improving
land cover/land use classification in dry lands.
This observation actually stresses the view that in remote sensing, the entire profile cannot
be assessed, and thus a classical soil mapping, where all of the soil’s profile properties are
taken into account cannot be done via remote sensing means.
In the remote sensing of the earth using sun radiation, only the upper 50 μm of the soil
sensed. Accordingly, all processes that take place in this thin layer must be significantly considered in quantitative remote sensing. This is very important with regards to soil, where the
entire soil body ( 0-2 m) (strongly required for soil mapping classification) cannot be sensed.
B. Mulch
Many researches have shown that mulch increase production potential in arid and semiarid
lands (Tork_Nejad 1997, Xiong et al 1969). Mulch has extracted from a German word
(moelsch) which means soft and they are covering materials to expand on soil surface or
around the roots of the plant for erosion control, weed control, evaporation decrease and im-
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provement of water penetration. The kind of mulch depends on the aim and local situation.
There is different type of mulches such as: chaff, leaves, manure, paper, glass, wood, the thin
plastics, polyethylene, sand, chemical and oil products (Babayof et al 1995).
Water resource limited caused production decrease in agriculture ecosystem especially in
arid and semiarid areas and in most of agriculture lands decreased or ruined they plant production. Investigators had offered so many ways to provide water and campaign against dryness (Fenster 1973, Javanshir 1985, Koochiki et al 1989, Meshkat 1998 and valizade et al
1945). One of these usages is different mulch, which can produce different yields in dry situation and irrigation water deficiency in arid a semiarid areas (Tork-Nejad 1997, Xiong et al
1969 and Zuzel et al 1990). They are covering mulch to expand on soil surface or around the
roots of the plant for erosion control, weed control, evaporation decrease and improvement of
water penetration. The kind of mulch depends on our aim and local situation. These mulches
are; chaff, leaves, manure, paper, glass wool, the thin plastic, polyethylene, petroleum mulch
(Fig. 2) sand, chemical and soil products. Usage of straw mulches (debris) is almost cheap,
and has known in great deal in 1940 decade (Babayof et al 1995). One of USA agriculture
center has used different polyethylene mulches (Akbarzade 1996 et al 1985). Paper mulches
are used in Hawaii to produce sugar root (Meshkat 1992). Chen Siqi et al (1996) used the
effect of polyethylene mulch on cotton. Dong Zhiyoung and Qian Bingfa (2002) has experimented the effect of straw wheat and corn mulches on yield production.
The use petroleum mulch is a rather new development in agriculture and is in the experimental stage. When sprayed onto the soil over plant seeds in a band usually five to six inches
wide, the mulch forms a thin skin of petroleum resins over the soil particle it has been observed in many instances that seeds covered in this manner germinate several days earlier
and develop more rapidly that seeds not covered (Fig. 2) .This seeds germinate also at a
more uniform rate when thusly covered. A review of the literature reporting the results of studies designed to evaluate the agronomic benefits of petroleum mulch applications, indicates
that different opinion exits concerning the manner in which the physical environment of a soil
is changed when the mulch is applied. Experiments were designed to elucidate the mode of
action of petroleum mulches.
In according to these researches, we have been decided to study the different remotely
sensed data on discrimination of mulched from none mulched in Kashan area.
MATERIALS AND METHODS
The study area
The research was carried out in the kashan area on the central Kavir of IRAN (Fig. 1). Geographical coordinates of the area between 33°,45' –34°,45' of the northern latitude and 51°.00
–51°,30' of the eastern longitude. The study site covers an area of approximately 60000 ha.
the area has a arid climate, with cold winter and hot dry summer, the amount of annual rainfall is 139 mm, most of the precipitation falls in spring and winter, the mean annual temperature is 19.46 °C, summer maximum 42.51 °C, winter minimum –1.97 °C .The soil temperature
regime is thermic and the moisture regime is aridic and approximately level to undulating topography area. The dominant land use is very poor range and a small area is field crops and
garden. According to the Geological map (1:100000 scale) most of the area is covered with
Quaternary sediments, reiolite, limestone, marl and sandstone and conglomerate.
In this study, remotely sensed data from TM, and ETM+ bands dated 17 May., 1988 and 9
Aug, 2002 respectively, soil map at 1:50.000 scale, topographic maps at 1:50.000 scale, aerial photos at 1:40.000 scale and fieldwork have been used for multitemporal analysis. The
software’s such as ILWIS 3, ARC VIEW 3.1a, were used.
Field work and representative training sites
The fieldwork as one of the most important steps was carried out. Localization was one of the
main problems for the collection of data and information from the study area. According to
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texture ,pattern and tone of false color composite the training site on screen were selected ,
the training sample are mulch ,sand dune ,crop , salt crust and desert crust.

Figure 1: The study area.

Figure 2: The use of mulch in different surface conditions.
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Spectral signature evaluation
The validity of the training data was evaluated both from visual examination and from quantitative characterization. The spectral signatures of the main features such as sand dune,
mulch, vegetation and asphalt in the roads was evaluated (Fig. 3). Also spectral signatures of
the training samples was evaluated by using the reflective and also TM and ETM+ thermal
bands (Fig. 4) as the most informative bands based on the obtained result from the calculation of Optimum Index Factor (OIF). Image analysis and image processing methods include
band ratio (Fig. 5 a and b), false color composite (Fig. 6 a, b, c and d), principle component
analysis (Fig. 7 a, b and c) and NDVI (Fig. 8) were made to enhance and to evaluate detected
changes.

Figure 3: Spectral reflectance of the some features.

Figure 4: Feature space plot of the training site.
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Figure 5a: The ratio of TM6 /TM4

Figure 5b: The ratio of TM6 /PC1.

Figure 6 : Color Composites of thermal and reflective bands.
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Figure 7a: TM FCC PC1,PC1, PC3 (RGB)

Figure 7b: ETM FCC PC1,PC1, PC3 (RGB).

Figure 7c: TM FCC PC3,PC1, PC3 (RGB)

Figure 8: TM PC1/NDVI.

Sampling techniques
The sampling was performed by displaying the conventional FCC on the color monitor and
then the training samples were carefully assigned. As a result, the land cover types having
inherently similar spectral pattern were detected. Finally the classes were determined not only
by the occurrence in the field but also by their separability and their spectral signature evaluation.
Registration for change detection purpose
The TM and ETM+ images were geometrically corrected toward the UTM co-ordinates. Then
a 3 by 3 majority class filter was applied to the classified TM and ETM+ data set prior to registration.
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Figure 9: Visual interpretation of non changed and changed area.

RESULTS AND DISCUSSION
Using visual interpretation, field working, the training area were Defined and changed area
was mapped (Fig. 9). Using various change detection methods, changes were detected and
finally the changes map was produced (Fig. 10)
Based on this research we can conclude that;
1.

The main mulch area changes can be detected.

2.

The TM and ETM+ thermal bands contain complementary information to the TM and
ETM+ reflective bands and combination.

3.

By comparison correlation of thermal and reflective TM and ETM+ bands we can conclude that generally these correlation in ETM+ band is lower than TM bands, indicating
more information of thermal ETM+ bands cause to higher spatial resolution (60 ×60m).
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Figure 10: Result of classified, A. TM bands and B. ETM+ Bands
4.

Ideally change detection methods should involve data acquired by the sensor with the
same spectral and spatial resolution. Nature of change detection is complex especially
with remote sensed data. But from the obtained result we may conclude that in detecting
the nature of materials or land cover types the difference between spatial resolutions of
reflective bands might not be so important and more detected spectral information relevant to the physical and chemical composition can be more important. But in the same
condition because higher resolution ETM+ thermal band may provide more useful information for soil studies.

5.

Further research is necessary for comparison between the information content of TM and
ETM+ data with the same data of recording.

CONCLUSION
In this study mulched area in Kashan area was mapped from 1988 and 2002.
The main part of mulch area mostly changed and destructed. By comparison its western part
is better covered by vegetation. The reflectance characteristics of land and mulch area are
influenced by a number of factors such as vegetation, oil mulch, smoothness and roughness
of land surface.
Additional factors that can influence the change are reflectance between three different.
Landsat provides imagery of the earth surface on a regular basis for this reason; it is ideally
suited to monitoring or detecting mulch change over time. In spite of this there appear to have
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been few attempts to incorporated Landsat data into environmental monitoring programs. It is
suggested that there are two main reasons for this. First many of the changes that occur are
in too small a scale to be detected and mapped using Landsat data TM/ETM+ images and
GIS are useful tools for change detection.
From the result of multi-temporal analysis we concluded that some drastic land cover
changes took places in the area in period 1977-2000. The TM/ETM+ satellite images and GIS
are offering a valuable contribution to fulfilling the information need in the sand dune fixation
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ABSTRACT
Cropland expansion in the largest grazing reserves in northwest Nigeria is documented with
multisensor data for the period 1965 to 2002. Natural vegetation lands in 1999 are mapped
from a land cover classification of Landsat ETM+ data. This land cover information is complemented by ground-based quantitative information on plant productivity of grasslands and
croplands (2001-2001). Spectral class membership of ground vegetation plots, mean NDVI
values of the plots and interrelation with vegetation parameters are used to transform spectral
classes into information classes. The results show that about 85.2% of the natural vegetation
land are slightly degraded in terms of dry matter production per hectare. The grasslands of
the reserves are pinched by cropland expansion from the farming enclaves inside the reserves but the rate and extent of cropland encroachment at the fringes of the reserves are
much more pronounced. Both types of cropland expansion affect primarily the centre and
south of the reserves, which are endowed with the more productive grasslands. Despite a
north-south rainfall gradient, productivity of the enclaves’ cropland decreases from south to
north. Cropland expansion is highest and fastest in the southern enclaves. This may indicate
land use intensification in the northern enclaves that contrasts with agricultural expansion at
the existing technological level in the south. Limited availability of high spatial resolution satellite before 1999 and for the right seasons restricts retrospective analyses on land cover dynamics and their relationship with land use. Further ground measurements under variable
rainfall amounts and in areas stratified a priori by synoptic remote sensing data are needed
for a future assessment of the impact of human management on vegetation cover in the study
area.
INTRODUCTION
Cropland expansion is one of the major forces driving land cover change in the SudanoSahelian zone (i). Population growth is estimated at more than 2 per cent annually, and annual cropland expansion rates ranging from 3% to 5.8% (1961-1989) and 1.4% to 4.8%
(1984-1997) were observed in local studies throughout the Sudano-Sahelian zone (ii). Most of
this expansion happens at the existing extensive technological level and at the expense of
natural vegetation land. Therefore, either of the two land change scenarios dominating the
literature argue that cropland expansion onto rangelands may have implications for plant and
livestock productivity. The land use intensification scenario implies that land use systems
change from extensive land use to intensive crop-livestock farming systems that may be more
productive in terms of biomass than a natural ecosystem under comparable rainfall (iii, iv).
The land degradation scenario predicts that bioproductivity of natural vegetation lands is
threatened by increasing pressure on shrinking land resources due to rising human and livestock populations (v, i). Like in many other regions in Africa, there is a severe shortage of the
relevant countrywide, as well as regional and sub-regional, quantitative and qualitative information on vegetation cover and current land use. Most geographic information activities involving the use of remote sensing data for land use/land cover change research in West African drylands use coarse spatial resolution data for analysis at the regional- and the continent-
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wide scale (vi,vii, viii). A detailed spatial quantification and description of land use and land
cover at the local scale is required to link the coarse-scale to the local- to regional-scale. This
can be achieved by using high spatial resolution satellite data sets such as those from
LANDSAT, SPOT and MODIS (ix).
The present paper demonstrates land use and land cover assessment and change detection
in the largest grazing reserves in northwest Nigeria –the Zamfara and Runka reserves. The
reserves exemplify rural areas and the typically data-poor contexts in the Sudano-Sahelian
zone. The case study area is also exemplary for common access rangelands around which
an aureole of incremental land degradation appeared in the late 1980s (x). Research carried
out in the 1990s considered agricultural expansion, overgrazing and fuel wood extraction as
major land degradation problems (xi). Based on sample areas in the Zamfara Reserve it was
estimated that between 1962 and 1994 the tree density had been reduced by 50%, that 7085% of the vegetation had been removed and 6.7% of the rangeland had been appropriated
for cultivation (xi). Yet the reserves stand out as a distinctly positive production area, surrounded by low production agricultural lands in the 250-m MODIS mean maximum NDVI
dataset of the period 2000-2003 (xii; dataset courtesy of Michael E. Budde). This is confirmed
by the 500-m MODIS Vegetation Continuous Fields dataset of 2001 (xiii, xiv).
The main objectives of the paper are: (1) the assessment of the long-term rate and extent of
cropland expansion in the reserves and (2) an inventory of grasslands vegetation cover with
remotely sensed data and ground measurements of vegetation parameters on grasslands
and croplands. The analyses provide baseline data against which future land use/cover
changes in the reserves can be assessed.
METHODS
Cloud-free dry season Landsat scenes covering optimal time intervals (February 1988, October 1999, May 2002) were selected to map cropland expansion. In addition, a Landsat MSS
scene of January 1976 (xv), a SPOT HRV XS mosaic of November 1994 and three CORONA
satellite photographs of November 1965 (xvi) were used to extend the monitoring of cropland
expansion as far back in time as possible. Visual image interpretation was most feasible for
the detection of complete land cover conversions as a result of land use change. 794 GPS
records of cropland boundaries supported the mapping of cropland areas in 1999 in 2000.
The cropland areas mapped by visual image analysis were masked from the October 1999
Landsat ETM+ image which was transformed to a standard NDVI image and classified by a
parametric unsupervised ISODATA classification.
This analysis of remotely sensed data was complemented by a ground-based study that was
conducted in the reserve from August 2000 to July 2001. Tree and shrub density, crown
cover, leaf mass, and herbaceous biomass were measured on the twelve 1000-m transects.
Six transects were located in the northern zone which encompasses half of the grasslands in
the reserves and receives 650-700 mm rainfall. Three transects each were placed in the central and southern zone which receive 800-850 mm rainfall.
On each transect, the herbaceous layer was sampled with twelve 1 m2 sampling quadrates
placed at random. In each quadrate, plant species cover was estimated at the first sampling
and plants were subsequently clipped, air dried and weighed to estimate herbaceous biomass production from the early wet (May-July) to the late dry season (February-April). Shrubs
(woody plants <5 m height) were recorded on the first 200 m of the transects using 4 circular
0.5 ha-plots at intervals of 50 m. Trees (woody plants >5 m height) were recorded in 4 circular
1 ha-plots at 250 m intervals. The tree crowns were measured with a pole, and basal circumference with a measuring tape. The height, large and perpendicular crown diameters of
shrubs were measured with a measuring tape, while base diameter was taken at 20 cm
above the ground using a Vernier calliper. Tree and shrub foliage mass were estimated using
specific regressions between foliage mass and height, trunk circumference and crown area
for different species (xvii).
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Mean NDVI values of pixels in a buffer representing the transect sampling plots were calculated in ArcGIS and related with vegetation parameters. The strongest positive interrelation
was found between NDVI and herbaceous or total biomass. The unique spectral classes were
transformed into information classes by a sequential examination of the class spectral characteristics, the mean class NDVI values and information on plot vegetation parameters. The
resulting land cover classes are differentiated by growth form, total forage mass and total
vegetation cover. The total study area is composed of 87.00% natural vegetation land, 7.29%
cropland and 0.03% built up areas and 1.65% barren land. The remaining 4.03% of the area
were classified as land cover water and haze.
The productivity of croplands in the reserves was assessed in each of the four farming enclaves in the Zamfara reserve: Dumburum (north), Shamushalle (centre), Tsabre (south) and
Aja (south). Three (1 low, 1 medium and 1 high productivity) crop fields were selected for the
determination of weed mass. A diagonal transect of 100m was used on each field and the
standing weeds and litter were harvested using a 1m2 sample quadrat placed at every 10 m,
dried and weighed for dry matter estimation. Crop residue mass was estimated from 100m2
sample plots in 19 randomly selected crop fields in each of the four enclaves. The grain yield
of sorghum, cowpea and millet was measured using a pan scale with a readability of 50g.
Crop residue mass of sorghum, millet and cowpea were estimated using the grain/stover multiplier mean value of 3, 3 and 1.5, respectively. SAS (1988) was used to analyse the data.
Where means were found significant, Least Significant Difference and Duncan’s multiple
range test were used to separate the means.
RESULTS & DISCUSSION
As a result of cropland expansion in the four designated farming enclaves and cropland encroachment at the fringes of the reserves, the area of land under cultivation increased from
0.7% of the total study area to 7.5% between 1965 and 2002. The enclaves increased their
cropland most between 1988 and 1994 and cropland encroachment at the fringes of the reserves also accelerated after 1988. By 2002, the rangeland area encompassed by the reserves since their demarcation in 1962 was reduced by altogether 20.3%. While the years
between 1988 and 1994 stand out as phase of extreme expansion (Table 1), the mean annual increase of cropland expansion between 1965 and 2002 ranged from 1.6% to 4.7% in
the enclaves. This range corresponds to data from the literature on agricultural expansion in
semi-arid West Africa (i, ii). The accelerated cropland expansion after 1988 is related to land
allocations, in-migration and the lack of enforcement of legal restrictions on farmland expansion in the reserves (xviii, xix). Encroachment at the fringes of the reserves dwarfed the expansion of the enclaves both in terms of rate and extent (Table 1). Cropland encroachment at
the reserves’ fringes corresponds to annual rates of 77% (1965-1988), 16.1% (1988-1994)
and 2.9% (1994-2002).
Table 1: Long-term cropland expansion in the reserves (hectares).
Year mapped
Enclave farmland
Cropland encroachment
Encroachment (% of total cropland)
Cropland surface cover (%)

1965
2069
0
0
0.7

1988/1990
3640
5039
58
2.8

1994
7065
12353
63.6
6.3

2002
7510
15560
67
7.5

There was a clear positive interrelation between NDVI values and mean total and mean herbaceous biomass (r=0.6) measured at the 12 transects. Given this positive but weak interrelation, the vegetation and productivity parameters indicate a trend but are not necessarily representative for the respective land cover class (Table 2). The vegetation parameters and
NDVI values for the land cover classes show that the woodland is differentiated by higher
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woody cover which adds up with the mean herbaceous biomass to the much higher total biomass (Table 2). The open grasslands have similar woody cover but lower herbaceous biomass than the grasslands (Table 2). The herbaceous biomass contributes most to total forage mass in the grasslands class (82.7%). The natural vegetation land of the reserves is
composed of 14.8% woodland, 57% grasslands and 28.2% open grasslands. In terms of total
biomass (Table 2), the results show that about 85.2% of the of the natural vegetation land in
the study area are only as productive as fallows and common access rangeland in a drier
northeastern Nigerian location (iii). The land cover analysis of Landsat 7 ETM+ data (19 October 1999) reflects the same general pattern of vegetation cover in the study area as the
MODIS VCF tree and herbaceous ground cover layers (xiv).
Table 2: Summarised vegetation parameters for spectral classes.
Mean
Crown cover trees (%)
Crown cover shrubs (%)
Woody cover (%)
Herbaceous cover (%)
Herbaceous biomass (kg dm ha-1)
Total forage mass (kg dm ha-1)
Plot NDVI 99

Woodland
4.6
6.2
10.4
42.5
1540.5
2128.4
0.30

Grasslands
4.6
3.0
7.4
64.2
1221.5
1477.3
0.24

Open grasslands
4.1
3.1
7.1
51.8
1084.5
1440.8
0.11

The land cover map shows that the centre of the reserve has the highest contribution of
woodland and the highest biomass, which tallies with the observation that the central zone
has a significantly higher mean herbaceous plant mass that is 22% and 19% higher than the
values recorded for the northern and southern zones, respectively (Table 3). Total annual
standing biomass from the herbaceous layer, trees and shrubs was also highest in the central
zone (Table 3). These results are surprising, because the south of the reserves receives
higher mean annual rainfall (xviii).
Table 3: Annual mean plant mass (kg DM ha-1) of the different zones of the reserve. Means
within the same column with different superscripts differ significantly (P<0.05).
Zone
North
Centre
South
Mean

Herbaceous
layer
1138b ±228
1457a ±308
1183b ±205
1259 ±173

Leaf mass
(trees)
228 ±131
269 ±167
253 ±43
250 ±20.7

Leaf mass (shrubs)

Total

105 ±101
241 ±229
129 ±32.9
204.1±69.3

1471
1967
1565
1668

Judged by productivity (kg dry matter (DM) ha-1) in a season with average rainfall (20002001), the natural grasslands of the reserves can be described as slightly degraded rangeland. The mean leaf mass recorded for the trees and shrubs in the reserves (Table 3) is close
to the value of 500 kg DM ha-1 reported for the Southern Sahel (xx) and comparable to the
350 kg DM ha-1 that have been reported for open Sahel Savanna Woodland in northeast Nigeria with lower mean annual rainfall (iii). The mean herbaceous biomass in the study area is
only as much as the herbaceous biomass measured in drier northeastern open Sahel Savanna Woodland (iii). The mean density of 138 woody plants ha-1 (data not shown) is rather
low if compared with a mean density of 538 woody plants per hectare for a forest reserve in
the Kano Closed Settled Zone (CSZ) with 700 mm annual rainfall (iii). Nevertheless, the values for the Zamfara Reserve are twice as high as mean woody plant densities for unprotected
shrubland in the Kano CSZ (iii).
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Yield of crops and their by-products showed a non-significant decrease from the south to the
north of the reserve. This is despite a north-south rainfall gradient of 650-850 mm in the reserves. The highest yields of both grains and crop residues were recorded in Dumburum
(north) for millet, sorghum and cowpea. Shamushalle in the centre had lower yields, and the
two southern enclaves had the lowest yields but the highest amount of farm weeds. The expansion of cropland in Dumburum from 1965-2002 is the lowest of all enclaves and the two
southern enclaves have expanded their croplands most in this period of time (xviii). Higher
cropland productivity and lower rates of cropland expansion in the drier northern part of the
reserves indicate land use intensification that contrasts with agricultural expansion at the existing technological level in the south of the reserves.
Total forage mass on croplands, excluding grains, averaged 2997 kg DM ha-1 and was lower
than the value of 6489 kg DM ha-1 reported for semi-arid northeast Nigeria (iii). The forage
from cropland residue yield was 38% higher than the total mass recorded for the natural
range. This supports the theory that the quantity of plant mass on crop fields may be higher
that than in natural grasslands under comparable rainfall (iii). However, this comparison was
based on mean forage production of the sites at the end of the season. On total annual production, the grasslands thus produce more forage compared to the croplands. Similarly, forage supply from the grasslands is throughout the year while forage production from the croplands becomes available only at the end of the growing season, unless the forage is preserved and used in the dry season.
CONCLUSIONS
The case study shows that despite limited remote sensing data availability, land cover change
expressing the appropriation of natural vegetation land for cultivation can be monitored in
spatially explicit terms. Modifications within the land cover classes can hardly be assessed
with the available high resolution Landsat data before 1999 because data availability is very
limited for the study area (xvi). Data availability would restrict retrospective change detection
analyses to anniversary date images of October 1980, 1986 (Landsat MSS) and 1999, or
November 1972, 1978 (Landsat MSS), and 1986 (Landsat TM). Compared to long-term
(1961-2002) average rainfall, annual rainfall in the study area ranged in the October time series from average (1980) to dry (1986) and wet conditions (1999). In the November time series, 1972 was a year of extreme drought, whereas 1978 was a wet and 1986 a dry year.
Comparison of the state of natural vegetation areas for these years will reflect vegetation dynamics, but change detection interpretable in the sense of positive or negative impacts of
human management, especially grazing, can hardly be derived from the available data.
The present results from both ground measurements and remote sensing do not support the
claims of local scale studies that deforestation and removal of vegetation have led to widespread land degradation in the reserve. Like in other local-scale studies, there are contradictory elements in diagnosing land degradation and attributing agency. The now existing land
use and land cover dataset is the baseline against which future changes in the study area
can be assessed. Landsat data availability has improved after 1999 (xvi) and further ground
measurements under variable rainfall amounts and in areas stratified a priori by synoptic remote sensing data are needed for an improved understanding how human management influences vegetation cover in the reserves.
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In the Aral Sea Basin (ASB), the reduction in natural desert, riparian and mountainous
vegetation cover, the latter two consisting mainly of forests, has contributed to the advancing
desertification. An overview of the forest resources in the ASB for the last twenty years
showed that the forest area had decreased drastically, mainly through expansion of
agricultural cropland, overgrazing, and felling for fuelwood. These processes are all at work in
the survey region Khorezm, Uzbekistan within the framework of the ZEF project. The first step
for improved decision making for a sound management of forest resources is the compilation
of reliable, up-to-date data of the spatial distribution of forest resources. In Khorezm, forests
and tree stands occur naturally as the tugai forest of the floodplains along Amu Darya River,
and artificially, as windbreaks and plantations in irrigated landscapes.
The forest patches and windbreaks in Khorezm have been inventoried using remote sensing
with low altitude aerial photographs taken in 2002 and obtained from Uzbek authorities. Indepth analysis along two transects crossing in N-S (320 sq. km) and W-E (230 sq. km)
directions in Khorezm, was conducted covering virtually all landscapes. Stereo pairs of the
photographs (scale 1:20 000) were analyzed with the VISOPRET12 analytical plotter using
AUTOCAD and ARCGIS. Interpreted aerial photographs provide information on form, size,
position, mean stand height, species composition and crown density of the tugai and plantations. In addition the height, length, width, porosity, species composition and configuration of
the windbreaks (the tree strips) within irrigated lands was determined. Dendrometric data
(stand age and stand assessment of damage/health) were collected during complementary
ground truthing.
Results showed that (1) investigated forest compartments of the tugai have decreased by one
third compared to the last inventory in 1990; (2) due to various reasons, most of the
inventoried strips of trees did not match the criteria of properly functioning windbreaks.
The paper concludes that (i) the extent of degradation in the tugai can be determined from
airborne remote sensing and hence can be used for better informed decision-making when
the protection and restoration of the tugai forest with its distinctive composition of flora and
fauna is at stake; (ii) the extent of planted tree stands within the irrigated landscapes of
Khorezm can be assessed from the developed GIS map of trees and forests, and can support
decision-making on future afforestations efforts in this and similar regions in Uzbekistan.
The results of this study will be expanded with the inclusion of satellite imagery for the whole
of Khorezm in a follow-up study.

140

Center for Remote Sensing of Land Surfaces, Bonn, 28-30 September 2006

EVALUATING LAND USE CHANGE EFFECTS ON RIVER FLOW
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ABSTRACT
The trans-boundary Mara River basin is 13,834 km2 and lies across Kenya and Tanzania. It
traverses the internationally acclaimed Maasai Mara Game Reserve in Kenya and the Serengeti National Park in Tanzania. The basin receives bimodal rainfall with the mean values varying from 1400 mm/yr on the highlands to 600 mm/yr on the lowlands. The mean temperature
is 25oC. The basin is a rich mix of land covers with natural forests in its water tower on the
Mau Escarpment, large-scale mechanized farming, smallholder subsistence farms, communal
pastoral grazing lands, open savanna in the animal parks and some wetlands just before the
river discharges into Lake Victoria at Musoma, Tanzania.
There is evidence of unprecedented land use change in the upper part of the basin with farreaching consequences for the long-term sustainability of the natural resource base. To
evaluate the effects of these land use changes on the hydrology of River Mara, a hydrological
study of the basin was undertaken utilizing remote sensing and GIS tools, as well as hydrologic modeling.
Land cover change was analyzed from dry season LandSat MSS, TM and ETM images of
1973, 1986 and 2000 respectively. Digital image analysis using IDRISI Kilimajaro showed that
between 1973 and 2000, forests and shrubland have reduced by 32% and 34% respectively.
Grassland, savannah and water bodies have also reduced by 45%, 26%, and 47% respectively. However agricultural land, tea and open forests, and wetlands all increased by over
100%.
The effects of the derived land cover changes on river flow in Mara River were investigated
using the semi distributed United States Geological Survey Geo spatial Stream Flow Model.
Simulation results show that 2000 land cover data produces higher flood peaks and faster
travel times compared to the 1973 land cover data. The changes detected indicate the effects
of land use pressure in the basin.
INTRODUCTION
The trans-boundary Mara basin covers 13,834 Km2 and its located roughly between longitudes 33o47’ E and 35o47’E and latitudes 0o38’ S and 1o52’ S. The upper 65% of the area
(8,941 km2) is in Kenya, while the remaining lower portion is in Tanzania (Figure 1).
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Figure 1: Location of Mara River Basin in Kenya and Tanzania.
The 395 km long Mara River has for a long time been considered as one of the most pristine
rivers draining into Lake Victoria. The river also forms part of the upper catchments of the Nile
basin. The altitudes range from 2,932 m at its source in the Mau Escarpment to 1,134 m on
Lake Victoria. The main perennial tributaries are the Amala and the Nyangores, which drain
from the western Mau escarpment. On the Tanzanian side, Rivers Mori, Kenyo, Tambora and
Nyambire drain the basin. Rainfall varies with altitude with mean annual rainfall ranging from
1,000-1,750 mm in the Mau Escarpment, 900-1,000 mm in the middle rangelands to 700–850
mm in the lower Loita hills and around Musoma. Rainfall seasons are bi-modal, falling between April and September, and again between November-December.
The Mara-Serengeti ecosystem contains the most diverse combination of grazing mammals
in the world, holding 400,000 wildlife and livestock. However, this may not be for long with the
accelerated loss of vegetation cover in the upper catchments and associated land degradation, which consequently pose a threat to the river flows and the ecosystem (Mutie et al 2005;
Mati et al, 2005; Machiwa, 2002; 2002; Aboud et al, 2002). Despite the diversity in spatial
extent and land use, the dominant social-economic activity remains crop farming. About 62%
of the households are smallholder farmers (Aboud et al., 2002), with livestock rearing being
the second dominant activity. Tourism and wildlife are important economic activities as exemplified by the Maasai Mara Game Reserve on the Kenyan side and the Serengeti National
park on the Tanzanian side.
The high, reliable and well distributed rainfall in the highlands of the basin and the fertile soils
are favourable for agriculture, livestock and wildlife activities. Hence immigrants have been
attracted into the basin leading to population growth rates as high as 7.5 % (FOC, 2000). This
growing population is exerting high pressure on the limited land and water resources in the
basin. In order to cope with the high pressure, there have been changes in land and water
use patterns in the basin.
The modifications of natural vegetation cover and soil conditions usually lead to changes in
rainfall-runoff characteristics of the basin which consequently change the river flow regimes.
Major environmental changes resulting from the basin surface modifications observed in Mara
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River basin include high peak stream flows, reduced base flows, enlarged river channel, and
silt build-up along the river bed.
To evaluate the effects of these land use changes on the hydrology of River Mara, a hydrological study of the basin was undertaken utilizing remote sensing and GIS tools, as well as
hydrologic modeling using the USGS Geo Stream Flow Model.
The USGS Geo Streamflow Model
The USGS Geo SFM is a physically based semi-distributed geospatial hydrologic model. It
operates as an extension within ArcView 3.2 and therefore requires data in GIS formats. The
model uses remote sensed and ground observation data (soil, land cover, rainfall and evaporation), and digital elevation data sets describing the land surface to calculate the basin hydrologic water cycle (Artan et al., 2001). It provides a continuous simulation of stream flow, on
a daily time step. The model consists of two parts: a GIS-based module used for model data
input and preparation, and the rainfall-runoff processing module.
MATERIALS AND METHODS
Data Availability
Mapping of land cover change utilized a mosaic of available high spatial resolution snapshots
of LandSat MSS TM and ETM, for the years 1973, 1986 and 2000 respectively (Fig. 2 and
Table 1). Image preprocessing was carried out using techniques described in Coppin et al.,
(1996) and Lillesand & Kiefer, (1987). The topography of Mara Basin was mapped from the
recently released Shuttle Radar Topography Mission (SRTM) data (FAO, 2004). The hydrometeorological data for the basin were acquired from Kenya and Tanzania. Soils data were
extracted and computed from the Digital Soil and Terrain Database of East Africa (SOTER)
Soil Map (scale: 1:1000000) (FAO, 1997).

Figure 2: LandSat grid scene coverage for Mara River basin

Land use Land Cover change mapping
The mapping of land use and land cover change over time began with mapping the 2000 satellite imagery, then looking back into history to map the 1973 satellite imagery. Supervised
digital image processing using Idrisi Kilimanjaro software - a raster based software with GIS
and advanced vector capabilities (Eastman, 2003, Eastman, 2003) - was employed by defining training sites, on the image which are representative of each desired land cover category
(Skidmore, 1989). The classes mapped were closed forests, tea and open forests, agricultural land, shrubland, grassland, savannah, and wetlands.
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Table 1: LandSat imagery data used for this study
S.No.

Image Scene

Satellite sensor

platform

Date

1

P181R60

MSS

LandSat 3

1st Jan 1973

2

P181R61

MSS

LandSat 3

29th Jul 1975

3

P182R61

MSS

LandSat 3

31st Jul 1973

4

P169R60

TM

LandSat 5

28th Jan 1986

5

P169R61

TM

LandSat 5

28th Jan 1986

6

P170R61

TM

LandSat 5

18th Oct 1986

7

P169R60

ETM+

LandSat 7

27th Jan 2000

8

P169R61

ETM+

LandSat 7

27th Jan 2000

9

P170R61

ETM+

LandSat 7

12th Jul 2000

Land Use Land Cover Reclassification
The derived land cover datasets were reclassified and adjusted to the USGS land cover classification format so that the response coefficients used to compute excess precipitation could
be associated.
Calibrating and validating the model
The USGS Geo-SFM was first evaluated as a streamflow prediction tool for Mara River Basin.
The existing rainfall was used to simulate streamflow, which was compared with the observed
streamflow during calibration and validation processes. The generated stream flow is routed
down the stream, guided by the terrain of the basin as defined by the DEM data. The calibration and Validation was done at three gauging stations; Amala and Nyang’ores upstream and
Mara Mines downstream of the basin.
Data entry for flow routing and the routing itself were performed using the model graphical
user interface (GUI). Calibration was done manually by varying the models most sensitive
parameters. The major model parameters are Manning’s coefficient, Runoff Curve Number,
soil depth and Water Holding Capacity (Artan et al., 2002; Behailu, 2004 and Muthusi, 2004).
Each parameter was varied while holding the other parameters constant till the highest correlation between the simulated and observed was obtained. Care was taken when varying the
parameters to make sure that the final basin parameters were within actual ranges. The resulting streamflow was compared with observed values, using visual means and coefficient of
determination, R2.
Effects of Land Use Land Cover change on River Streamflow.
To assess the effects of land cover change in the basin, the USGS Geo-SFM was run separately with the reclassified land use/land cover datasets (Table 2) of 1973 and 2000 as the
only variables. Rainfall and evaporation data of nine years 1983-1992 was used during the
simulation. Rainfall, evaporation, and soils data sets were kept constant during the 1973 and
2000 land cover runs so as to eliminate their effects on the streamflow. The two simulated
hydrographs were compared using daily values, monthly and annual means. The temporal
variations of flows, flow peaks, and low flows were used to compare the two hygrographs.
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Table 2: Reclassification and association of derived land use/land cover classes.
Land Geo
land SFM

S.No Mara
use
cover

Geo-SFM

Mean curve number Velocity
for hydrologic soil
(
K)
group
(m3/s)
A
B
C
D

Description

Value

classification
1

Forests

13

Evergreen
forest

/broadleaf 55

66

74

79

0.4267

2

Tea/
forests

Cropland/
mosaic

woodland 51

68

78

82

0.3962

3

Agricultural
land

2

Dry land cropland and 71
pasture

80

86

86

0.4572

4

Shrub land

8

Shrub land

48

62

73

78

0.4572

5

Grass land

7

Grass land

60

76

81

89

0.6401

6

Savannah

10

Savannah

44

65

77

82

0.4267

7

Wetlands

17

Herbaceous wetlands

100 100 100 100 4.7854

8

Water body

16

Water bodies

100 100 100 100 6.3398

Open 6

RESULTS AND DISCUSSION
Based on the analyses of LandSat MSS, TM and ETM images of Mara River basin for the
years 1973, 1986 and 2000, land cover thematic maps (Figure 3) were obtained. The area of
the basin covered by each land cover type for 1973, 1986 and 2000 are shown in Table 3.
Between 1973 and 2000 there has been a decrease in closed forests of 31%. The reduction
can be attributed to clearing of forests for timber, tea plantation and settlement. The clearing
of closed forests has resulted in an increase in tea plantations and open forests by 214%.
The rangelands (shrubland, grassland and savannah) have decreased by 35%. The decrease
in rangelands has been caused by the expansion of agriculture which has increased by203%.

Figure 3: Land use/land cover maps of (A) 1973, (B) 1986 and (C) 2000 for the transboundary Mara River Basin.
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Table 3: Land use/land cover areas change statistics
Change

Land cover type 1973

1986

2000

(km2)

(km2)

((km2)

1008

893

689

-319

-32

Tea/Open forests 621

1073

1948

+1327

+214

Agricultural land 826

1617

2504

+1678

+203

Shrubland

5361

5105

3546

-1815

-34

Grassland

2465

1621

1345

-1120

-45

Savannah

3163

2867

2354

-809

-26

Wetlands

286

604

1394

+1108

+387

Water Bodies

104

54

55

-49

-47

Forests

(1973-2000) Change (%)
(km2)

The clearing of natural vegetation and the increase in agriculture has resulted in severe soil
erosion in the basin. Sediment deposition over the years in water bodies has reduced their
aerial extent by 47%. The deposition of sediments at the river mouth has caused a rise in
elevation of the river channel resulting in riverbank backflow during rain seasons. The overflowing water has led to an increase of the basin wetlands by 387%.
The USGS Geo Stream Flow Model was calibrated for a period of six years, from 1983 –
1988. The R2 and values obtained for Amala Nyang’ores and Mara Mines gauging stations
were 0.76, 0.74, and 0.83 respectively. The model performed better for bigger areas of the
basin. The model accurately captured the hydrograph rising limbs and peaks but was unable
to capture the recession limbs and low flows. Validation was done for 3 years from 1989 to
1991. Similar behaviour of the generated hydrograph and area of calibrations was observed.
For Amala Nyang’ores and Mara Mines gauging stations the R2 was 0.72, 0.69 and 0.87 respectively.
Comparison of the daily streamflow hydrograph (Figure 4) generated using the reclassified
1973 land cover to that generated using 2000 land cover are presented in Table 4.
The 2000 land use/land cover dataset gave higher flood peaks compared to the 1973 dataset. The hydrograph generated from 2000 land cover dataset produced the highest peak of
877.9m3/s whereas the highest peak of 1973 dataset was 827.0m3/s. The 2000 dataset peak
was higher by 6% compared to the 1973 dataset. The hydrograph generated from the 2000
land cover dataset was shifted to the left and the peak occurred earlier by 4 days when compared to that of the 1973 land cover dataset. Changing vegetation results in different runoff
curve number (RCN) which results in changes in rainfall runoff response.
The hydrographs showed that the 2000 land cover data produced streamflow even at small
magnitudes of rainfall for which the 1973 data did not. The 2000 data set produced streamflow quicker, rising to the peak faster and receding equally faster than the 1973 data set. The
erratic nature of the simulated hydrograph was more pronounced in the 2000 than in the 1973
data set and could be associated to the less conversion of overland flow to baseflow.
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Figure 4: Simulated hydrographs for 1973 and 2000 land cover data sets at most downstream
gauging station.
Table 4: Parameters obtained from the hydrographs generated from 1973 and 2000 land
use/land cover data sets.
S/No. Item

1973 Land cover data 2000 Land cover data

1

Peak flow

827.0 m3/s

2

Time of Peak May 8th

3

Mean flow

35.26 m3/s

877.9 m3/s
May 4th
35.62 m3/s

CONCLUSIONS
The land use/ land cover in Mara River basin, as shown by this study is changing at an alarming rate and its effects to the water resources base has also clearly been demonstrated. The
causes of these changes can be attributed to excision of the forests by squatters, logging for
timber and charcoal burning. There has also been demarcation of the once communal grazing land in the midlands and subsequent leasing out for agricultural activities. The change in
land ownership has caused high stocking rates because of the current population explosion in
the basin.
Different basin management options which conserve the water resource base while upgrading the socio-economic status of the population should be explored. Therefore different development scenarios should be explored and the best alternative effected for the Mara River
Basin.
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ABSTRACT
Rainfall plays a crucial role in the vegetation growing cycle and is a determining factor for
agriculture and food security. Therefore, a detailed understanding of the relationship between
rainfall variability and vegetation dynamics is very important. In this study, several indicators
were set up to analyse these two terms in more detail by comparing two test sites within
different climatic zones: one in semi arid Kenya, East Africa and one in semi humid Benin,
West Africa. Furthermore, the relationship between vegetation dynamics and rainfall
variability was investigated by examining differences of correlation between rainfall and NDVI
according to time lag and number of integrated days. For the analysis time series of 10-day
SPOT VEGETATION MVC NDVI data and continuously rainfall measurements over six years
(1999-2004) were used. These calculations were made separately for the main vegetation
cover types (grass savanna and woodland, forest and field).
INTRODUCTION
Many semi arid and semi humid areas are characterised by high rainfall variability. This is an
important constraint within low capital input agricultural production and thus, a crucial aspect
of food security (Cassel-Gintz et al. 1997, Lüdeke et al. 1999). To achieve a better
understanding of the relationships between precipitation pattern and vegetation dynamics,
several studies analysed time series of precipitation data and vegetation indices like
Normalized Difference Vegetation Index (NDVI) (e.g. Al-Bakri & Suleiman 2004, Budde et al.
2004, Eklund 1998, Richard 1998). Precipitation is especially in dry areas one of the major
driving force for vegetation growth and is therefore in general highly correlated with
vegetation. Thus, several studies estimated trends in vegetation cover or monitor land
performance and land degradation respectively by analysing relationship between rainfall and
vegetation dynamics (Budde et al. 2004, Eklundh & Sjöström 2005, Li et al. 2004, Vanacker
et al. 2005). Beyond, other studies analysed the correlation between time series of vegetation
and precipitation data considering different time lags and sums. Outcomes for response time
maximum correlations range among lags of one and three month (e.g. Davenport et al. 1993,
Eklund 1998, Richard 1998). Concerning sums, Herrmann et al. 2005 stated that sums of
three month produce highest correlations. This seems rather vague and answers to the
question which parameters influence this lag are still missing. Others focused on phenology
and specific dates within the growing cycle deriving several indicators from time series (e.g.
Reed et al. 1994, White, 1997, Zhang et al. 2005). Spatially, most studies focus on the Sahel
region (e.g. Budde et al. 2004, Hermann 2005, Li et al. 2004). However, only few studies, like
Vanacker et al. 2005 specify rainfall variability or vegetation dynamics in more detail. Beyond,
concrete comparisons between test sites and measured data are hardly found.
In this study, several indicators to describe different aspects of the terms 'rainfall variability'
and 'vegetation dynamics' were set up and their performance compared within two study
areas in different climate zones which are generally both characterized by high rainfall
variability: A semi arid area within the Mt. Kenya region in East Africa and semi-humid Upper
Ouémé catchment in Benin, West Africa. The indicators were determined for 14 in Kenya and
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10 stations in Benin considering different land cover types. In a next step, we analyzed the
number of decades influencing vegetation response. Finally, investigations were undertaken
to identify most driving forces for the integrated NDVI (iNDVI) which is assumed to be a good
indicator for the general land performance (Budde et al. 2004, Li et al. 2004).
DATA AND STUDY AREA
The two study sites (around 100 x 100 km²) are exemplarily chosen for semi humid (Benin)
and semi arid (Kenya) conditions with high rainfall variability.
In Benin, the test site encompasses the Upper Ouémé catchment which is part of the
transition zone between the Northern Guinea Zone and the Southern Sudanian Zone with
generally one growing and one rainy season. The mean annual precipitation of the test site in
Benin was in the study time period 1180 mm, with a maximum of 1893 mm and a minimum of
870 mm. The natural vegetation in the area consists of deciduous dry forest and savannah.
Due to small scale farming with periodical fallow and fire, natural forests are found nowadays
merely as relicts or in protected areas like ‘Foret l’Ouémé Supérieur’. The majority of the area
is a mosaic of woodlands and grass savannah, fields and settlements (Speth et al. 2004).
In Kenya, the test site is located on the eastern Laikipia plateau, on the foot zone of Mt.
Kenya. The region constitutes the transition zone from semi humid to semi arid conditions.
Typically, there are two to three rainy seasons with a mean annual precipitation of 676 mm,
which reached maximal 923 mm and minimal 374 mm within the study time period. According
to the climatic conditions the land cover and use varies from mountainous forests at the
mountain slopes to large and small scale farming close to the mountain. Towards Northeast,
ranches with grass savannah and woodlands which contain different fractions of woody
plants (shrubs and trees) are located.

Figure 1: Locations of the two study areas and the rainfall stations. The satellite images show
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the yearly mean values of SPOT VEGETATION NDVI for the year 2001
For the investigations, daily rainfall data from 10 rainfall stations for the test site in Benin
(from BDMET, the meteorological service of Benin) and 14 rainfall stations at the Kenyan test
site were used. Beyond, SPOT Vegetation NDVI 10 – day Maximum Value Composite (MVC)
were taken for the time series analyses. Unfortunately, for some years in Benin, rainy season
could not be determined because of too many missing measurements. Therefore,
calculations could be made for merely five or four years for some stations.
METHODS
In a first step, several indicators were determined for all samples (Tab. 1) characterizing
terms of ‘rainfall variability’ and ‘vegetation dynamics’ in more detail. The sample points were
given by the location of rainfall stations where the fractions of land cover types in a
surrounding 1 km² was calculated based on existing land use cover classifications of
LANDSAT ETM (Benin) (Thamm et al. 2005) and a combination of ENVISAT MERIS and
ASAR (Kenya).
Table 1: Indicators chosen to analyse ‚rainfall variability‘ and ‚vegetation dynamics‘ and their
determination.
Indicator
Yearly rainfall sum (ysR)
Variation of the decade rainfall sums
(vR )
Date of start of rainy season (sR)

Determination
Sum of daily rainfall
Standard deviation of 10-day rainfall sums over 6 years

First decade when the number of rainy days (minimum of 5
mm rainfall) for this decade and the 2 following decades
exceeds 4 days (Zhang et al. 2005)
Date of end of rainy season (eR)
First decade when the sum of rainy days (minimum of 5 mm
rainfall) for this decade and the following 2 is less than 4 days
Duration of rainy season (tR)
Time period between sR and eR
Days without rainfall events within a Number of days with less than 5 mm rain per day within a
rainy season (nR)
rainy season
Integrated NDVI of one year (iNDVI ) Sum of 10-day NDVI MVC values over one year
Variation of 10-day NDVI MVC Standard deviation of 10-day MVC NDVI sums over 6 years
(vNDVI)
Date of start of vegetation period First decade when (NDVI–yearly minimum NDVI)/ (yearly
(sNDVI)
maximum-yearly minimum) exceeds 0.5 * (White et al. 1997)
Date of end of vegetation period First decade when (NDVI–yearly minimum NDVI)/ (yearly
(eNDVI)
maximum-yearly minimum) falls below 0.5
Duration of vegetation period (tNDVI) Time period between sNDVI and eNDVI

In a next step for each sample, correlations with varying lags and sums were calculated
between time series of rainfall decades and MVC NDVI data for the whole time series, the
year with highest and lowest rainfall sums. Finally, investigations were made about the
relationship between corresponding indicators like eR and eNDVI or ysR and iNDVI.
RAINFALL VARIABILITY AND VEGETATION DYNAMICS
Indicators for different land cover types
The indicators are listed exemplarily in Table 2 for one sample of each main dominant land
cover type in Benin and Kenya. Because of the heterogeneity of landscape and the low
spatial resolution of SPOT VEGETATION of 1km² no ‘pure’ land cover type was found at the
rainfall stations.
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Table 2: Some indicators for different land cover types for chosen precipitation stations
Test site
Benin

Kenya

Name of
station
Djougou

Dominant land
cover type
Field (72%)

Tebou
Okpara

Grass savanna
(56%)
Woodland (68%)

Nicolson Farm

Field (46%)

Matanya

Grass savanna
(56%)
Woodland (98%)

Ol Pejeta
Nanyuki Forest
Station

Forest (68%)

ysR [mm] ± stdv

iNDVI ± stdv

nR [% ]

1355 ± 18.5%
1293 ± 8.6%

19.7 ± 3.4%
19.5 ± 2.8%

70

1176 ± 12.9%
639 ± 26.7%

16.5 ± 3.2%
20.8 ± 11.1%

73

694 ± 24.6%

21.6 ± 8.3%

73

667 ± 43.5%
674 ± 30.3%

18.7 ± 15.5%
26.2 ± 4.6%

76

68

74

72

In Benin the yearly rainfall amounts (ysR) differ between the stations a bit more than in
Kenya, although they are even in Benin not of significant difference. At the same time the
standard deviation indicating one facet of rainfall variability is much higher in Kenya than in
Benin. In Kenya, woodlands have the highest standard deviation while the others are similar.
In Benin, woodlands have also a relatively high standard deviation but not the highest. The
highest variability was in Djougou due to an extraordinary wet year in 2003 with more than
1800 mm. Interestingly, 2003 was the driest year in Okpara which shows a high spatial
variability of rainfalls in addition to the temporal one.
In contrast to ysR the yearly integrated NDVI (iNDVI) reaches higher values in Kenya than in
Benin (Tab. 2). This is probably caused by decreased NDVI value during the rainy season in
Benin due to cloud contamination (Fig.2). In Kenya, this problem occurs only at the
mountainous region (forest class). The higher iNDVi for woodland can be explained by the
fact, that Ol Pejeta in Kenya is a well managed ranch with no human impact in contrast to
Okpara in Benin (Table 2). Therefore, biomass for Ol Pejeta is less diminished.
The table shows furthermore, that the number of days with rainfall less than 5 mm per day
within rainy season (nR) is very high at all stations and ranges from 68 to 76% of the whole
rainy season for both test sites and all land covers. That suggests that rainfall amounts are
very uneven distributed within the rainy season.
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Figure 2: Mean 10-day rainfall sums and variability compared to 10-day NDVI MVC and
variability
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In general for both test sites rainfall variability (vR) is much higher than NDVI variability
(vNDVI) relative to rainfall sums and NDVI respectively (Fig. 2). This is because NDVI is
highly autocorrelated in time in contrast to rainfall. While the differences for rainfall amounts
for one decade between the years can be very high or zero, NDVI values will remain more
stable.
Therefore, rainfall variability is higher during rainy seasons than dry periods and relative high
at begin and end of growing season. This high variability is also obvious regarding the
probability of rainy season for Benin (Fig.3) which is lower for begin and end of rainy season
and 100 % in between. In contrast in Kenya the probability of a rainy season is only for 2
decades 100 %.
Testsite Kenya
120
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100
60

Rainy season

Nov 3
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Jan 1

No
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Se Oct 2

Sep 1

Jul 3
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Testsite Benin

Grow ing season

Figure 3: Probability of rainy season and growing season over the year exemplified for two
‚field‘-stations (1999-2004)
The comparison of the two graphs of Fig.3 underlines the differences of the two test sites. In
Benin begin of rainy season varies up to 4 decades and end within 3 decades. In contrast in
Kenya beginning and ending vary within 4 decades if they are not missing at all.
VEGETATION RESPONSE TO RAINFALL
Correlations between rainfall and NDVI
For the different land cover classes a correlation was calculated between the rainfall sums
per decade and NDVI MVC. The correlations were calculated for the whole time series, for
the driest and for the wettest year of the time series per rainfall station (Fig. 4). Thereby, the
correlation coefficient was calculated for different time lags between 0 to 6 decades combined
with different rainfall sums: the rainfall sum for 1 concurrent decade up to the sum of the
preceding 7 decades.
Generally, a high correlation for all classes at both test sites except for the evergreen forest
(Kenya) and one degraded site (Benin) is achieved for the whole period of consideration. The
correlations for wet and dry years are contradictory for the two test sites. While correlation
coefficients for the dry year in Benin (1000 mm) and for the wet year in Kenya (923 mm)
result mainly in even higher correlations, the correlation coefficient is completely different for
the wet year in Benin (1393 mm) and the dry year in Kenya (374 mm). This leads to the
conclusion that for yearly rainfall sums within the range of 900 to 1000 mm a high correlation
between rainfall and NDVI exists. The upper limit of 1000 mm confirms results of Davenport
et al. 1993 whereas a sensitivity of vegetation to rainfall in areas with mean annual rainfall
between 300 and 900 mm by Richard 1998 can’t be affirmed. The high correlation even in
areas with higher rainfall amounts may be due to the strong contrast between wet and dry
season which was found to be important also by Richard 1998.
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Figure 4: Maximum values of correlation for different land cover types and different time
periods.
Regarding correlations between iNDVI and ysR , the correlation coefficients are high in Kenya
for all classes except evergreen forest (grass savanna 0.91, field 0.86, woodland 0.85) and
very low for Benin (grass savanna 0.01, field 0.2 and woodland 0.3), This might be also a
result of the wrongly low NDVI values during rainy season because of cloud contamination.

Response time
The response time of different vegetation classes to rainfall is not distinct between land cover
classes (Fig.4). Regarding the lag, no significant difference in maximum correlation was found
which might be because of the heterogeneity of sample pixels.
Maximum correlation is reached for all classes with a lag of 1 and a sum of 6 decades
(Kenya) and with a lag of 1.5 and a sum of 5 decades (Benin) respectively. The mean lag
achieving maximum correlation increases from wet year to total time series to dry year for
both test sites.
Accordingly, the mean lag between start of rainy season (sR) and start of growing season
(sNDVI) is higher for the drier test site in Kenya (lag of 2.7 decades) compared to the more
humid test site in Benin (lag of 1.4 decades). On the other hand, the mean lag between end
of rainy season (eR) and end of growing season (eNDVI) is very similar in both test sites (3.5
decades) and seems to be independent of total yearly rainfall amount. This is less than
Zhang et al. (2005) found for the sub-sahelian zone with 54 to 84 days.
CONCLUSIONS
The chosen indicators illustrate different facets of the terms ‘rainfall variability’ and ‘vegetation
dynamics’ for two study sites within different climate zones. Several indicators, like variation
of the yearly rainfall sums or the rainy and growing season respectively show a higher
variability in semi arid Kenya than in semi humid Benin. In both test sites rainfall variability is
higher than vegetation dynamics. Additionally, there is a high percentage of days with rainfall
below 5 mm within rainy season: 68-76 % in both areas.
Nevertheless, the method of calculating phenological indicators contained some problems for
both test sites. In Kenya it is difficult because rainy season can fail completely but even in the
driest years some vegetation growth occurs. In Benin, cloud contamination in SPOT
VEGETATION data is a severe problem analysing growing season or calculating iNDVI
adequately.
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Heterogeneity within pixels makes it difficult to analyse differences between land cover types.
Furthermore, high rainfall amount leads to dense vegetation in Benin and hence to a
saturation of NDVI values which minimise differences between different land cover types.
Nevertheless, on a year basis correlations of iNDVI and yearly rainfall sums are land cover
specific and high in Kenya.
Concerning response time, outcomes show that higher rainfall sums lead to faster response
of vegetation.
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ABSTRACT
This local study focuses on the adaptation strategies to environmental change of the Himba
in regard to small scale agricultural sites. The Himba are a pastoral nomad population group
whose traditionally way of living consists of cattle breeding. However, in present times the
small scale agriculture in form of gardening close to the household settlements seem to be
more and more important. In order to examine this trend, a quantification of cultivated sites
and an assessment of changes over time is essential. Therefore, high-resolution remote
sensing offers the possibility to detect local scale changes.
In this study a multispectral Quickbird image (04/22/2006) of the Omuhonga region was used.
A field survey to collect precise information of cultivated crops and to determine potential
endmembers was done in March 2006. A spectral mixture analysis method was applied to
detect small scale agricultural sites, in order to quantify the area of maize cultivated gardens.
The results were compared to a vector data set containing the information about agricultural
site area of the year 1996. Furthermore, yield estimation was done for the Omuhonga region
by knowledge-based parameters for 2006.
Taking the population growth into account, an increasing total site area was found between
1996 and 2006. This indicates an adaptation strategy of the Himba to environmental changes
through diversification, which makes them less vulnerable in the context of food insecurity.
This development can also be seen as a cultural change by becoming permanent settlers.
INTRODUCTION
Whereas the effect of global warming is evident (i), the impact of the global Climate Change
on local level has to be investigated in greater detail. The Himba are a pastoral nomad population group, whose traditionally way of living consists of cattle breeding (ii). However, in present times the small scale agriculture in form of gardening close to the household settlements
seem to be more and more important (iii). This study tempted to derive information about the
adaptation strategies and reactions of the Himba in North Western Namibia in the context of
environmental change. In order to analyse this trend a quantification of small scale agricultural sites, their degree of utilisation and their changes over time is required. A field campaign
to collect this data would be too time/cost- intensive, due to the remote locations of the Himba
settlements in often inaccessible areas. Therefore, high-resolution remote sensing is an appropriate tool to detect the small scale agricultural sites and their cultivated area.
A mapping of the gardens was therefore done in 1996 by the use of aerial images and in
2006 on the basis of high-resolution QuickBird data. Additionally, during field surveys ground
truth data was collected to validate the results. Whereas in 1996 only the number of gardens
as well as the total- and the mean garden size could be determined, the used QuickBird data
set of 2006 allowed a detection of actual maize (main crop) cultivated garden areas by the
use of a spectral mixture analysis. This is an important parameter, because the Himba usually
do not cultivate the whole garden area.

157

Proceedings of the 2nd Workshop of the EARSeL SIG on Land Use and Land Cover

An empirical crop model was applied in order to deliver essential information about yield
quantity, while ethnologists only have qualitative information about yield so far (iv). The results of this study show the potential of Remote Sensing for yield estimations in inaccessible
areas and provide detailed information about local scale changes in the anthroposphere, due
to adaptation strategies of the original inhabitants.
RESEARCH AREA
The River Omuhonga, which crosses the research area, is located in the Kaokoveld in the
North Western part of Namibia (Figure 1). The predominant part of the Kaokoveld is characterized by strong hydro-climatic gradient ranging from 450mm average rainfall in the northeast (Ondangwa) to less than 30mm rainfall at the Namib Desert coast (v). Due to the very
high rainfall variability of up to 60% of the yearly medium rainfall (vi), the vegetation is dominated by shrubs and different savannah types. This entails that the living conditions in the
North western part of Namibia are determined by limited rainfall that is only moderately suitable for agricultural activities. Nevertheless, the Himba began to plant crops to diversify their
food supply besides their products resulting from pastoral nomadism (iii).

Figure 1: Map A shows the topographic overview over the Kaokoveld with a red rectangle that
is drawn to a larger scale in Map B. Map B displays the research area with the river Omuhonga
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The investigated gardens were installed along the riverbanks that are formed by nutrient rich
alluvial deposits. The cultivation of the gardens is adapted to the onset of the rainy season. In
general, the seasons in Namibia are separated into a rainy (November-April) and a dry season (May-October)(vi). The Himba starts the agronomic cycle in September/October with the
repairing of the garden fences. With the first good rain events (November/December) the
Himba begin to seed the maize. Taking the high variability of rain into account, they usually
do not seed the whole garden. In the event of a sudden absence of rain, the risk of potential
yield losses is reduced. A result of this strategy is that the Himba also plant in February.
Crops can first be harvested in April, though the main maize harvest is in June/July (iv). The
Himba use simple tools like hoes and digging sticks and tillage practices are supported nor by
animals, neither by machines. The work intensive cultivation practices comprise seeding, harvesting, weeding, banishing birds and monkeys, as well as baring the cattle from going into
the gardens. The agricultural work is mostly done by women, whereas men are responsible
for the cattle herds (iv).
DATA AND METHODS
In the present study, a multispectral QuickBird image from 22nd of April 2006 of the Omuhonga region was used. The atmospheric correction of the QuickBird image was done by the
software ATCOR2 for Erdas Imagine (GEOSYSTEMS GmbH, Germering, Germany). Further
processing steps were done using the software ENVI 4.2 (Research Systems Inc., Boulder,
CO, USA).
Two vector data sets containing the information about the garden areas of the years 1996
and 2006 were produced. The gardens were digitized from a black and white orthorectified
aerial image mosaic from 1996 with a geometrical resolution of 1 meter and from the panchromatic channel of the QuickBird image (geometrical resolution 0.6m) of 2006, which is in
both cases a very suitable resolution for the digitizing process. The garden areas were clearly
identifiable in the images, because the Himba protect their sites by the construction of broad
woody fences. The objects in the images were digitized regarding following assumptions:
first, all gardens with closed fence line were digitized as gardens; second, objects with a
small cottage inside were identified as kraals, where yield storage and livestock husbandry is
done by the Himba. During a field survey, ground truth information (location of some gardens,
cultivated crops etc.) was collected in March 2006.
The Normalized Difference Vegetation Index (NDVI) is a suitable parameter to analyse and
monitor vegetation conditions, which was already demonstrated in many previous studies
(vii). In order to detect small-scale cultivated areas in a remote area of Northern Namibia, the
NDVI was used in the present study. Although maize is the main crop of the Himba, they also
cultivate sorghum and melons. These crops as well as the trees, bushes and pasture that are
located in the gardens sometimes show NDVI values similar to maize. Hence, a classification
of maize cultivated garden areas by applying a NDVI threshold only was not effective. Therefore, the NDVI as well as the information of all bands was used for the classification by applying a spectral mixture analysis (SMA) method. The Matched Filtering (MF) algorithm is a specific type of a SMA. As opposed to the classical SMA, the Matched Filtering approach needs
only one endmember in the spectral library. It is a ‘partial’ unmixing, in which the known signature is matched (viii). The Matched Filtering requires a minimum noise fraction (MNF)
transformed image and, at least, one endmember spectrum.
A spectral library including only the endmember ‘maize’ was created, by extracting this information from image-pixels that show apparent characteristics of the endmember. Therefore
ground truth information obtained from a field survey in March 2006 was collected. The spectral information of three known agricultural sites, where maize was planted, were considered
and averaged to obtain a reference spectrum. The spectral signature was MNF-transformed
by the use of the MNF image statistics. Afterwards, the MF was applied only using the first 3
bands of the MNF transformation, which showed large eigenvalues and thus contained the
majority of the information (ix).

159

Proceedings of the 2nd Workshop of the EARSeL SIG on Land Use and Land Cover

The MF-fraction image of the endmember ‘maize’ allowed a clear discrimination of used, unused and partly used agricultural sites over the most parts. High MF-fraction values indicated
cultivated maize crop areas, lower ones indicated areas dominated by other unknown endmembers (in this case: soil, trees, bushes etc.).
The information of the NDVI and the MF-fraction result were combined, in order to achieve a
more accurate identification of actual cultivated agricultural sites. A decision tree was built to
classify the data. In a 2-dimensional scatter plot (NDVI/ MF-fraction), thresholds were evaluated for subsequent use in the decision tree regarding the ground truth information of the 3
observed sites. All pixels showing NDVI values above 0.74 and MF-fraction values above
0.81 were classified as cultivated maize areas.
In order to obtain smooth areas by removing single separated pixels, a majority analysis with
a 5x5 kernel was applied to the classification result. Thereby, the center pixel in the kernel will
be replaced by the class value that represents the majority of the pixels in the kernel.
The comparison of the vector data sets representing the garden areas from 1996 and 2006
was carried out in ArcGIS 9.0 (ESRI Inc., Redlands, CA, USA).
RESULTS & DISCUSSION
The classification result, based on the decision tree classifier, as well as the digitized gardens
of 2006 are displayed in Fig.2 and are overlaid to the QuickBird false colour composite
(4,3,2). In this subset it is obvious that no garden is completely cultivated with maize, which is
a common crop growing strategy of the Himba. In order to estimate the yield of the gardens it
is therefore necessary to know the actual cultivated areas of the gardens, which was possible
to determine by the classification result.

Figure 2: Subset of the research area, displayed in false colour composite (4,3,2) with the
digitized gardens (black) and the classification result (yellow)
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In 2006, only 57.2 % of the total number of gardens was used as indicated by the classification (table 1). Under reverse consideration, 145 gardens (42.8 %) were not used for agricultural purpose. Only an area of 8.4 % of the gardens that are under use was cultivated with
maize at this date, which corresponds to qualitative results from ethnologist (iv). As known
from experiences of field surveys, the most unused garden areas were uncultivated, whereas
only small parts were cultivated with other crops.
Due to the remote location of the gardens there is a lack of detailed ground truth information,
so that an assessment of the actual classification result could not be done. The only indicator
of the classification quality was the fraction of as cultivated classified areas that were located
within the gardens (81 %), because cases of maize cultivated areas outside of the fenced
gardens could be almost excluded.

Table 1: Results for the Omuhonga region from 2006 based on digitising and classification.
Omuhonga gardens

1996

2006

Total number

176

339

Total garden area [ha]

165.6

260.4

Mean garden size [ha]

0.94

0.77

Percentage of used gardens

-

57.2

classified maize cultivated area [ha]

-

19.6

classified maize cultivated area within gardens [ha]

-

15.8

Maize cultivated area of used gardens [%]

-

8.4

Estimated yield [t/ha]

-

1.6

Due to the fact that only panchromatic aerial images were available for 1996, it was not possible to derive information about the degree of utilization and the yield of the gardens. The
database for 1996 consists only of area, total number and average size of the gardens. The
multispectral high resolution remote sensing data of 2006 offered therefore more appropriate
information.
There was a land use change on local scale over the last 10 years in the Omuhonga region,
which is obvious by a comparison of the gardens between 1996 and 2006. Despite a population growth of only 2.9 % (iii), the total number of gardens increased about 92.6 % from 176 to
339 (Figure 3). The total garden area increased from 164.6 ha to 260.4 ha. However, the average garden size decreased from 0.94 ha to 0.77 ha.
In addition, the yield of the area of 2006 was estimated by an empirical model. Therefore, the
mean plant density was measured in field survey (39 plants on 25 m2). Each maize crop had
only one cob, furthermore the yield per maize cob was on average 103.2 g. The outcome was
an aggregated yield based on the classified maize cultivated garden area of 25.4 t, which
corresponds to 1.61 t/ha. This yield estimation will be evaluated in further field surveys by insites observations and by interviews of the inhabitants.
The indicated change of land use on local scale could be interpreted manifold: a) the increase
of total garden area is an adaptation strategy resulted of a decrease in annual rainfall (i), thus
the food supply of the Himba could be guaranteed; b) the increase is the result of the exploration of more and more less favourable land for their gardens because of increasing population
growth of about 2.9 % (iii), c) the increasing number of gardens could be seen as a cultural
change in the pastoral nomad living of the Himba, to the point of becoming permanent set-
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tlers; d) the expansion of the total number of gardens might be an indicator for an income
diversification. These assumptions have to be further investigated by monitoring this area
over the next years and by studies of ethnologists who are active in the present project.

Comparison between 1996 and 2006
400
339

350
300

260,42

250
200

164,57

176

gardens from 1996
gardens from 2006

150
100
50
0
total garden area [ha]

total gardens

Figure 3: Comparison between the two vector data sets of the gardens of 1996 and 2006
CONCLUSIONS
Spectral Mixture Analysis of high resolution imagery is a suitable method to detect cultivated
small scale agricultural sites. This could provide detailed information about the agricultural
used area of the Omuhonga for the first time. In the present study, the advantage of such
Remote Sensing applications, in areas where due to the remote location of the study area no
detailed ground truth information is available, could be demonstrated. An empirical model
estimated the yield of the study area. The achieved results correspond with qualitative results
of ethnologists and gave information about the subsistence of the Himba. The increased
number of gardens in the last decade acts as an indicator for a changing behaviour of the
original inhabitants. The observed trend and their reasons have to be investigated over the
next years by means of Remote Sensing, during field surveys, by interviews and in studies of
ethnologists.
In order to evaluate the accuracy of the used classification, more detailed ground truth information is required. In addition, to get a complete overview of all cultivated crops a complete
spectral library has to be collected during field surveys. Also a monitoring at different dates, to
capture the different harvest times, is desirable to gather information about the whole cultivation period.
However, an indication of land use change processes on local scale could be given that were
obviously driven by environmental changes. A Remote Sensing-based detection of cultivated
small scale agricultural sites was effective, where due to the remote location detailed field
surveys were too time/cost intensive.
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ABSTRACT
In the context of fire management, fuel maps are essential information requested at many
spatial and temporal scales for managing wildland fire hazard and risk and for understanding
ecological relationships between wildland fire and landscape structure.
This study aims to ascertain how well remote sensing data can characterize fuel type at different spatial scales in fragmented ecosystems. For this purpose, multisensor and multiscale
remote sensing data have been processed.
The method comprised the following three steps: (I) adaptation of Prometheus fuel types for
obtaining a standardization system useful for remotely sensed classification of fuel types and
properties in the considered Mediterranean ecosystems; (II) model construction for the spectral characterization and mapping of fuel types; (III) accuracy assessment for the performance
evaluation based on the comparison of satellite-based results with ground-truth.
Two different approaches have been adopted for fuel type mapping: the well-established classification techniques and spectral mixture analysis. Results from our investigations showed
that remote sensing data can provide valuable information for the characterization and mapping of fuel types and vegetation properties at different temporal and spatial scales from
global, regional to landscape level.
INTRODUCTION
In the context of fire management, fuel maps are essential information requested at many
spatial and temporal scales for managing wildland fire hazard and risk and for understanding
ecological relationships between wildland fire and landscape structure.
Due to the complex nature of fuel characteristic a fuel map is considered one of the most difficult thematic layers to build up especially for large areas. Aerial photos have been the most
common remote sensing data source traditionally used for mapping fuel types distribution.
Nevertheless, remote sensing data can be an effective data source available at different temporal and spatial scales. For example, Lidar and have been successfully used for estimating
forest canopy fuel parameters. Airborne hyperspectral sensors, such as Multispectral Infrared
and Visible Imaging Spectrometer (MIVIS) and Airborne Visible/Infrared Imaging Spectrometer (AVIRIS), demonstrated high reliability for fuel typing. Several studies have been performed for assessing spatial pattern of forest fuel using different sources of satellite imagery
(i,ii,iii,iv) High accuracy levels (higher than 90%) were obtained from MIVIS and Aster data
even for extremely heterogeneous areas (5,6,7).
Satellite multispectral data can be fruitfully adopted for building up fuel type maps from global,
region down to local scale.
This study aims to ascertain how well remote sensing data can characterize fuel type at different spatial scales in fragmented ecosystems. For this purpose, multisensor and multiscale
remote sensing data such as, hyperspectral MIVIS as well as Advanced Spaceborne Thermal
Emission and Reflection Radiometer (ASTER), TM and MODIS data have been analysed for
some test areas of southern Italy that are characterized by mixed vegetation covers and
complex topography. Fieldwork fuel types recognitions, performed at the same time as re-
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mote sensing data acquisitions, were used as ground-truth dataset to assess the results obtained for the considered test areas.
Table 1: Fuel type classification developed for Mediterranean ecosystems in the framework of
Prometheus project (Prometheus Project 1999).
Fuel Type Fuel Type description in terms Fuel Type description in terms of vegetation
class
of percentage of cover
typology
1

Ground fuels (cover >50%)

grass

2

Surface fuels (shrub cover grassland, shrub land (smaller than 0.3–0.6
>60%, tree cover <50%)
m and with a high percentage of grassland),
and clear cuts, where slash was not removed

3

Medium-height shrubs (shrub shrubs between 0.6 and 2.0 m
cover >60%, tree cover <50%)

4

Tall shrubs (shrub cover high shrubs (between 2.0 and 4.0 m) and
>60%, tree cover <50%)
young trees resulting from natural regeneration or forestation

5

Tree stands (>4 m) with a the ground fuel was removed either by preclean ground surface (shrub scribed burning or by mechanical means.
This situation may also occur in closed canocover <30%)
pies in which the lack of sunlight inhibits the
growth of surface vegetation

6

Tree stands (>4 m) with me- the base of the canopies is well above the
dium surface fuels (shrub surface fuel layer (>0.5 m). The fuel consists
essentially of small shrubs, grass, litter, and
cover >30%)
duff (the layer of decomposing organic materials lying immediately above the mineral soil
but below the litter layer of freshly fallen
twigs, needles, and leaves; the fermentation
layer).

7

Tree stands (>4 m) with heavy stands with a very dense surface fuel layer
surface fuels (shrub cover and with a very small vertical gap to the canopy base (<0.5 m)
>30%)

METHODS
The method comprised the following three steps: (I) adaptation of Prometheus fuel types vfor
obtaining a standardization system useful for remotely sensed classification of fuel types and
properties in the considered Mediterranean ecosystems; (II) model construction for the spectral characterization and mapping of fuel types; (III) accuracy assessment for the performance
evaluation based on the comparison of satellite-based results with ground-truth.
Two different approaches have been adopted for fuel type mapping: the well-established classification techniques and spectral mixture analysis. Results from our investigations showed
that remote sensing data can provide valuable information for the characterization and mapping of fuel types and vegetation properties at different temporal and spatial scales from
global, regional to landscape level.
The maximum likelihood classification (MLC) see, for example as adopted for fuel type mapping. This classification, as with other conventional hard classification techniques, assumes
that all image pixels are pure. Nevertheless, this assumption is often untenable. In mixed land
cover compositions, as pixels increase in size, the proportion of mixed cover type distributed
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at pixel level will likewise increase and information at the sub-pixel level will be of increasing
interest. Consequently, in fragmented landscapes conventional “hard” image classification
techniques provide only a poor basis for the characterization and mapping of fuel types giving, in the best case, a compromised accuracy, or, in the worst case, a totally incorrect classification.
In these conditions, the use of spectral mixture analysis (SMA) can reduce the uncertainty in
hard classification techniques since it is able to capture, rather than ignore, subpixel heterogeneity. The SMA allows for classifying the proportions of the ground cover types (endmember classes) covered by each individual pixel. End-member classes can be taken from
“pure” pixels within an image or from spectral libraries. Over the years, different models of
spectral mixtures have been proposed (vi) that is based on the assumption that the spectrum
measured by a sensor is a linear combination of the spectra of all components within the pixels.
On the basis of ground surveys and air photos, we selected the region of interest (ROI) corresponding to the considered 7 fuel types, plus 2 additional classes related to no fuel and unclassified regions. Pixels belonging to each of the considered ROI were separated randomly
into data training and data testing, used for the MLC and accuracy evaluation respectively.
Results obtained from different remote data sources were compared on the basis of the
achieved accuracy levels.
The producer’s accuracy is a measure indicating the probability that the classifier has correctly labelled an image pixel, for example, into Fuel Type 1 class given that, on the basis of
ground recognition such a pixel belongs to Fuel Type 1 class. The user’s accuracy is a
measure indicating the probability that a pixel belongs to a given class and the classifier has
labelled the pixel correctly into the same given class. The overall accuracy is calculated by
summing the number of pixels classified correctly and dividing by the total number of pixels.
Finally, the kappa statistics (K) was also considered. It measures the increase in classification
accuracy over that of pure chance by accounting for omission and commission error. Overall
accuracy is computed as the sum of the number of observations correctly classified (class1,
as class 1, class 2 as class 2, etc.) divided by the total number of observations. This is
equivalent to the “diagonal” of a square contingency table matrix divided by the total number
of observations described in that contingency table.
RESULTS & DISCUSSION
Study area description
The selected study area (figure 1) extends inside the National
Park of Pollino in the Basilicata Region (Southern Italy). It is
characterized by complex topography with altitude varying from
400 m to 1900 m above sea level (asl) and mixed vegetation
covers. Between 400 and 600 m natural vegetation is constituted by the Mediterranean scrubs, xeric prairies and Mediterranean shrubby formations. In the strip included between 600 and
1000-1200 m the characteristic vegetation is represented by
poor populations of Quercus pubescens and from extensive
woods of Turkey oaks (Quercus cerris); evident degradation Figure 1. Arrow and
forms are present, in the form of xerophytic prairies and substi- black box indicate the
tution bushes. The higher horizons are constituted by beech study area.
woods (Fagus sylvatica) which arrive up to 1900 m: the deforested areas in this strip are generally engaged by mesophytic prairies used for pasture.
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The remotely sensed characterization of fuel types was performed by adopting as reference
the fuel types classification (Table 1) developed for Mediterranean ecosystems in the framework of the Prometheus project (Prometheus Project 1999).
RESULTS
Two different approaches were adopted for mapping fuel types, (I) the well-established Maximum
Likelihood Classification (MLC) and the spectral
mixture analysis.
On the basis of ground surveys and air photos, we
selected the Region Of Interest (ROI) corresponding to the considered 7 fuel types, plus 2 additional
classes related to no Fuel and unclassified areas.
Pixels belonging to each of the considered ROI
were randomly separated into data training and
data testing, used for the MLC and accuracy
evaluation respectively. Figure 2 shows the ROI
selected for the considered classes for MIVIS,
ASTER, and TM data. Due to the heterogeneity of
the investigated area, the ROI for MODIS data
were selected by using a region larger than those
shown in Figure 2.

Table 3a: Accuracy coefficients obtained from MIVIS data.
Class

Prod.
User
Acc.(%)
Acc.(%)
Fuel type 1
98.29
88.41
Fuel type 2
89.20
71.71
Fuel type 3
49.09
84.13
Fuel type 4
96.24
73.04
Fuel type 5
100.00
99.92
Fuel type 6
95.44
99.52
Fuel type 7
94.64
98.35
No fuel
99.14
98.68
Unclassified
99.38
100.00
Overall Accuracy = 90.3964%
Kappa Coefficient = 0.8905

The evaluation of results obtained for the different data set by applying the MLC and MTMF
was performed by using the following traditional accuracy measurements, producer accuracy,
user accuracy and overall accuracy. The producer accuracy is a measure indicating the probability that the classifier has labelled an image pixel for example into Fuel type 1 Class given
that the ground truth is Fuel
type 1 Class.
Table 3b: Accuracy coefficients obtained from ASTER data.
The user accuracy is a measCommi Omission
User
Producer
ure indicating the probability Class
(%)
ssion
AccuAccuthat a pixel is for example
(%)
racy.(%)
racy(%)
Fuel type 1 Class given that
93.95
88.91
11.09
6.05
the classifier has labelled the Fuel type 1
Fuel
type
2
46.00
44.09
55.91
54.00
pixel into Fuel type 1 Class.
Fuel type 3
59.13
77.71
22.29
40.87
Overall accuracy is calculated Fuel type 4
70.33
54.07
45.93
29.67
by summing the number of Fuel type 5
95.70
88.58
11.42
4.30
pixels classified correctly and Fuel type 6
86.24
93.44
6.56
13.76
dividing by the total number of Fuel type 7
82.39
82.95
17.05
17.61
pixels.
No fuel
99.05
99.05
0.95
0.95
Unclassi88.00
100.00
0.00
12.00
In order to compare the results obtained from the differ- fied
ent data set, “a single date” Overall Accuracy = 81.9384%
processing was performed. Kappa Coefficient= 0.7849
Firstly, results obtained from
the different acquisition dates
were very close each other. Secondly, as expected, data (MIVIS and ASTER) at higher spatial resolution substantially provide very close levels of accuracy from both MLC and MTMF.
For this reason, Table 2 solely shows the accuracy levels obtained from the MLC algorithm.
In the case of TM and MODIS data processing, results from our preliminary analysis have
showed that the use of unmixing technique allows us for improving at around 7% and 5% the
overall accuracy level obtained respectively for TM and MODIS compared to the results ob-
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tained by applying the MLC algorithm. Some improvements may be achieved by merging
class 2 with class 3 due to the fact that such classes refer to similar vegetation typologies that
are substantially differentiated by the highly
Table 3c: Accuracy coefficients obtained from TM data.
CLASS
Fuel type 1
Fuel type 2
Fuel type 3
Fuel type 4
Fuel type 5
Fuel type 6
Fuel type 7
No fuel

MCL
Producer
User
Accuracy (%) Accuracy (%)
89.74
71.43
82.26
68.00
62.77
36.65
92.06
85.29
76.87
62.09
67.37
77.56
48.39
63.83
77.26
97.23
Overall Accuracy = 73.83%
Kappa Coefficient = 0.6763

MTMF
Producer
User
Accuracy (%) Accuracy (%)
76.92
100.00
80.65
73.53
75.53
52.99
92.06
89.23
80.95
80.41
81.36
82.76
56.45
81.40
91.69
95.66
Overall Accuracy = 83.63%
Kappa Coefficient = 0.7924

Table 3d: Accuracy coefficients obtained from MODIS data.
Classification
Sensor
Class
Fuel type 1
Fuel type 2
Fuel type 3
Fuel type 4
Fuel type 5
Fuel type 6
Fuel type 7
No fuel
Unclassified
Overall
Accuracy
Kappa Coefficient

ML classification
TM
Prod. Acc.(%) User Acc.(%)
70.83
83.61
46.60
41.03
56.47
67.88
62.96
46.48
78.77
42.59
44.33
76.22
54.00
63.68
95.68
94.51
89.13
73.21
62.48%

MTMF
TM
Prod. Acc.(%) User Acc.(%)
80.56
70.30
48.54
52.08
54.31
68.11
74.60
59.75
77.40
53.05
52.84
75.25
71.60
69.92
95.68
94.51
89.13
100.00
68.85%

0.5735

0.6443

Final remarks
Hyperspectral MIVIS, Landsat-TM, Advanced Spaceborne Thermal Emission and Reflection
Radiometer (ASTER), and MODIS have been processed by using MLC and MTMF for fuel
type mapping performed in the fragmented ecosystems of Pollino national park. Fieldwork
fuel types recognitions, performed at the same time as remote sensing data acquisitions,
were used as ground-truth dataset to assess the results obtained for the considered test areas. As expected, results from the higher spatial resolution data namely MIVIS and ASTER
imagery substantially provide very close levels of accuracy from both MLC and MTMF higher
than 89% and higher than 78% respectively for MIVIS and ASTER data. Whereas, in the case
of TM and MODIS data processing, results from our analysis showed that the use of unmixing
technique allows us for improving at around 7% and 12% the accuracy level obtained respectively for TM ( k coefficient from 57% to 64%) and MODIS (k coefficient from 67% to 79%)
applying the widely used classification algorithms.
Results obtained from our analyses confirmed the effectiveness of MLA in handling spectral
mixture problems, and, in particular, showed that the selection of appropriate end-members
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and image bands to be processed is crucial for developing high quality fraction images using
LSMA. The use of spectral signature can provide a fundamental aid to obtain satisfactory
results from the classification process.
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ABSTRACT
Using remote sensing technology is an effective way to observe and verify the wise and sustainable use of natural resources. Because since the beginning of 2004 the study area in the
Niger Inner Delta is on “The Ramsar List of Wetlands of International Importance”, multitemporal analyses can support the realization of the objectives of Ramsar. With its weather
and daylight independency Synthetic Aperture Radar (SAR) data emphasize as particularly
suitable for large-scaled monitoring. But the classification of SAR images is more difficult as
of multi-spectral images. Because of the microwave’s interaction with the object parameters
on the earth surface, like roughness or the complex dielectric constant (CDC), different types
of land cover respond very similar. So separability is not possible without additional information. For the investigated one-channel Advanced SAR (ASAR) scenes a typical example for
this problem is the distinction between vegetation and “non-glassy” water surfaces. Through
windy conditions the water surface becomes rough and the backscatter increases clearly in
comparison with a smooth one. The intensity of the backscatter from vegetation cover is than
quite similar. In this paper the methodology and ability of texture analysis second order for
land cover classification of ASAR images are described. For that purpose two ASAR images,
one scene taken during the flooding period the other in the following dry season, are classified with and without the use of texture features. For evaluation two Medium Resolution Imaging Spectrometer (MERIS) images are used. By two change detection methods (image differencing and post-classification comparison) permanent land cover areas or rather regions of
change are tried to locate.
INTRODUCTION
The study area is situated in the central part of the Niger Inner Delta in Mali, northerly of the
city Mopti (figure 1). It has an extent of approximately 100 x 100 km. During the month October and January this region is primarily covered with irrigated fields, grassland and water bodies. In the dry season the water bodies become smaller and little tarns parch completely. A
large part of the green flood plain vegetation withers in this time. The regions outside of the
flood plain are mostly dunes or covered with spare grasslands. In the ASAR images a gradation of the backscatter intensity of the vegetation covered area is observed inside the plain.
The backscatter depends on the structure and height of the flooded vegetation. For vegetation cover which sticks out of the water the backscatter is very high. Flooded vegetation with a
lower growth stage had a lower backscatter, because of the interaction with the vegetation
and the water beneath. (i) The backscatter of water surfaces varies from very dark (smooth
water surfaces) to a middle (rough water surfaces) backscatter. Relating to the other lakes
and rivers the backscatter of the lake Lac Korientze is very bright in both scenes; as bright as
the vegetation. The comparison with the MERIS scene shows that this is no vegetation, but
water area. Probably the radiation interacts with materials in the water which are responsible
for that high backscatter.
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Figure 1: The study area in the Niger Inner Delta in Mali (Microsoft Encarta).
By means of two ASAR Image Mode scenes the general ability for classification was explored, especially the separation of water bodies from flood plain vegetation and areas with
high soil moisture from rough non-flooded (dry) regions. The characteristics of the used
ASAR data are summarised in table 1. The flooding scene was received on 5th December
2003, when the flooding period usually to draw to a close. The second image was taken on
19th March 2004 at this time the Niger normally has low water. (ii) Because problems of separation between e.g. the mentioned water bodies and vegetation areas without additional data
(like Normalized Difference Vegetation Index (NDVI)) were recognized in earlier studies, it
was explored if it is possible to extract additional information by texture analysis. For this
study the Gray Level Dependence Method is the most suitable proceeding. Thereby different
statistical parameters are calculated via co-occurrence matrices.
Table 1: Parameters of used ENVISAT ASAR Image Mode data
Frequency / Wavelength
Polarisation
Incidence Angle
Pixel Spacing

5.331 GHz / 5.63 cm (C-Band)
VV
18.7 - 26.2 deg (IS 2)
12.5 m

Because no field data were available two MERIS scenes are used as reference. By reason
that MERIS is like the ASAR sensor an instrument on the environmental satellite ENVISAT
two MERIS scenes of the same acquisition dates as the ASAR images were available. Unfortunately, the scene from December is covered by some clouds. So the evaluation is limited.
Therefore a MERIS image from 17th December was taken. The spatial resolution of the
MERIS sensor is quite smaller, but for evaluation of the main classes water bodies/flooded,
vegetation and non-flooded it is nevertheless suitable. With the help of the tool SMAC (Simplified Method for Atmospheric Correction) integrated in the software BEAM the data were atmosphere corrected. Due to the medium resolution of 300 m the scenes had to be resampled
furthermore. Especially the NDVI matters, because of the good separation between vegetation and water bodies. Additionally the MERIS images are used as visual help for interpretation of the ASAR scenes.
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METHODS
The SAR data analysis requires different pre-processing steps, which include in this case a
radiometric calibration, speckle reduction and image co-registration of the two images. These
steps were realized with the software ENVI 4.2, as well as the calculation of the texture parameters. With the software ERDAS IMAGINE 8.7 the following classification and change
detection were done.
Radiometric Calibration
To remove variations in the images caused by the different acquisition times a radiometric
calibration is requisitely. After the calibration quantitative measurements and comparisons
with images taken on different dates are possible. The images were transformed by means of
equation (1) in the backscatter coefficient sigma nought ( σ 0 ):

σ

0
i, j

=

DN i2, j
K

⋅ sin(α i , j )

(1)

σ 0 [dB ] = 10 ⋅ log10 (σ 0 )

(2)

i and j are the lines and columns of the image, α the local incidence angel, K the “External
Calibration Scaling Factor” and DN the digital number of the pixel. For image differencing the
images were converted into the pseudo-unit decibel afterwards (equation 2). (iii)
Speckle Filtering
Caused by the reflection of coherent radiation from different scatter elements in the space of
a resolution cell, the speckle noise makes a meaningful data analysis (e.g. classification)
without former speckle-filtering not possible. Adaptive filters are particularly suitable filters for
speckle reduction. To evaluate the quantitative requisition to an adaptive filter the Equivalent
Number of Looks (ENL) and Normal Mean (NM) are calculated for an as homogeneous as
possible test area.

ENL =

mean 2
variance

(3)

NM =

mean filtered
meanoriginal

(4)

Suitable filters should retain the mean and reduce the standard deviation after filtering. As
higher the ENL value, as stronger the speckle reduction. Additionally the NM value was calculated to control mean preservation. (iv) The test areas were filtered with the available adaptive
filters in ENVI. After filtering with the quantitative at best filter the images were controlled for
edge preserving, sharpness and texture effects. The kernel size of the moving window decides on the smoothing effect. For both scenes the Gamma MAP filter with a kernel size of
7 x 7 pixels was the most suitable.
Image Co-Registration
Because of the pixel-based classification and the following change detection the georeferencing accuracy has to be very high. The images were georeferenced with the help of the geolocation grids (latitude and longitude information) in the ASAR header. By means of linking the
two ASAR images afterwards the geolocation grids shape up as not so accurate as needed
for a combined analysis of the two scenes. For this reason it is necessary to co-register the
images to each other. Therefore some ground control points (GCPs) were collected. An affine
transformation was adequate because just a translation had to be performed.
Texture Analysis
Mentioned that additionally information is needed for better separation of some land cover
types texture features were calculated. The task was to find parameters which describe the
texture of different land cover types and distinguish it from each other. There are different
methods for texture computation. To maintaining the neighbourhood relationship between two
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pixels the Spatial Grey Level Dependence Method (SGLD) was used. In ENVI it is possible to
calculate 7 different texture parameters (Haralick-parameters (v)) via co-occurrence matrices.
The neighbourhood relationship between the reference and the considered pixel is described
by mean of a direction (0°, 45°, 90° and 135°) and the distance between the pixels (usually 1
pixel). Due to both images do not contain features with a uniform direction there is no significant difference between these 4 directions. Because of the similar calculation of some texture
features, like the parameters contrast and dissimilarity, it is not to expect that the use of every
texture feature is suitable for classification.
The texture parameters were calculated for the kernel sizes 7 x 7, 11 x 11 and 45 x 45 pixels.
The small and large kernel sizes are not suitable for these two ASAR scenes. If the kernel
size is too small the large-scaled texture could not captured adequate, e.g. the lakes. For the
large kernel size (45 x 45 pixel) the image contents are to heterogonous, especially in the
flood plain. This area contains very mixed land cover types, so in the texture calculation too
many different land covers are incorporated. Finally the features variance and entropy calculated with a kernel size of 11 x 11 pixels are used. The variance emphases especially edges
and homogeneous areas whereas the entropy is a measure of disorder.
Classification
A Maximum Likelihood classification was calculated for both ASAR scenes with and without
the two texture features. Because of just one channel it is partial difficult to find suitable training areas for supervised classification. At the selecting of training samples in both scenes
especially the separability between rough dry soil and areas with high soil moisture caused
problems, as well as the separation between water bodies and vegetation. The seven different classes are ranged in one of this three object categories: “water bodies/flooded” areas,
flood plain “vegetation” and “non-flooded” areas (open or sparse grasslands, dry soils). For
evaluation of the classification results the MERIS scenes were classified as well and were
taken as reference.
Change Detection
To find out the areas of change during the two image acquisition times, an image differencing
and post-classification comparison were performed. Especially for the first method the mentioned pre-processing step of radiometric calibration is very important, beside the coregistration. After the difference calculation a suitable threshold, which separates the “nochange” from the “changed” areas, must be found. As magnitude for the thresholds the
square root of the summation of the standard deviations (determinate from homogeneous test
areas) of both images was used. Pixels with a change smaller than ± 1.76 dB are considered
as unchanged. An attempt to minimize the radiometric differences between the same land
covers in both images was to calculate a linear regression. For this purpose point pairs from
objects were collected, which are situated outside the flood plain and so with a very high
probability unchanged (e.g. dunes). As possible the DN of the pixel pairs should cover the
whole dynamic range of the pixel values. With approximately 50 point pairs the regression
line was calculated.
Another variant for detecting land cover changes is the post-classification comparison
method. Accurate classification results and image co-registration are essentially for a meaningful result. The result shows not only the unchanged areas but also the corresponding class
which this area belongs to. The calculated transition matrix shows the “from-to” information
and usually the major diagonal contains the unchanged pixels.
RESULTS & DISCUSSION
In the classification result of the flooding scene without texture features the mentioned problems between the water and vegetation classes are clearly noticeable. In the greater lakes
many pixels are classified as vegetation and in the other way round in the flood plain the
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vegetation areas are identified as water. Also the differentiation of the rough dry surfaces
from the soils with higher soil moisture is very unsatisfactorily. In the texture supported classification result the separability becomes better. The following figure 2 demonstrates a representative example for the better separation in the classification results. The red quadrangle
shows a part of a dune. In the left figure the light blue class (soil with high soil moisture)
dominates whereas in the right figure the beige class (dune/dry soil) prevails clearly. Also in
the lake an increase of the class “water bodies” (blue) is recognisable.

Figure 2: Extract of the classification results without (left) and with texture features (right).
The figure shows also the smoothing influence of the texture, the effect of the extant speckle
is reduced. But on the other hand the texture features worsen the result. For example in the
introduction mentioned Lac Korientze, the texture reduced the part of the water pixels and
classified these instead as vegetation. Table 2 gives an overview about the accuracy of the
classification results of three selected classes in the flooding scene.
Although the statistic of the flooding scene indicates that the texture channels making the
classification accuracy of the “water bodies” class worse, the visual comparison disprove this
conclusion. The random points, which are used for calculate the accuracy assessment, are
not characteristic for this class. The visual comparison shows clearly an improvement as opposed to the classification result without the texture features. Far from it, with the support of
the texture channels water areas were classified, which are not found in the other result (figure 3). The comparison with the NDVI confirms that. The blue and light blue regions represent
the classes “water bodies” and “flooded/high soil moisture”. The orange and yellow regions
are classified as non-flooded areas.
The visual comparison between the classified MERIS scene and the two classification results
shows in all clearly improvements in the result based on texture features. The influence of
these features is especially at the separability of “water bodies” and “vegetation” perceptible.
On the one hand the backscatter intensity of soils is influenced by their water content and on
the other hand the backscatter behaviour of dry soils depends on their surface roughness.
With increasing soil moisture and roughness the backscatter increases. A separation becomes harder. In this case the texture features had not improved the separation appreciable.
Table 2: Classification accuracy of three selected classes of the flooding scene

Classified without texture features
Producers Accuracy
Users Accuracy
Classified with texture features
Producers Accuracy
Users Accuracy
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water bodies

dense vegetation

dry soil (rough)

40 %
12 %

16 %
75 %

37 %
17 %

14 %
6%

46 %
100 %

51 %
35 %
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Figure 3: Extract of the classification result of the ASAR flooding scene without (left) and with
texture features (right).
More problems in class discrimination, especially “water bodies” and “vegetation”, appear in
the dry season scene. The vegetation and most parts of the river have a very high backscattering. A possible explanation for the high backscatter of the rivers can be found in the low
water level during the dry season. So it comes to a double bounce effect when the radar
pulse bounce on the water level and reflected to the bank slope. The texture features had in
this case positive and negative influences on the classified image. As you can see in figure 4
(right) the river classification is quite better than without texture (left), but at the same time in
many places vegetation is classified as water (like in the red circle). Altogether in the dry season scene the texture channels did not improve the separation on this extent as it did in the
flooding scene.
Figure 5 is a fragment of the change detection result via image differencing, which illustrates
the lake Lac Debo and parts of the river Niger. With the help of thresholds the image is divided in decreasing (green) and increasing (red) backscattering as well as in unchanged areas (beige). The figure shows that greater parts of the lake are detected as unchanged. In
contrast the river Niger is detected as an increase of backscatter, because in the second
scene a strong backscatter exists, effected by possible double bounce reflections.

Figure 4: Detail of the classification result of the dry season scene without (left) and with texture channels (right).
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Figure 5: Detail of the image differencing result (Lac Debo).
Furthermore the figure shows clearly the immense reduction of the water surface of the lake
during the dry season.
In the flood plain the decreasing of the backscatter is mainly caused by the reduction of the
vegetation respectively by decrease of the soil moisture during the dry season. Because of
the big temporal difference of the acquisition dates most of the unchanged regions are located outside the flood plain.
The regression line did not enhance the result of the image differencing mentionable.
Through the done radiometric calibration (transformation in σ 0 ) same land cover types varies
not in a degree, that the regression line had a recognisable influence. There were no significant differences between the results of the image differencing with and without adjustment.
The post-classification comparison as change detection method proved to be not so suitable,
especially for detecting unchanged land covers. Because of the error propagation the classification result influenced the success of the post-classification directly. This problem is clearly
shown by detecting areas of water bodies and rivers. In the greater lakes, which did not dry
up complete, only few pixels of the class “water bodies” were found. The problem of water
and vegetation separability especially in the dry season scene significantly worsens the postclassification result. The dry non-flooded areas were not so affected, because these classes
were classified with a quite well accuracy. Exceptions are found in the regions with a higher
backscatter caused by surface roughness. In these areas it came often to misclassifications
which affected the post-classification as well.
CONCLUSIONS
The SAR technique is an important tool for monitoring, not only concerning the all-weather
and day-long capability. Through the interaction with the objects on the earth surface SAR is
very interesting for hydrological processes. But for the analysed one-channel ASAR data
more information is needed to reduce the ambiguousness, which results from similar backscatter of different land covers.
For supporting the classification the two Haralick texture parameters variance and entropy
were calculated. The influence of the classification was pretty different. In the flooding scene
a clearly better separation between the water and vegetation areas was observed. With the
additionally texture features regions with high soil moisture respectively flooded areas were
detected, which are classified as dry areas before. Of course there were also some misclassifications, but altogether the result was improved clearly. This is confirmed in an increase of
the overall classification accuracy. In the dry season scene an explicit enhancement was not
identifiable. Especially at the separation of water and vegetation the influence was not as
present as in the flooding scene. In this image a balance between improvements and aggra-
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vations is recognisable. This is also reflected in a quite lower increase of the overall classification accuracy than in the flooding scene. Due to the smoothing effect of the texture features, both classification results were much homogeneous than without. In the results of the
one-channel ASAR scenes the salt-and-pepper effect is still present, despite of former
speckle-filtering.
For change detection the image differencing method is more suitable than the postclassification comparison. The similar backscatter of various land cover types is reflected in
misclassification, which influences the post-classification result. The backscatter of the unchanged land covers is usually quite similar at the different image acquisition dates, if the
images are taken under the same conditions (system parameters of the sensor). At former
radiometric calibration and choice of a suitable threshold these regions are detected as unchanged. By an accurate image co-registration limits at this method are given at different
backscatter behaviour of the same land cover, e.g. water bodies in one image under windy
conditions and in the other in a windless situation.
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ABSTRACT
The region of the West African Sahel is one of the driest areas in the world. Nevertheless in a
short time the rainfall is comparatively high. Thereby the land cover changes suddenly and
swayed the characteristic landscape. The most significant natural region in the West African
Sahel is doubtless the Niger Inner Delta. In an area of 100 x 150 km seasonal floods influence the socioeconomic structures, the local land use and land cover.
By means of SPOT Végétation data a Seasonal Flood Disaster Monitoring was accomplished. For this purpose data of 8 points of time from December 1999 till November 2000
were evaluated. For this procedure the contents of the image were splinted into 5 common
classes. Water, flooding areas, vegetation, soils and temporary clouds were in the main focus
of the analysis. In addition to the conventional pixel-based classification methods threshold
operations played a decisive role. Supported by land-use-indices like NVDI, NDWI or SAVI
classifications results were calculated for every class named above.
In a first step the accurate determination of thresholds was custom-made by a visual interpretation by the authors for all classes and every point of time. At this point of our research work,
we can conclude that it seems to be possible to create a mathematical function for the waterthreshold and the flooding-area-threshold. With this threshold function it is in a second step
possible to classify water and flooding areas with a modicum of effort.
INTRODUCTION
The main task of this work was to determine the annual flood in the Niger inland delta. For
this data from the french satellite system SPOT VÉGÉTATION were used. The analyses to
be carried out also shall check the applicability of different land-use-indices besides the classic classification approaches. The aim of this research was to proof whether a flood monitoring with vegetation data is possible. There was the task of discussing new solution trials and
applying them to the existing data, if none of these methods should provide satisfactory results. Then the examined data which were available of eight different times shall be subjected
to a multi-temporal evaluation. Therefore the differently greatly distinctive expanses of water
were in the centre of the examination.
METHODS
Study area and Instrument
The African continent is covered by climate zones which vary from the arid to the semiarid
and humid conditions respectively. In these regions the vegetation types and structures are
significantly different. The characteristics of the vegetation essentially depend on the amount
and periodicity of water supply. The Niger inland delta is situated in the West African Sahel,
which is one of the driest areas in the world. The Sahel, for which a single rainy season during the summer months is characteristic, is part of the change humidity tropics. All weather
appearances in the Sahelian room are stamped by the air pressure conditions and their resulting flow relationship. There is a comparatively high rainfall within some months due to the
moving of the ITCZ.
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Figure 1: The Study Area.
In September a high water-wave triggered by the summery precipitations in the headwaters,
reaches the southern areas of the Niger Inland Delta. In the following time period the region
becomes inundated from the south completely while filling the numerous netlike branched
creeks and flat basins with water. In subject to the rains and the resulting annual flood there
is a fast increase of vegetation in the flooding area. The density of vegetation decreases with
dehydration of the flooded areas. In the dry winter months there are strong evaporations in
the wide flood levels, whereas about 45% of the drain is steam passed on to the atmosphere.
This causes the back-formation of the expanses of water as well as the desiccation of the
courses of a river and flat basins. Nevertheless larger lakes in the delta remain year-roundly
water filled. The regular flood and following dehydration have the consequence that the vegetation in big portions of the delta restricted to grass ways living in the water. Depending on
duration of the inundation they are minted partly very differently. In areas with a long flood
phase there can be giant grass formations up to four metres high. In regions with short inundation duration the grass types are of appropriate smaller.
Végétation instrument, flown on SPOT 4 and SPOT 5 is a very
wide angle earth observation instrument offering a spatial resolution of 1 km and high radiometric resolution. It uses the same
spectral bands as the HRVIR instruments plus an additional
band as B0 for oceanographic applications and for atmospheric
corrections (see table 1).
The task was to detect these annual land cover changes with
Spot Végétation data. The choice of the 8 data sets from December 1999 to November 2000 was orientated to the typical
seasons in the area of interest.

Table 1: spectral bands
of SPOT Végétation.
band
B0
B2
B3
B4

wavelength
0.45 – 0.52 µm
0.61 – 0.68 µm
0.78 – 0.89 µm
1.58 – 1.75 µm

Evaluation process
With all classification methods the separation of the image data to the classes water, inundation areas, vegetation, soil, and depending on necessity clouds was striven. At first an unsupervised classification was used to check the separability of the designated classes, followed
by a supervised classification. For the supervised classification the method maximum likelihood was used to regard the statistical properties of the classes. For all datasets the vegetation indices SAVI and NDVI were calculated.
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NDVI =

nIR − red
nIR + red

SAVI =

nIR − red
(1 + L )
nIR + red + L

Because of the low vegetation density in the study area the value 1 was used for L at the calculation of the SAVI. In principle both indices are suitable for recording vegetation dynamics
however the SAVI stresses more strongly the vegetation areas and has to be preferred to the
NDVI. To analyse the changes of the expanses of water within the monitored period also the
water index NDWI, introduced by GAO (1996), was calculated for all datasets. The SAVI and
NDWI were used as added bands in the classification process.

NDWI =

nIR − SWIR
nIR + SWIR

The unsupervised classification was performed with different numbers of classes to check the
separability of the designated classes. The number of classes varied between 10 and 50. The
result of this approach was the knowledge that a clean separation of this classes would get
difficult also by means of a supervised classification. A rise of the number of classes in the
unsupervised classification process raised merely further segmentation of the class soil;
however this is not necessary for the task. Mainly the delimitation of the flooded areas, vegetation and water caused problems. Also in consideration of SAVI and NDWI as additional
bands did not bring about any improvement.
The supervised classification also was carried out in several steps generating subclasses if
necessary. As already expected from the result of the unsupervised classification this was
primarily the case at the class soil. Finally these subclasses were summarized to soil. Like at
the unsupervised classification the separation of the flooding areas was difficult because the
delimitation of this class to the classes vegetation and water was problematic in the choice of
the suitable training areas. Sometimes there was misclassification of these three classes to
soil. In some scenes the existence of clouds also played an essential role, because there was
still ground signal through the cloud cover, so the chosen training areas for the cloud cover
included mixed information. Without consideration of a class clouds the pixels concerned
were usually assigned to the class water. Sometimes these pixels were assigned to soil too,
depending on the thickness of cloud cover and the resulting part of the ground signal of the
total signal. Also at the supervised classification no improvement in the results could be
achieved by the inclusion of the indices. Because of the unsatisfying results of both classification processes new approaches had to be found.
A possibility to extract free water bodies and inundated areas with the help of the introduced
indices from SPOT VÉGÉTATION data was introduced by GOND (2000). To extract free water bodies three inputs are necessary: NDVI, NDWI and the SWIR band.
In a first step the difference between NDVI and NDWI is computed. Then the average value
within a moving window was calculated. For this GOND used a window size of 45x45 pixels.
Some tests showed this window size is also suitable for our study area. In a last step the difference between the produced average value image and the difference image is calculated.
The same procedure was applied to the SWIR channel. Now thresholds for the pixel representing water bodies had to be found in both calculated images. These thresholds differed
from scene to scene. Finally the two conditions were connected with an AND-function and
pixels which satisfy both conditions were classified as water. To extract inundated areas with
vegetation the NDVI and the NDWI were used independently and the same procedure as for
the SWIR was applied to them. Just like before the thresholds varied between the datasets.
Also here only pixels fitting both conditions were assigned to inundated areas with vegetation.
In both calculations, extraction of free water bodies and inundated areas, the results were
binary images where 1 represented water bodies or flooded areas and the rest of the image
was set to 0. After the classification of this two classes the designation of vegetation was carried out with another model using the NDVI to set a suitable threshold. Like in the other
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original scene:

classification steps:

resulting image:

Figure 2: threshold-based classification process, example: October 2000.
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models the determination of the thresholds was done by the authors. With this simple working
model all vegetation pixels were detected also these pixels assigned to flooded areas with
vegetation before. A separation of the two classes was not possible within this model; however it was carried out at the uniting of the individual result images. The clouds on some images were misclassified as water bodies. To avoid this problem a cloud mask had to be designed. To separate cloudy and clear pixels the blue channel and the SWIR channel were
suitable. A cloud mask under consideration of these two channels was carried out by
LISSENS (2000). The thresholds used in this cloud mask were not suitable in this case so
that new thresholds had to be found. The values within this model are intended individually by
measuring spectral profiles for every point of time.
Finally the results of the individual value operations had still to be brought together. Within
this data fusion all pixels set to 0 in the classification models are summarized to soil. Despite
the introduction of the class clouds some cloud pixels were assigned to the class water, so
the specification of a class misclassification was necessary. This class includes all pixels
which were classified by the used models as water and also as a cloud pixel.
Change Detection
The simplest method of determining the changes in land cover between the datasets is the
pixel wise multiplication of two classification results. The resulting pixels then contain the
products of the values of the initial images. Then these are used to derivate land cover
changes. With a so called Change Map the decrease and increase of water bodies and inundated areas could be visualized quickly. The change matrix gave information about the range
of all land cover changes. In this case beside the increase and decrease of water bodies and
flooded areas spatial redistributions could be noticed. This can be declared by tidal wave
moving from the south to the north, so that an increase of water and vegetation is recognizable in the south at first. With the movement of the tidal wave to the north the vegetation also
drifts during the month. Due to the fact that in the north wider areas are affected by the flood
event an increase of water bodies across the whole image can be noticed although there can
be still areas with decreasing number of water pixels.
RESULTS & DISCUSSION
As seen in the previous explanation the classic classification processes didn’t provide satisfying results for monitoring seasonal flood events in the study area using SPOT VÉGÉTATION
data. Only the classification method using thresholds was useful because on the one hand
the number of misclassification was considerably lower and on the other hand with this
method it was not necessary to declare subclasses. The term misclassification is primarily
marked by the process of the visual image interpretation of the authors who counts on his
experience. Nevertheless the classification based on thresholds did not proceed without problems either. Here for example the courses of Niger River were detected very differently. While
in some scenes the course of a river almost is closed, it shows considerable gaps into others.
Among other things this has to be led back on the geometric resolution by only 1 km2 of the
VÉGÉTATION data. The different recording of the courses of a river surely can not be interpreted only as misclassification but has its causes also in actual seasonally conditional differences of the water-levels. Nevertheless an estimate of the range misclassifications is necessary since otherwise this can lead to false estimations of the change detection. Another problem at the evaluation arose by the clouds. These could be only partly detected with the help
of the threshold condition. It can be said that both, the classification and the following change
detection, provide plausible results because they reflect the different characteristics of the
introduced seasons well.
In a first step the accurate determination of thresholds was custom-made by a visual interpretation by the author for all classes and every point of time. At this point of our research work,
we can conclude that it seems to be possible to create a mathematical function for the waterthreshold and the flooding-area-threshold. With this threshold function it is in a second step
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possible to classify water and flooding areas with a modicum of effort. Due to the different
thresholds for every datasets it can be asked whether there are tendencies for these thresholds depending on the season. Therefore the values were represented graphically in the reference to the day in the year and a regression function which in the best possible way adapts
to the given values was calculated (figure 3). This function is a cosine function of the form:

y = a + b ⋅ cos(cx + d )
a = 1725,247
b = 998,863
c = 0,019
d = 1,003

x = day of the year
y = threshold for NDVI (16 bit)

Dependences of the values regarding the seasons could be read from this graph: The Minimum lies, in the months March until May, where the hot dry season is, and the maximum in
September, at the end of the rainy season. However, these results offer only a first clue and
are not safeguarded sufficiently statistically due to the few values describing the function.
Surely they represent an interesting approach which could be manifested by secondary examinations. It would be possible to continue for this study area rather and to extend by other
environmental climatic regions.

Figure 3: regression function for the threshold for the inundated areas
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ABSTRACT
The classification of land cover is one of the major applications of remotely sensed data.
However, the distinction of different classes is often challenging because of spectral similarities. Numerous studies are published describing advanced methods for separation of spectral
similar land-cover classes from the remote sensed images. But there are still limitations in
terms of classification ac-curacy when using only spectral information.
In this paper a method is described which improves classification results by far using additional information. In detail global available digital elevation data are utilized as an additional
information layer to separate between spectral very similar classes which are yet ecological
very different. The base idea is that the vegetation types are closely related to the ecological
conditions. These ecologic conditions are inter alia a function of the topography. By processing the raw elevation data the topography at every point can be described by land form
classes (e.g. hill, slope, depression et al.). The so gained additional information source is
used to refine the result of a maximum likelihood classification as well as an additional layer
during the classification process. With this approach the classification accuracies for the problematic classes can be improved up to nearly 50%.
INTRODUCTION
Accurate land-cover products are very important inputs for the assessment of the estate of
the landscape as well as for environmental models describing erosion, hydrological, climate
or biodiversity. Especially in countries with no detailed available land-cover statistics, the
derivation of land-cover products for large areas on the basis of remote sensing data is a
highly important task (i). Such data sets are received through classification of multispectral
satellite data. One of the main problems during classification arises because the target objects (information classes) are not explicit spectrally separable, which is a prerequisite for
multispectral image classification. Reasons can be inadequate spatial resolution of the sensor
resulting in mixed pixels or spectral very similar characteristics of different land-cover types.
Many different classification algorithms exist to separate classes with small spectral differences e.g. spectral mixture modelling (ii ,iii). These approaches are working with pure spectral characteristics of the desired land-cover types which are not available in our study area.
Further more, if the land-cover types are spectral similar but internal inhomogeneous results
of traditional classifier are typically intermixed by the similar classes.
One solution to the problem is the incorporation of ancillary data to improve the classification.
That approach relies on the ecological fact, that the occurrence of specific vegetation types
are often bounded to particular environmental parameters such as elevation, aspect, soil etc.
By incorporating such additional information which determines the ecological livelihoods of
the vegetation units, classification accuracy can be improved. Most of the works that followed
this approach used environmental data like elevation (iv ,v), soil characteristics (vi) or other
ecological parameters (vii). All of them used the ancillary information after the proper multispectral classification to refine broader land-cover classes. In this work topographic informa-
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tion is included during the classification process and results are compared to postclassification improvement results.
STUDY AREA AND METHODS
To test the benefit of incorporating ancillary data into the classification process, remote sensing data from central Benin (Landsat ETM+, 26.10.2000) as well as digital elevation data
(SRTM data, 3 arc-seconds resolution, approx. 91m²) are used. The two study areas are located in the sub-humid tropics, showing a typical undulating relief (pediplain) with very low
elevation differences. The quasi-natural vegetation is dominated by a forest-savannah mosaic
with azonal vegetation types along water courses (gallery forests) and on inselbergs (viii).
The region is subject to heavy agricultural colonization due to high population growth rates
(ix).
During a supervised land-cover classification (x) it was found, that some land-cover types are
spectrally very similar and not easy separable. Especially the distinguishing between gallery
forest and non-gallery forest are often not possible (Fig. 1) as well the discrimination between
inselbergs and some agricultural field areas is difficult. Both land-cover types posses special
eco-logical attributes and behavior and should be distinguished in the land-cover classification.
Gallery forest and inselbergs are restricted to
particular locations in the landscape, namely
valleys and isolated (rocky) mountains respectively. Those topographic features cannot be identified solely by pure elevation and
/ or slope data, e.g. flat terrain is occur-ring
on the valley bottom as well as on top of
hills. So, more integrative landscape form
descriptions are necessary.
There exists many approaches to calculate
landscape form parameters based on digital
elevation models in geomorphology, but often they are more or less complex as they
Fig. 1: spectral curve for gallery forest and incorporate several convex / concave dedry forest. Min and max ranges are shown as scriptors and deliver numerous classes (xi
vertical lines.
,xii ,xiii). As the vegetation types in the study
area are not dependent from such detailed
landforms a topographic position index (TPI) is calculated (xiv ,xv). This index calculates the
relative position of every pixel based on digital elevation data. The relative position is defined
as the difference of the height value of a location from the surrounding mean height values.
The size of the neighborhood which is incorporated in the calculation is de-pending of the
desired detail of the index. The calculation can be done with any focal window shape. The
resulting index values are negative or positive with a range of value depending on the height
differences in the focal window. Negative values indicate that the local position is deeper,
positive values indicate that the location is higher than the neighborhood. Zero values occur
at flat plains or at mid-slope positions. Based on that index values a very simple land from
classification is possible, e.g. valley, slope and ridge. The results of different sizes of focal
windows can be used to derive more complex landform classes’ e.g. small valley on a flat hill
(xv). To facilitate the comparison between several focal sizes the raw index values are standardized by subtracting the mean and dividing by standard deviation. Calculation of the topographic position index and classification was done with the Bentic Terrain Modeller extension for ArcGIS (xvi), which is designed for subaqueous landscapes but is also applicable to
terrestrial landscapes.
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Fig. 2: Schematic illustration of resulting TPI values according to relief.
In this study the two focal window sizes of 10 and 30 pixels are used to derive TPI data. The
results were used to derive a landform classification of the study areas with seven classes.
The used thresholds were derived from empirical analysis of the area and are shown in
Tab. 1.
There are two possibilities to incorporate the topographic information into the classification
process. A land form classification product can be used to split mixed multispectral land-cover
classes in a post-classification knowledge based approach, or the standardized index values
can be used as additional information source for the training of the classifier (multi-layer approach). The land-cover classification was performed with a supervised maximum likelihood
(ML) classification.
Both methods are performed and evaluated against classifications without TPI information
with independent reference areas in an error matrix. In each case the classification was performed with the same set of training areas to ensure comparability. To perform the method
two subsets from a Landsat scene (192-54) were created each with typical representation of
gallery forest (study area 1) and inselbergs (study area 2) respectively.
Tab. 1: Thresholds to derive landform classes from TPI data. Values are
standard deviations*100.

RESULTS & DISCUSSION
Improvements of class gallery forest
The ML classification of study area 1 shows clearly the mixture of the classes “gallery forest”
and “dry forest” (Fig. 3, a1). Especially dry forest islands alongside of rivers are often classi-
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fied as gallery forest (see focus 1 in Fig. 3) which is obviously false regarding field data and
digital elevation values. But there is also the contrary that gallery forest is classified as dry
forest (focus 2 in Fig. 3). Accuracy values are given in Tab. 2. Classification was performed
with some other land-cover classes to deliver a holistic view of the area and to “feed” the
classifier with training data for the whole range of data of the multispectral image.
The first experiment to eliminate the false classified pixels uses the landform classes derived
from TPI data. The ML result was refined by simple conditional queries so that dry forest pixels inside valleys and gallery forest pixels outside valleys are changed (Fig. 3, a2). The result
gives much better accuracies (see Tab. 3), but is dependent from the landform classification.
If a valley is not clearly classifiable from the TPI data, then dry forest will remain in the valley
location (see focus 1) and will lead to worse results compared to the standard ML classification (in this case). But dry forest islands adjacent to gallery forests are clearly separable with
this method.
The second experiment used the standardized TPI data as additional layer as input for the
ML classification. Results are much clearer regarding the shape of the gallery forests (Fig. 3
a3). This is due to the fact that low TPI values are used in combination with multispectral data
as training data for the ML classification. If no multispectral signatures of gallery forests occur
inside valleys, then also no gallery forest is classified. Accuracies exceed those of the former
method (see Tab. 4). But the following problems are observed: If the shape of the valley is
very flat, which is a common case in this region, the width of the gallery forests are sometimes to big especially in the case of continuous transition to dry forests.

Improvement of class Inselberg
The ML classification of pure multispectral data of study area 2 reveals comparable confusion
between similar land-cover types (Fig. 3 b1). Some field areas are classified as inselberg
whereas inselberg areas are sometimes classified as field or forest (in the case of vegetated
inselberg, northern white arrow) (see Tab. 5). This misclassification leads to problems if those
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data are used to derive agricultural statistics. The same two experiments as above are carried
out to get rid of those misclassified pixels.

Fig. 3: Study areas printed in false color (4,3,2) and classification results (a). Result of maximum likelihood classification of multispec-tral data (b). Colours of land-cover classes: gallery
forest = violet; inselbergs =blue; dry forest = dark green; savannah = light green,fields and others = brown. Gallery forest is merged with forest in study area 2. White arrows indicate inselbergs.
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The first improvement for study area 2 was the post-classification refinement with land form
classes. Results are very clear, but inselberg areas tend to be overestimated. However, false
positives are eliminated to a high fraction (Fig. 3, b2). Smaller inselbergs are not identified by
that method as well the special case that the inselberg has a rocky surface but not a clear
morphological shape (SW white arrow).
The incorporation of standardized TPI data into the ML classification process produced the
best results in form of accuracy and spatial representation of inselbergs (Fig. 3 b3; Tab. 7).
Smaller inselbergs are better included but at the cost of some false positives in agricultural
area. But also the difficult case that rock outcrops appear in the middle of field is captured
with this method (compare middle white arrow).
Naturally, if the surface of field areas and inselbergs are identical but no morphological difference exists, the method will fail. This is the case between in the area between the middle and
south western arrow. The better representation of gallery forest in this study area is a comfortable side effect of the additional TPI data in the ML classification.

CONCLUSIONS
The use of additional environmental and neighborhood information during a maximum likelihood classification process or in a post-classification refinement showed a tremendous improvement of land-cover classification accuracy of up to 50 % for intermixed classes. The two
methods explored are very different and have their own limitations. If predefined land form
classes are used, then the results will highly depend on those classification definitions. If
landforms are not clearly separable, e.g. if the height of gallery forest are visible in the digital
elevation model (what is sometimes the case even in the SRTM data), appropriate class assignments are difficult. The use of topographic position index values as additional layer during
maximum likelihood classification result in the best separation of spectral similar classes.
However, there is one general problem with this method: if one class has no correlation to
topography, i.e. the class has no correlation to a specific position in the landscape, a training
set for every of those locations are necessary to train the classifier appropriately. This obser-
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vation was already reported (iv). But the presented approach is nevertheless very useful to
separate spectral intermixed classes and it should be possible to apply the method in other
regions worldwide, as SRTM data are available globally.
ACKNOWLEDGEMENTS
This work was supported by the Federal German Ministry of Education and Research (BMBF)
under grant No. 01 LW 0301A and by the Ministry of Science and Research (MWF) of the
federal State of Northrhine-Westfalia under grant No. 223-21200200.
REFERENCES
i

Lautenbacher C, 2006. The Global Earth Observation System of Systems: Science Serving Soci-ety, Space Policy 22(1), 8-11.

ii

Adams J, D Sabol, V Kapos, R Filho, D Roberts, M Smith, & A Gillespie, 1995.
Classification of multispectral images based on fractions of endmembers: Application to
land-cover change in the Brazilian Amazon, Remote Sensing of Environment 52(2), 137154.

iii

Kuemmerle, T, A Roder, & J Hill, 2006. Separating grassland and shrub vegetation by
multidate pixel-adaptive spectral mixture analysis, International Journal of Remote
Sensing 27(15), 3251-3271.

iv

Fleming M & R Hoffer, 1979. Machine Processing Of Landsat MSS Data And DMA
Topographic Data For Forest Cover Type Mapping, in: Proceedings of the 1979 Machine
Processing Of Re-motely Sensed Data Symposium, pp. 377—390.

v

Stolz R, M Braun, M Probeck, R Weidinger, & W Mauser, 2005. Land use classification in
com-plex terrain: the role of ancillary knowledge, EARSeL eProceedings 4(1), 94-106.

vi

Baker C, R Lawrence, C Montague, & D Patten, 2006. Mapping wetlands and riparian
areas using Landsat ETM+ imagery and decision-tree-based models Wetlands , 26, 465474

vii Loveland T R, J W Merchant, D O Ohlen, & J F Brown, 1991. Development of a landcover characteristics database for the conterminous united-states, Photogrammetric
Engineering And Remote Sensing 57(11), 1453-1463.
viii Orthmann B, 2005. Vegetation ecology of woodland-savanna mosaic in central Benin
(West Africa): Ecosystem analysis with focus on the impact of selective logging, PhD
thesis, University of Bonn.
ix

Thamm H-P, M Judex, & G Menz, 2005. Modeling of Land-Use and Land-Cover Change
(LUCC) in Western Africa using Remote Sensing, Photogrammetrie Fernerkundung
Geoinformation 3/2005, 191-199.

x

Thamm H-P, G Menz & O Kissiyar, 2001. Investigation of the Land Use / Land Cover
Change in the Upper Ouémé Catchment, Benin (West-Africa) for the Set Up of a
Coherent Development Plan. In: Proceedings of the 2001 IGRASS Symposium, Sydney

xi

Dikau & Schmidt 1999

xii Schmidt J & R Dikau, 1999. Extracting geomorphometric attributes and objects from digital ele-vation models – semantics, methods, future needs. In: GIS for earth surface
systems – analysis and modelling of the natural environment edited by Dikau R & H
Saurer. (E. Schweizbart’sche Ver-lagsbuchhandlung, Stuttgart) 153–73
xiii Wilson J & J Gallant, 2000. Terrain analysis: principles and applications Wiley,
Chichester

190

Center for Remote Sensing of Land Surfaces, Bonn, 28-30 September 2006

xiv Weiss A, 2001. Topographic Position and Landforms Analysis. Poster presentation, ESRI
User Conference, San Diego, CA.
xv Lundblad E R, D J Wright, J Miller, E M Larkin, R Rinehart, D F Naar, B T Donahue, S M
Ander-son, & T Battista, 2004. Classifying Deep Water Benthic Habitats around Tutuila,
American Samoa, in Proceedings of the Twenty-Fourth Annual ESRI User Conference.
xvi Rinehart R W, D J Wright, E R Lundblad, E M Larkin, J Murphy & L Cary-Kothera, 2004.
ArcGIS 8.x Benthic Terrain Modeler: Analysis in American Samoa, in Proceedings of the
Twenty-Fourth Annual ESRI User Conference.

191

Proceedings of the 2nd Workshop of the EARSeL SIG on Land Use and Land Cover

FOREST AREA ESTIMATION USING OPTICAL REMOTE SENSING
AND GROUND DATA FOR A FOREST RESERVE
IN PENINSULAR MALAYSIA
Mohd Hasmadi, I1. and Kamaruzaman, J2
1. Universiti Putra Malaysia, Department of Forest Production, 43400 UPM, Serdang, Selangor, Malaysia, mhasmadi@putra.upm.edu.my,
2. Universiti Putra Malaysia, Aeroscan Precision (M) Sdn. Bhd., Lebuh Silikon, 43400 UPM,
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ABSTRACT
Area estimates using remotely sensed data is an important subject that has been investigated
around the world during the last decade. It plays an important role in the production of vegetation statistic when area frame sample design is used using regression estimator. Area estimation from ground survey data can be calculated by measuring the area of the cover class of
fixed size known as sample units .The estimates were computed as a proportion rather than
absolute area because the errors resulting from drawing or digitizing and map scale can be
minimized. This technique is used widely in estimation of crop area and yield. This work is
carried out utilizing the same method but tested for the tropical forest in Malaysia. The estimates have been conducted using direct expansion from sample survey and regression estimator approaches. The latter result using regression of ground data and satellite data seem
more reliable when training pixels are chosen at random subset of the area sampling frame.
The regression analyses showed all the land cover class had a very high correlation (r2 = 0.86
to 0.89). This method not only practical with accurate estimation for this work but do not imply
any additional time and cost.
INTRODUCTION
Remote sensing can be a valuable tool for forest area estimation statistic when area frame
are used. Typically remote sensing helps in the definition of sampling unit and can be exploited to optimize the sample allocation and size of sampling units. In area estimation, classified remotely sensed images are used as auxiliary variables in a regression estimator. This
effort was demonstrated for classification and production of crops statistics in the past (i, ii, iii,
iv). Integration of ground data and classification of remote sensing data is shows a greatest
operational feasibility and economical interest that contribute for the benefits of the global
society. However the emphasis of their research is on the agricultural crop or vegetation.
Thus, this work is carried out for different type of land cover –forest in Malaysian context. In
order to develop forest management strategies, surveying the forest resources and monitoring the forest area for harvesting or affected by logging operation is essential. Several methods have been used to establish data and information about forest management in P. Malaysia. A few studies investigating the use of remote sensing data for forestry applications in
Malaysia has been done in the past (v, vi, vii).
The collection of accurate and timely statistic about the area of forest in Malaysia is great
importance to the Forestry Department, logging company and other interested parties such as
Department of Environment and Natural Resources. However, according to (viii), estimations
of forest areas by classical approaches using digital classification alone usually suffer from
mis-classified pixels of satellite images, although it has no sampling errors. Meanwhile, estimation by ground observation has probably suffered from high sampling errors (ix). Thus, the
relationship between the area estimate from ground survey and image classification results
can be combined in order to improve area estimates. Example of the study by European
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Commission on crop inventories in 1997 revealed that the error of sampling survey could be
minimized by assistance of remote sensing data. The main objective of this study was to estimate the areal extent of forest resources in Sungai Tekai Forest Reserve, Peninsular Malaysia and investigate methodology used to carry out forest area estimation with the aid of remotely sensed data.
METHOD
Study area
The study area is a forest reserve situated in the north east of Pahang state in Peninsular
Malaysia. The surface area is mainly covered by virgin forest with some of them is logged
over forest, bare land, mix agricultural crop and water bodies. The geographical limit coordinates are latitude 04°10´N - 04°30´N and longitudes 103°03´E - 103°30´E, covering an area
of approximately 10,000 hectares (Figure 1). ). The forest area is composed of mixed virgin
hill forest, high in species diversity with predominance of Shorea species such as Meranti
Seraya (S.curtisii) and Meranti Rambai Daun (S.acuminata). The elevation is mostly over 600
m above sea level. The slope gradient of the study area is undulating with steep rugged
slopes ranging from 100 to 800. The annual precipitation is about 210 cm with a fairly high
tropical climate with a mean temperatures ranging from 200C -31 0C. The precipitation occurs
mainly in two seasons: April to May and November to December. The relative humidity is
high, ranging from 62.3 to 97.0% with a daily mean of 85.7%.

Figure 1: A map of Peninsular Malaysia showing the study area.
Ground survey phase
The ground survey was conducted in March 2003 (3 weeks). In this study, the numbers of
sample segments adopted is only 97 instead of 100 due to cloud problems in three of them.
The 97 sample segments were distributed unaligned systematically random over the 100
square km frame area, and represents a sampling frequency of 5.59 percent of the 100
square km area (Figure 2). A set of these samples was chosen at random using the MS
EXCELL random generator. The sample segment adopted was 240m by 240m (5.76 ha)
within each 1km by 1km block and a total of four observation sites (sub-sample) were made
in every sample segment. Observation was made in the 60m by 60m area in the four corners
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of the sample segment. This size was chosen because it is adequate to carry out field survey
and appropriate to enclose a land cover variation in the test site using Landsat TM. A photographic image of the segments were enlarged to 1:10 000 scale. Enumerators from the Pahang Foresty Department carried out annotation work of the field numbers, location and land
cover type in the sample units. The image sample units were transparent overlay with transparency film to draw field boundaries within the sample units. Each sample segments were
digitized and geographical registrations were carried out for all surveyed segments.

Figure 2: The area frame design illustrating the distribution of the sample segment using unaligned systematic random sampling over the study area (10 km by 10 km).
Remote sensing phase
Landsat TM data was selected to use and geographical registration was corrected using image-to-image approach to UTM coordinates. Pure pixels of land cover were determined as
training pixels, spectral signatures of the land cover were evaluated, and classification is performed using maximum likelihood. In the classification, the Battacharrya Distance was used
to examine the quality of training sites and class signatures. This panel contains all the available information about signature and class information for each class. The value shows in
Battacharrya Distance is a value between 0 and 2, where 0 indicates complete overlap between the signature of two classes and 2 indicates a complete separation between two
classes. The larger the separability values achieved, the better final classification result. Statistically, it resulted average of the signature separability of 1.88, minimum separability of
1.588 and maximum separability of 1.97. As a result, this pre-clustering shows a significant
improvement of the classification. After classification was made, we have two different images
from each segment as a sample: the proportion of segments from ground survey and proportion of pixels from classified imagery. The regression method then used in order to test the
reliability of regression estimators.
Regression estimation
Area estimation from sample survey data can be calculated by measuring the area of the
cover class of fixed size known as sample units (x). The estimates were computed as a proportion rather than absolute area because the errors resulting from drawing or digitizing and
map scale can be minimized. The unbiased estimate of land cover proportion of land area
covered by class c is given by the equation:
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yc =
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with variance: Var( y c ) = (1 −
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) n ( n1−1) ∑ ( yi − yc )2
i=1

where: yi is the proportion of segment i covered by class c; N = total number of segments in
the region, n = number of segments in the sample. The proportion of the study region sampled (n N ) is referred to as the sample fraction. When this is less than 5%, the correction factor for a finite population (1 −
the class area is:

n
N

) can be omitted from the above formula (xi). The estimate of

Zˆ c = D y c
with variance: Var( Zˆc ) = D Var(yc )
2

where D is the area of the region.
The standard error or accuracy of Zˆ c is estimated by calculating the 95% confidence interval
as follows:

Zˆ c ± 1 .96 var( Zˆ c )
The equivalent proportions determined from digital classified image (pi) were calculated to
establish pairs of observations that could be plotted to establish relationships. The relationship between the two data sets of information is determined by linear regression of y on p
given by:

y = y + b( p − p)
where,

y

and

p

are the sample mean values and

b

is the slope of the regression line.

Then, the classified images were extracted to produce the necessary data sets for regression
estimator. For each class, a linear regression was applied to correlate the image sample
segments with the equivalent class of sample segments acquired from sample survey. The
population estimate, p pop of the digitally classified land cover proportion, for each class for
the whole area of interest can be calculated by:

p pop = Total pixel area classified as class c
Region area
The value is then used in the regression equation to produce the correction for the sample
estimate.In the case of the satellite data, p can also be estimated from the classified imagery
by calculating the proportion of pixels classified in the 240m by 240m cells. This is called
population estimates, p pop . Population estimate is the proportion of pixels classified as the
cover types in the study area. Then, this value is used in the regression equation to produce
a correction for the sample estimate of the mean cover types proportion per unit area, y , and
is known as the regression estimate,

yreg , and as given by:

yreg = y + b ( p pop − p )
For large random sample where n>50 the variance is approximately as given by:
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Var(y reg ) = 1n Var(y)(1− r 2py )
where

r 2py

is the coefficient of determination.

The estimate of cover types area in the study region and its variance are then:

Zˆ reg = Dyreg
and

Var( Zˆreg ) = D2 Var(yreg )

The standard error S.E.(Zreg) and the 95% confidence interval (C.I.95%) are given by:
S.E.(Zreg) =

Var (Zreg)

C.I.95% = Zreg ± 1.96 S.E. (Zreg)

RESULTS AND DISCUSION
Ground survey result
The results of the ground survey should provide approximate proportions of each land cover
type in the whole study area. A summary of land cover area estimates by sample survey was
presented in Table 1. The table includes standard error, coefficient of variation and 95% confidence interval. It can be seen that area estimation results are as follows; primary forest–
6762.87 ha, logged over forest-2783 ha, bareland–329.89 ha, agricultural crop/mixed horticultural–134.02 ha. and water bodies–164.95 ha., respectively.
Table 1: Summary land cover area proportions and area estimates by ground survey.
No. of S.Segment

P. Forest

L.O. Forest

B. Land

A.C/M. Hort.

W.Bodies

65.6

27.0

3.2

1.3

1.6

Proportion ( y )

0.6762886

0.2783505

0.0329896

0.0134020

0.0164948

Area (Zc)[ha]

6762.87

2783.50

329.89

134.02

164.95

Std.Error [ha]

1676.43

289.47

128.75

36.76

35.78

C.V (%)

24.78

10.39

39.02

27.42

21.69

Zc+1.96SE[ha]

10048.67

3350.86

582.24

206.06

235.07

Zc-1.96SE [ha]

3477.06

2216.13

77.54

61.97

94.82

97
∑yic

c

S.Segment=Sample Segment, P.Forest=Primary Forest, L.O.Forest=Logged Over Forest, B.Land=Bareland,
A.C/M.Hort.=Agricultural Crop/Mixed Horticulture, W.Bodies=Water bodies, Std.Error=Standard Error,
C.V=Coefficient of Variation(Std.Error/Expanded area)*100, ∑yic * 100
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Regression estimator
Generally a good relationship exists between the sample survey data and digital classified
imagery for all classes, producing coefficient of determination (r2) of more than 0.80. However
the regression relationship for agric. crop/mixed horticultural and water bodies should be
given special attention although their relationship was greater with r2 of 0.96 and 0.89. The
fitted lines for both classes were generated from only two numbers of area data due to the
sample selection based on unaligned systematic random sampling, thus the sample area can
be picked up from the sample segment which suffered from insufficient data. Because the
main interest in the survey is to map and record forest cover area information, the other
classes not emphasized. However, in all cases of the correlation, the regression relationship
was highly significant with p< 0.01.
Area estimations of each land cover derived using regression estimator method are shown in
Table 2. Area estimations using the regression estimator were compared with those derived
by sample survey. The coefficient of variation decreased as a result of using the regression
estimator method. For all land cover types the regression estimator method calculation appears to have a greater precision for all classes (C.V. range from 3.99% - 36.12%) than the
sample survey method (C.V. range from 10.39% - 39.02%). The decrease could be noted in
all classes ranging from 3.99% for logged over forest to 36.12% for bare land. The statistical
data from the regression estimator revealed and demonstrate the improvement in the accuracy of the area estimates by adjusting the estimate of the mean land cover area proportions,
thus reducing the variance. The use of the regression estimator by mean produced more unbiased area estimates and showed more precise results.
Table 2: Area estimation by regression estimator method.
Class

Area(Zreg
)

b

r2

S.E

C.V

C.I.95%

C.I.95%

[ha]

(%)

[%]

[ha]

1208.55

17.92

35.12

9112.17

[ha]
P.Forest

6743.42

0.063

0.86

4374.66

L.O. Forest

2775.16

0.027

0.89

110.80

3.99

7.82

2992.32
2557.99

B. Land

155.89

0.000

0.86

56.32

36.12

70.8

266.27
45.50

A.C/M. Hort

133.46

0.002

0.96

29.56

22.14

43.40

191.39
75.52

W.Bodies

61.77

0.000

0.89

11.06

17.90

35.08

83.44
40.09

P.Forest=Primary Forest, L.O.Forest=Logged Over Forest, B.Land=Bareland, A.C/M.Hort.=Agricultural Crop/Mixed
Horticulture, W.Bodies=Water Bodies, C.V = S.E/Area(Zreg)*100

CONCLUSION
Resource evaluation is not only considered in a statistical sense but also looks at the capability of the data to show trends and to discriminate between groups of classes of interest in
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forest management. The result from this study enables the use of remote sensing data and
sample survey through the regression estimator technique to forest area in Malaysia. In conclusions it can be drawn that the use of this technique has an advantage. The technique resultant increases in the precision and reduces the error of variance and is an improvement,
when compared to sample survey estimation. The coefficient of determination illustrated that
for all land cover types, r2 was high ranging from 0.86 for Primary Forest to 0.96 for Agricultural Crop/Mixed Horticultural. Meanwhile coefficient of variation shows a decrease in percent
for all land cover types ranging from 3.99% for Logged Over Forest to 36.12% for Bare Land.
The use of regression estimator from sample survey and classified image sample is generally
reliable, acceptable and proven to be effective in forest area estimation in this study. The accuracy of the result largely depends on the quality of the data obtained from ground survey
and image classification work. Although Landsat TM data used in this study has provided a
broad definition of forest cover, such data is useful to the Forestry Department to evaluate
and monitor the existing forest resource for further management and socio economic planning.
ACKNOWLEDGEMENTS
The authors are grateful to the Malaysian Centre for Remote Sensing (MACRES) and Pahang Forestry Department of Peninsular Malaysia for supplying data and supporting the field
work for this study.
REFERENCES
i

Gonzales-Alonso,F., Lopez-Soria,S., and Cuevas-Gozalo,J.M., 1991, Comparing two
methodologies for crop area estimation in Spain using Landsat TM images and ground –
gathered data, Remote Sensing of Environment,35,29-35.

ii

Gonzales-Alonso,F., and Cuevas,J.M., 1993, Remote sensing and agricultural statistic:
crop area estimation through regression estimators and confusion matrices. International
Journal of Remote Sensing, 14,1215-1219.

iii Gallego,F.J., and Delince,J., 1993. Crop area estimation through remote sensing: stability
of the regression correction. International Journal of Remote Sensing, 14,3433-3445.
iv Ference,C.,Bognar,P.,Lichtenber,J.,Hamar,D.,Tarcsai,G.,Timar,G.,Molnar,G.,Pasztor,S.,
Steinbach.,Szekely,B., Ference,O.E., and Ference-Arkos,I., 2004, Crop yield estimation
by remote sensing. International Journal of Remote Sensing, 25,4113-4149.
v

Kamaruzaman ,J., and Souza, G.D., 1997. Use of satellite remote sensing in Malaysia
and its potential. International Journal of Remote Sensing, 18, 57-70.

vi Mohd Hasmadi,I., and Kamaruzaman,J., 1999, Use of satellite remote sensing in forest
resource management in Malaysia. Paper presented at Second Malaysian Remote Sensing and GIS Conference, 16-18 March, 1999, ITM Resort & Convention Centre, Shah
Alam, Selangor, Malaysia. 24p.
vii Khali,A.H., 2001, Remote sensing, GIS and GPS as a tool to support precision forestry
practices in Malaysia. Paper presented at the 22nd Asian Conference on Remote Sensing,
5-9 November 2001, Singapore.5p.
viii Deppe,F. 1994. Application of remote sensing and GIS for management and planning
forestry resources in southern Brazil. Ph.D (Thesis), Cranfield University,Silsoe,UK. 333p.
ix Taylor.J,C., Sannier,C., Delince,J., and Galego,F.J., 1997, Regional Crop Inventories in
Europe Assisted by Remote Sensing: 1988-1993. Synthesis Report of the MARS ProjectAction 1.Joint Research Centre, European Commission-EUR 17319 EN.71p.

198

Center for Remote Sensing of Land Surfaces, Bonn, 28-30 September 2006

x

Taylor,J.C., and Eva,H.D., 1993, Operational use of Remote Sensing for Estimating Crop
Area in Engand. In: K.Hilton. Towards Operational Application. In: 19th Annual Conference of Remote Sensing Society, Chester College,UK.

xi Cochran,W.G., 1977, Sampling technique. John Wiley and Son. 413p.

199

Proceedings of the 2nd Workshop of the EARSeL SIG on Land Use and Land Cover

EVALUTATION OF LAND CONSERVATION MEASURES WITH AN
ULTRALIGHT REMOTE CONTROLLED AIR VEHICLE
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ABSTRACT
In developing countries numerous measures for land conversation, like anti erosion
measures, forest protection, improving land manure systems, fire management and others,
are led thru by various developing agencies. To enforce these measures lots of manpower,
money and time is needed. So the question of an evaluation of the effects of the measures
arises. This triggers the demand for objective methods to evaluate the success of the
measures. In pilot projects satellite images had been used successfully if the spatial scale
was appropriate. But for the evaluation of some projects where the effect of the measures can
be seen only in a small spatial scale e.g. erosion control or change in agricultural systems,
even the resolution QUICKBIRD or IKONOS images are not sufficient. As well their
availability in areas with frequent cloud cover is limited. Another limitation is the high price of
the QUICKBIRD and IKONOS images. Therefore the investigation of processes in a high
temporal resolution is too expensive.
To overcome the mentioned limitations of the satellite systems, a small remote controlled
ultra light air vehicle (UAV) with a camera was used to monitor the effects of the measures for
land conversation in two catchments in the North-West of Benin, West-Africa in a
collaboration of the ZFL and the GTZ (German development service). The UVA consists of a
frame of alloy with a 5.5 hps strong 2-stroke engine and special type of parachute which
serves as a wing. This allows a slow and stable flight and guarantees as well high safety in
case of a failure of the motor. The overall weight of the UVA is between 8 kg and 12 kg. Up to
six kilogram payload can be attached. A maximum flight speed of 25 km/h can be reached.
This restricts the use of the drone for wind conditions lower than 6 m/s. The flight time is only
limited by the amount of fuel and the capacity of the batteries for the servos. At the moment a
flight time of 60 minutes is realised. A maximum flight height of 4500 m and an operation
distance up to 5 km are possible. The length of the runway is depended on the wind
conditions and varies between 5 m and 25 m. The sensor carrier is gimbals-mounted. On the
sensor carrier different sensors (digital cameras, multi-spectral cameras) can be mounted. A
special feature is the radio transfer of the instantaneous field of view of the camera to the
operators in real time. It can be displayed on special goggles or a (laptop) screen. The actual
position of the drone, which is taken by a GPS, is transmitted to the operator. Pictures of the
camera are taken via remote control. A transport of the whole system is easy because it can
be dismantled and the parts fit into a bigger suitcase.
With the ULV it was possible to take aerial photos of the test sites in different spatial
resolutions. Beneath the overview images from which the land use land cover could be
assessed, it was possible to take detail images of the erosion gullies and new build rice
terraces in a very high resolution. Therewith it is possible to evaluate the success of the
measures to fight erosion and incorporate dry rice terraces.
The images taken of the UVA are compared with QUICKBIRD images to assess the value of
the UVA. Overall it can be stated that the UVA offers interesting new possibilities for an
objective evaluation of land conservation measures for a reasonable price.
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TUTORIAL ON UN LAND COVER CLASSIFICATION SYSTEM
Herold, M.1 & Di Gregorio, A. 2
1. Friedrich-Schiller-University, Earth Observation, Jena, Germany, ESA GOFC-GOLD
2. FAO/GLCN
ABSTRACT
Several global and regional datasets have been derived in response to the need for
information about land cover and land cover dynamics. Their development was driven by
different national or international initiatives; the subsequent mapping standards adopted
reflect the varied interests, requirements and methodologies of the originating programs.
Although efforts in harmonization and validation are mentioned in nearly all related mapping
projects as well as in many other circumstances, there is only limited compatibility and
comparability between these different maps and their thematic legends - they basically exist
as independent datasets. This hinders their use, especially considering the original purpose
of some these datasets to serve a large number of applications and the problems of
insufficient validation become particularly apparent in effort to analyze land cover changes. In
that context, improved harmonization and validation of land cover datasets is endorsed in
several international conventions and initiatives. Organizations in the related implementation
efforts are GOFC-GOLD (Global Observations of Forest Cover-Global Observation of Land
Dynamics); a technical panel of the Global Terrestrial Observation Strategy GTOS). It brings
together key participants and stake-holders involved in global and regional land cover
observations. The objective is to provide a platform for presentation and discussions on
current and planned activities including developments on the political programs, international
strategic frameworks as well as related implementation initiatives.
The basis for a harmonization strategy is the UN Land Cover Classification System (LCCS).
GOFC-GOLD and GTOS recommend LCCS to Space Agencies other actors involved in land
cover mapping as a standard for land cover legend generation, translation and as exploratory
tool for comparing and contrasting different legends. There are ongoing case studies on land
cover legend translations to evaluate the harmonization resources and provide better
understanding on how to approach the diversity of existing land cover definitions. Although
understanding of semantic heterogeneities in existing land cover datasets is important, true
harmonization has its most impact in the development phase of land cover datasets; hence
influence operational land cover data collection is essential. Mapping projects are
encouraged to profit from resources and harmonization experiences, especially in terms of
identified problems and inconsistencies in existing legends.
In conjunction with UN Food and Agricultural Organization (FAO) and the UN Global Land
Cover Network (GLCN), the LCCS tutorial will provide an introduction to the UN Land Cover
Classification System (LCCS 2 and 3) as common land cover language and legend translator.
Needs and concepts for land cover harmonization and standardized mapping are discussed
to provide guidance for mapping projects in land cover observations and legend
development/translation. The tutorial will provide room for discussion and is followed by a
session presenting important regional and global land cover mapping projects and programs.
LCCS: http://www.glcn-lccs.org/
GTOS: http://www.fao.org/gtos/gofc-gold/
GLCN: http://www.glcn.org/
GOFC-GOLD: http://www.fao.org/gtos/gofc-gold/
GOFC-GOLD LC Project Office: http://www.gofc-gold.uni-jena.de/
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MAPPING LAND COVER OF EUROPE FOR 2006 UNDER GMES
Chris Steenmans1 and George Büttner2
1. European Environment Agency, Kongens Nytorv 6, DK-1050 Copenhagen K, Denmark;
tel: +45-33 36 71 86, fax: +45-33 36 72 95; e-mail: Chris.Steenmans@eea.europa.eu
2. Institute of Geodesy, Cartography and Remote Sensing (FÖMI) (partner in the European Topic Centre Terrestrial Environment consortium); H-1149 Budapest, Bosnyák tér
5. Hungary; tel: +36-1 460 4177, fax: +36-1 252 8282, e-mail: Buttner.Gyorgy@fomi.hu
ABSTRACT
Recent strategic discussions amongst EEA member countries, European Parliament and the
main EU institutions responsible for environmental policy, reporting and assessment have
underlined an increasing need for factual and quantitative information on the state of the environment to be based on timely, quality assured data, in particular in land cover and land use
related issues.
Based on these requirements for 2006-2008, EEA put forward a proposal to collaborate together with the European Commission (EC) and the European Space Agency (ESA) on the
implementation of a fast track service on land monitoring.
The GMES (Global Monitoring for Environment and Security) fast track service on land monitoring 2006-2008 combines a standard CORINE Land Cover (CLC) update with the production of additional more detailed data for forests and soil sealing at European level based on
high resolution multispectral imagery and lower resolution multitemporal data. The service will
deliver the following products during 2006-2008:
•
•
•
•
•

Ortho-rectified satellite images and mosaics for the reference year 2006 (+/- 1 year),
referred to as IMAGE2006;
CORINE land cover changes 2000-2006;
CORINE land cover 2006 (CLC2006)
High resolution forest layer 2006
High resolution soil sealing layer 2006

Geographic coverage is EU25 and neighbouring 13 countries, altogether 5.8 Mkm2. Results
will be freely available through Internet.
INTRODUCTION
The European Environment Agency is committed to support the spatial data requirements of
European and global development initiatives, including key thematic strategies on marine
systems and soils, with particular attention to land-use changes in ecologically sensitive areas and protection of soils (i).
Recent strategic discussions amongst member countries, European Parliament and the main
EU institutions responsible for environmental policy, reporting and assessment (DG ENV,
EEA, ESTAT and JRC) have underlined an increasing need for factual and quantitative information on the state of the environment to be based on timely, quality assured data, in particular in land cover and land use related issues.
DG Environment addressed in June 2005 a request to EEA to include the following services
related to land use in its multi-annual work programme until 2008:
•
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•

Integration of spatial and non-spatial data, including non-environmental data into a spatial
information platform to support relevant, reliable and high quality assessments.

EEA and DG Environment agreed to explore, within the frame of the GMES (Global Monitoring for Environment and Security) initiative, the best approach for improved collection of relevant European land cover and land use data and information. The EEA Management Board
endorsed a proposal in June 2005 to update the CORINE land cover data together with high
resolution land cover data as part of the implementation of the GMES fast track service on
land monitoring.
DG Agriculture has expressed its interest to support a CORINE land cover update, which
should be synchronised, as much as possible, with the LUCAS 2006 in-situ agrienvironmental monitoring campaign coordinated by Eurostat, to provide complementary information on land cover and land use changes between 2000 and 2006, which will be used
for updating agri-environmental indicators.
Based on these requirements for 2006-2008, in March 2006 EEA put forward a proposal to
collaborate with the European Space Agency (ESA) and the European Commission (EC) on
the implementation of a fast track service on land monitoring, in line with the Communication
from the Commission to the Council and the European Parliament (ii). DG JRC expressed its
availability to undertake together with ESA the definition and implementation of the necessary
satellite data procurement and processing in view of supporting the present proposal. This
action will be undertaken in the context of the development of Community satellite based core
products that will serve a broad number of services to support environmental monitoring and
assessment objectives.
The proposal builds on the benefits of GMES by combining the planned CORINE land cover
(CLC) update with the production of additional high resolution data for a selected number of
land cover classes, such as those concerning built-up areas and forest. The shortcomings of
a standard CLC update, which is deemed insufficient to meet the wide range of user needs,
can be solved by the creation of complementary high resolution land cover data for a selected
number of classes.
This proposal is also fully in line with the ESA statement of work for scaling up consolidated
services related to land information services in stage 2 of the Earthwatch GMES Services
Element (GSE Land and GSE Forest) issued in 2005.
This initiative will contribute to the development and implementation of the shared European
information system, of which GMES products and services as well as INSPIRE are key structuring elements. EEA, DG ENV, JRC and Eurostat are closely collaborating on the development of a European Spatial Data Infrastructure, building further on the experience from
IMAGE2000 and CLC2000 (iii).
CONSOLIDATED USER REQUIREMENTS
Several meetings were organised during 2005-2006 with a broad range of stakeholders to
discuss the present and future user requirements for land use and land cover change data.
From a long list of requirements for land cover and land use information for the next decade,
EEA proposed at the GMES Advisory Council in June 2005 that the GMES fast track land
monitoring service should be “a service providing on a regular basis core land cover/land use
change data that can be used by a wide range of downstream services at European, national,
regional and local level”.
The following information requirements for framing, implementing and evaluating main policy
areas at European and national level will be supported by the core data of this GMES “fast
track” land monitoring service:
-

Environmental thematic strategies on urban environment, soil protection and sustainable use of natural resources;
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-

-

Reporting obligations under the Water framework directive, management of
Natura2000 sites, UN ECE Long Range Transboundary Air Pollution deposition and
dispersion modelling;
Reporting obligations under the UN Framework Convention on Climate Change and
Kyoto Protocol;
Environmental impact assessment and reporting;
EU enlargement and neighbourhood policy;
Common Agricultural Policy, i.e. rural development and agri-environmental measures;
Regional policy, territorial cohesion and European spatial development perspective;
Infrastructure for spatial information in Europe – INSPIRE.

More specifically, GMES will contribute to the improvement of the specific EEA services related to land cover and land use change for the coming years. Specific requests for land
cover and land use change data and information related to soil and agriculture, urban environment, integrated coastal zone management, biodiversity and Natura2000 related services,
as can be inferred by the following list of requests:
-

-

-

-

Data and analysis regarding effect of accession in new Member States. EEA is requested to provide data and analysis regarding changes in land cover and land use, in
particular in the areas of:
o Sealing;
o Land use change related to agriculture and Common Agricultural Policy;
o Land use changes resulting from the use of Community funds.
Data and analysis to support the further development and implementation of the
Natura2000 network, including coastal habitats;
Data and analysis to support the design and implementation of policy approaches and
instruments for the monitoring and assessment of nature and biodiversity and the factors, pressures and responses that impact on it, in particular in relation to the
achievement of the target of halting biodiversity loss within the Community by 2010;
Data and analysis in relation to High Nature Value Farmland and changes over time to
assist DG Environment with policy information, particularly in its efforts to have High
Nature Value Farmland areas included as a criterion for designation of Less Favoured
Areas (LFAs) once the reform of LFAs begins to be discussed;
Information on the environmental impacts of sealing. EEA is requested to collect and
analyse information on sealing of land, including for the 500 or so major urban agglomerations in Europe. This must build on information derived from CORINE land
cover if possible on a higher frequency and with local higher resolution, and address
in particular the effects on:
o
o
o
o
o

Soil functions;
Water courses, including runoff;
Biodiversity, including fragmentation and other effects on habitats;
Temperature increase in sealed areas;
Landscapes, in particular with a view of sealed green-field sites.

The following boundary conditions were discussed at the GMES Land Monitoring workshop
organised by DG ENTR in October 2005 and are recommended for the implementation of the
GMES fast track service on land monitoring:
-

-
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The service should cover all EU member states and neighbouring countries providing
a snapshot of a specific year for which the majority of the satellite data should be acquired;
Continuity of CORINE land cover dataflow should be guaranteed;
Core land cover data should be available preferably within 1.5 year after the satellite
data acquisition in order to ensure timely information;
Updates with a continental coverage should be envisaged at least every 5 years;
some environmental or other sensitive areas i.e. urban areas, mining sites, protected
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-

-

areas, coastal zones or other regions with high rate of land use and land cover
changes, might require more frequent updates;
Coordination of European with national, regional, local monitoring activities should be
fostered, in line with the principle of subsidiarity.
The GMES service should build on existing land cover and land use experience and
monitoring activities. Compatibility should be envisaged with CORINE Land Cover (iv)
(for continental monitoring), Moland (for urban monitoring) as well as the FAO land
cover classification system (v) (for global monitoring);
Co-ownership of the products should be guaranteed by all actors involved in the service implementation;
Open access and free dissemination data policy as applied for IMAGE2000 and
CLC2000 based services should be maintained.

SERVICE AND PRODUCT DEFINITION
For the implementation of the GMES fast track service on land monitoring 2006-2008, the
CLC update will be combined with the production of new high resolution land cover to provide
a first set of cost-effective operational services on core land cover and land use data at European level, including the provision of high quality ortho-rectified multi-temporal data.
The service will deliver the following products:
1. Ortho-rectified satellite images for the reference year 2006 (+/- 1 year);
2. European mosaic based on ortho-rectified satellite imagery (referred to as
IMAGE2006);
3. CORINE land cover changes 2000-2006;
4. CORINE land cover 2006 (referred to as CLC2006);
5. High resolution built-up areas and degree of soil sealing 2006;
6. High resolution forest layer 2006.
This initiative will prepare the path for a first operational GMES land monitoring service from
2008 onwards, namely the regular provision of freely accessible European wide coherent
core land cover data which can be used further downstream for commercial and noncommercial applications at local, national and international level.
GEOGRAPHIC SCOPE
The GMES fast track service on land monitoring will cover the EU25 and neighbouring countries meaning, all EEA Member countries (namely: Austria, Belgium, Bulgaria, Cyprus, Czech
Republic, Denmark, Estonia, Finland, France, Germany, Greece, Hungary, Iceland, Ireland,
Italy, Latvia, Liechtenstein, Lithuania, Luxembourg, Malta, the Netherlands, Norway, Poland,
Portugal, Romania, Slovakia, Slovenia, Spain, Sweden, Switzerland, Turkey, United Kingdom) as well as the western Balkan countries (namely Albania, Bosnia-Herzegovina, Croatia,
Former Yugoslavian Republic of Macedonia and Serbia and Montenegro) who are participating in the regular CORINE land cover dataflow.
IMPLEMENTATION STEPS 2006-2008
To implement this GMES fast track service on land monitoring, the following work packages
are defined:
WP1 Satellite data procurement and processing (IMAGE2006)
WP 1.1 Satellite data acquisition
WP 1.2 Ortho-correction
WP 1.3 Satellite image mosaic
WP2 In-situ and ancillary data collection

205

Proceedings of the 2nd Workshop of the EARSeL SIG on Land Use and Land Cover

WP3 CORINE land cover mapping (CLC2006)
WP 3.1 CORINE land cover change mapping 2000-2006
WP 3.2 CORINE land cover mapping 2006
WP4 High resolution land cover mapping
WP 4.1 Built-up areas and degree of soil sealing 2006
WP 4.2 Forest layer 2006
WP5 Quality control and validation
WP6 Data dissemination
WP7 Project management
ORGANISATION OF WORK
EEA will take the overall technical lead for implementation. Depending on the applied funding
mechanisms, the administrative management of the different work packages will be shared
between ESA, the Commission and EEA. A Steering Committee will be set up with representatives from all contributing organisations, namely the Commission, ESA, EEA and participating countries.
The GMES Land Monitoring Implementation Group for land monitoring established by DG
Enterprise will play an advisory role for interlinking with other GMES services.

Steering
Steering Committee
Committee
(EEA,
(EEA, ESA,
ESA, EC,
EC, Member
Member Countries)
Countries)

EEA
EEA

ESA
ESA // JRC
JRC

(WP
(WP 2,3,4,5,6,7)
2,3,4,5,6,7)

(WP
(WP 1)
1)

NRCs
NRCs

National
National
LULC projects
projects
LULC

GMES
GMES LMCS
LMCS
Implementation
Implementation Group
Group

Service
Service providers
providers
Figure 1. Organisational chart
All products have to be available for use by the end of 2008.
All land cover data will be freely available for any (commercial or non-commercial) applications. Ortho-rectified images will be available to participating organisations. The satellite mosaics will be freely accessible as web map service.
SOME TECHNICAL DETAILS
Under WP1 (responsible: ESA and JRC) SPOT-4 data will be acquired for the period of 2006
± 1 year. Participating countries define optimal acquisition windows. In case of insufficient
coverage, SPOT-5 or IRS P6 LISS III data will be used for filling the gaps. In addition to the
high-resolution coverage, multi-temporal (2 dates) IRS P6 AWiFS data will also be acquired.
The high-resolution SPOT-4 and the lower resolution IRS multi-temporal data together make
up IMAGE2006.

206

Center for Remote Sensing of Land Surfaces, Bonn, 28-30 September 2006

Defined pixel size of orthocorrection is 20 m and 50 m, while geometric precision is ≤20 m
and ≤50 m for SPOT-4 and AwiFS, respectively.
Seamless image mosaic will be created using SPOT-4 as well as IRS AWiFS data. Mosaics
will provide high-quality background image reference layer within the European spatial data
infrastructure.
In situ and ancillary data collection means (WP2), that countries will make available all those
national data (e.g. GCPs for orthocorrection, DEM, topographic maps, aerial photos) that are
required to derive the planned land cover layers. LUCAS 2006 (LU/LC codes, field photographs) available in 11 countries is planned to use as “ground truth” to improve classification
results.
Under WP3 CLC-change (between 2000 and 2006) will be derived by using image-to-image
comparison between IMAGE2000 and IMAGE2006. All land cover changes larger than 5 ha
have to be mapped. The standard CLC nomenclature will be used with 44 classes. CLC2006
will be generated in GIS by adding together CLC2000 and CLC-change.
Under WP4 two high resolution layers are derived: built-up area and forest area. The planned
minimum mapping unit is 1 ha, which is a very significant improvement in spatial resolution
compared to the 25 ha MMU of CLC. Expected accuracy is 85%. On the top of the built-up
layer, the percent imperviousness will be determined.
WP5 includes quality control of all products (IMAGE2006 and land cover). Verification (applied during production) will have the purpose to eliminate inconsistencies and improve the
quality. Validation (to be done after completing the database) has the purpose to inform users
about the achieved accuracy.
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CONTRIBUTIONS OF GMES LAND PROJECTS TO EUROPEAN LAND
MONITORING
Steffen Kuntz, Hanjo Kahabka, Alexander Kaptein, Henning Schrader, Thomas Schrage and
Philipp Jacob
geoland & GSE Land Consortia: Infoterra GmbH, 88039 Friedrichshafen; Telephone +4907545-8 9966, Fax +49-07545-8 1337, e-mail: steffen.kuntz@infoterra-global.com
ABSTRACT
New European directives and national legislation are demanding more detailed harmonised
geo-information on regional and local level to serve the obligations arising from existing (e.g.
the Water Framework Directive – WFD) and planned directives (e.g. the Soil Thematic Strategy – STS). This automatically demands capabilities for large area monitoring, i.e. covering at
least Europe 25 (approx. 4 Mio km2) or EEA 32 (approx. 6 Mio km2).
The paper will summarise the status of the recent discussion in Europe on GMES Land Monitoring activities. It will show concrete results from both, DG ENTREPRISEs´ Integrated Project geoland - which has focused its activities on consolidation of state of the art towards state
of practice - and ESA’s GMES Service Element, which builds on geoland´s consolidated services demonstrating Europe’s service provider capabilities to produce high quality and affordable geo-information products in time and over large areas.
The scientific and technical problems which do arise when migrating from Europe’s geoinformation data base CORINE Land Cover (the only existing European-wide harmonised
data source today) towards a new GMES Land Monitoring data base will be addressed as
well.
Within the scope of GMES the “Core Service Land Monitoring - CSLM” has been selected as
one of three candidate pilot services (the other two are “Risk” and “Ocean” related services,
respectively). CSLM has been suggested on the basis of existing and mature capacities and
structures, on user uptake and on perspectives for long-term sustainability. By integrating this
information into existing user-side infrastructure, international and national public institutions
are enabled to fulfil their reporting and management obligations in an improved way.
INTRODUCTION
Reliable multi-purpose Land Cover data is the basis for a multitude of applications in environmental management and spatial planning. CORINE Land Cover (CLC) – the only existing
harmonised European land data base – has clearly demonstrated the overall value of such a
data base. However, CLC offers in total 44 thematic classes which comprise a mixture of land
cover and land use. Its resolution with a 25 ha minimum mapping unit (MMU) serves well the
needs of the European Commission and EEA but is not well suited for regional planning activities. In addition, the update rate of 10 years is not sufficient to track fast changes, which
appear for instance when new member states join the European Union.
GMES – Global Monitoring for Environment and Security – a joint initiative of the European
Commission and the European Space Agency - has been set up to establish sustainable operational EO based geo-information services from 2008 onwards to serve Europe’s needs on
environmental management (keeping or improving a good environ-mental status) and to assure security for the citizen.
GMES makes use of the unique capacity of Earth Observation data of providing unambiguous
observations across administrative borders as regular time series. These observations are
transformed into information services integrating existing in-situ and statistical data sets. The
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GMES projects on "Land Cover & Vegetation" aim at supporting the public bodies in charge
of implementing policies and directives (such as the Water Framework Directive, Natura
2000, the Urban Thematic Strategy, CAP, Cohesion, etc.) through adequate geo-information
services and tools.
For land application two major projects do contribute to these overall goals: (1) DG
ENTREPRISE´s Integrated Project geoland funded through the Framework Program 6 which has focused its activities on consolidation of state of the art towards state of practice and (2) ESA’s GMES Service Element “GSE Land”, which builds on geoland´s consolidated
services demonstrating Europe’s service provider capabilities to produce high quality and
affordable geo-information products in time and over large areas.
Both projects create basic harmonised land cover data (as a prototype of the European Core
Service Land Monitoring) aimed to complement existing data sets such as CORINE Land
Cover or national data. From this data downstream applications or observatories perform
associated analysis for operationally available geo-information services which are provided to
those administrative bodies that have received the mandate to monitor, report, and manage
land resources.
Following the subsidiary principle the services addressees range from decision makers at
international and European levels (e.g. on foreign aid measures) to sub-national and local
stakeholders in Europe and abroad (e.g. in charge of implementing the Water Framework
Directive or doing spatial planning for urban agglomerations).
METHODS
In order to overcome the shortcomings of CORINE for regional management and reporting
the geoland Core Service Land Cover (CSL) was set up in 2004. Its goal has been to achieve
a consensus on a new European land cover data base and demonstrate its benefits offering
improved spatial and thematic content compared to CORINE.
The data base is designed to serve common land monitoring needs providing the status quo
and the possible changes of Europe’s landscape for European users and member states
enabling a wide range of downstream sectoral applications and user groups. In addition, it is
aimed to provide cost efficiency by applying recent technology, achieve economics of scale
and sustainability of funding through a shared effort across different administration units.

Figure 1: One Core Service to serve a multitude of downstream applications; © geoland Consortium, 2006
The geoland Core Service Land Cover was primarily aimed to serve different regional fields of
applications (called “Observatories” in the context of geoland) with harmonised, topical and
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geometrically correct basic information of Land Cover; namely the Observatories Nature Protection (ONP), Spatial Planning (OSP) and Water & Soil (OWS). In addition, requirements of
the global Observatories Land Cover & Forest Change (OLF), Food Security & Crop Monitoring (OFM), Natural Carbon Fluxes (ONC) and the Core Service Biophysical Parameters
(CSP) have been taken into account, as well, by participating in technical workshops and during the geoland fora.
The geoland core service land cover team (comprising 13 partners from 8 countries and supported be the regional observatories) investigated extensively state-of-the-art land cover
mapping and monitoring approaches in Europe based on concrete examples from 5 countries
including comparison and benchmarking of methods and national needs.
Of paramount importance have
been European harmonisation and
aspects of technical feasibility,
affordability demonstrating a good
cost / benefit ratio based on the
trade-off between cost drivers and
performance
parameters
(e.g.
Minimum Mapping Unit (MMU),
number
of
thematic
classes,
methods, etc.), and interoperability
with CLC to assure continuity of
time series.
The final result - a set of 21 thematic
classes derived from the originally
44 CLC classes is shown in Table 1.
In its present version CSL offers a
minimum mapping unit of 1 ha (100
m * 100 m). The thematic accuracy
has been defined individually for
each class taking into account that
not all classes can be mapped with
the same accuracy. It ranges
between 80-90 % accuracy for most
cases. The update frequency today
depends mainly on EO data
availability which permits a revision
every 3-5 years, only. More
technical details on the geoland
Core Service can be downloaded on
the geoland webpage:
http://www.gmesgeoland.info/news.php

GSELand M2.1 Regional Land Cover
GSELand
No. / CSL
Code

Vectordatacode

GSEL21_2005

1

Nomenclature

MinMU

M21 Mapping Units marked in orange

Artificial surfaces

1.1

11000

Urban fabric

1 ha

1.2

12000

Industrial, commercial and transport units

1 ha

1.3

13000

Mine, dump and construction sites

1 ha

1.4

14000

Artificial non-agricultural vegetated areas

1 ha

2.1

21000

Arable land

5 ha

2.2

22000

Permanent crops

5 ha

2.3

23000

Pasture

5 ha

2.4

24000

Heterogeneous agricultural areas

5 ha

31000

Forests

2

Agricultural areas

3
16

Forests and semi-natural areas

3.2
3.2.1

32100

Natural Grasland

5 ha

3.2.2

32200

Moors and Heathland

5 ha

3.2.3

32300

Mediterranean Shrubs

5 ha

3.2.4

32400

Transitional woodland -shrub

5 ha

3.3.1

33100

Beaches, Dunes, Sands

3.3.2

33200

Bare rocks

5 ha

3.3.3

33300

Sparsely vegetated areas

5 ha

3.3.4

33400

Burnt areas

5 ha

3.3.5

33500

Snow and ice

5 ha

4.1

41000

Inland wetlands

5 ha

4.2

42000

Coastal wetlands

5 ha

5

50000

Water

5 ha

3.3

Permanently non-vegetated areas

4

5 ha

Wetlands

Table 1: CSL Thematic Class hierarchy and nomenclature. The percentage values indicate the targeted class
accuracy to be guaranteed; © geoland Consortium, 2006.

RESULTS
In general, the geoland Core Service Land Cover has been approved by both, the end user
community and especially the regional Observatories as very well suited to fulfil spatial, thematic and temporal requirements resulting from specific reporting obligations and technical
specifications of downstream services, like modelling applications or the refinement of the
nomenclature for regionally or application specific questions (Figure 2).
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Figure 2: Comparison of CORINE (left),Core Service Land Monitoring (middle), extension of
Core Service Land Monitoring with additional agriculture classes; © geoland Consortium,
2006; © GSE SAGE Consortium (2005)
The validation and technical feasibility of the geoland Core Service Land Cover induced the
European Space Agency to implement this service with some technical modifications (according to cost reasons) within the GMES Service Element “GSE Land”.
Figure 3 shows the results of near-operational mapping in Central Europe from the GSE Land
service portfolio (i.e. from the international Moselle-Sarre catchment comprising regions in
Belgium, France, Germany and Luxemburg (approx. 28,000 km2) and from the German Weser catchment (approx. 48,000 km2), where land cover is dominated by agriculture being the
major source for diffuse water pollution with nitrogen and phosphorous. The land cover products serve as important input for Water Quality and Spatial Planning services.
For cost reasons the product specification was slightly changed from a 1 ha minimum mapping unit (MMU) for all classes towards a 1 ha MMU for urban classes and 5 ha for all remaining classes, respectively.
Within the GSE Land project a well defined Quality Assurance (QA) concept has been designed, implemented, and is presently being intensively tested over large areas. As a baseline it comprises (1) the qualification of service providers and their respective service production chains by an independent industrial auditor (here TÜV Süddeutschland) and (2) a final
quality assessment of the mapping products by an independent quality assurance entity, represented by the trusted EEA institution ETC-LUSI, which was responsible for the CORINE
quality assessment, as well. The latter is carried out in two different ways:
1. a stratified random point sampling (this was the originally offered method by the service providers applied in the consolidation phases; accepted by ESA for GSE Land)
2. a more elaborated cluster based sampling. Here, aerial photographs or very high
resolution spaceborne imagery (e.g. SPOT 5 pan, IKONOS, Quickbird, etc.) are used
for a completely independent re-interpretation and delineation of each selected cluster area, without knowing the results of the service providers (“blind reinterpretation”). Within a GIS both layers (from the service provider and the QA team)
are then compared and error matrices are produced. Hence, this method does not
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only check whether or not a class was classified correctly but identifies geometric location errors as well.
In general, the cluster based sampling approach shows different figures compared to the first
one (i.e. the accuracy figures are lower) as it checks more parameters and, thus, identifies
more possible error sources. However, the latter approach was presented, intensively discussed and finally well received and accepted by a group of European users which met in
June this year at ETC-LUSI, in Barcelona.

Site

Internal QA
Independent QA team
(Re-interpretation of
“Cluster” method
EO data)

Independent QA team
“Cluster” method
buffered (10m) *

Weser

95,7%

81,1%

87%

Moselle-Sarre

86,6%

79,6%,

82,5%

Figure 3: Land Cover mapping example from GSE Land; , 2006; overall accuracy offered
was 80 % +/- 3 %; error matrices showing the single class accuracy have been provided to
users. © GSE Land Consortium
* To compensate possible localisation errors when comparing VHR or aerial imagery with 20
m resolution SPOT 4 and 10 m SPOT 5 data, respectively, a 10 buffer zone around all delineated QA vectors has been applied.
USER FEEDBACK
The Core Service in its present state has been derived from a very intensive and – to some
extent controversial – discussion among the geoland partners and European experts. A key
issue was to clarify the perimeter of its content: i.e. which level of detail (or how many thematic classes) should be provided as a generic service for all partners and what shall be left
to the respective Observatory – or to necessary national or regional adaptations or add-ons,
according to the European subsidiary principle.
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As a result of this discussion process the Core Service can not fulfil all requirements, especially not those of local users (e.g. requesting levels of detail of 0.1 ha for specific thematic
classes), but it comprises a European minimum standard which supports many applications
Products from the Core Service Land Cover have been intensively used by the regional Observatories by integrating them into their specific process flow for their downstream services.
It was tested under various European conditions, ranging from boreal conditions (Sweden;
Dalälven river basin); central European conditions (Thuringia), Alpine conditions (Austria),
and Mediterranean conditions (southern France (Adour-Garonne, Greece, Halkidiki & Spain;
Catalunia). In general feed-back was very positive, ranging from “helpful” (in case of nature
protection services) to “very important” for spatial planning services and to “mandatory” for
soil protection and water quality services.
In June 2005 EEA has accepted the CSL nomenclature as the baseline for the new European
land cover data base to replace CLC. At the GMES user workshop in Brussels last year the
so-called “GMES Fast Track Service (FTS)” was presented as an replacement for Corine,
being fully compliant with the CSL scheme. Feedback from participants was discussed at a
critical design review meeting in Barcelona (Dec. 2005) among CSL users and invited member states participants. Here, a review of Mediterranean classes was carried out, as well. Results were presented and discussed at geoland Forum with positive feed-back
The product definition was proposed to ESA as the basis for GSE Land Services on Water
Quality and Spatial Planning to be applied over large areas in Central Europe. First results
have been produced in 2006 and have been validated independently by ETC-LUSI.
The CSL Core Service served as the basis for an unsolicited industrial proposal for a “Fast
Track Service Land Monitoring Precursor”, which was submitted in January 2006. Here, for
cost reasons a compromise was offered which contains 1 ha MMU in urban classes (CLC
Class 1.x) and 5 ha MMU for all other classes. Although the member states did not accept
this approach, it fuelled the discussion on a new European land cover data base which was
taken up by the geoland forum 3 in Vienna.
In June 2006 the National Reference Centres of EIONET (NRCs) have approved as a GMES
Fast Track Service (formerly called “Fast Track Precursor”) two thematic layers, where the
urban layer is based on the CSL work.
All these intermediate or precursor approaches hopefully will lead to the GMES Core Service
Land Monitoring (CSLM) as foreseen by the GMES Implementation Group Land, to be installed operationally from 2008 onwards.
CONCLUSIONS
Although, the geoland Core Service Land Cover (CSL) was primarily aimed at serving the
geoland regional Observatories and a number of national user organisations with harmonized, topical and geometric correct basic information on Land Cover and it´s change, today
geoland´s approach for the Core Service Land Cover has been accepted by EEA and it’s
member states in July 2005 building the basis of the GMES Core Service Land Monitoring
(CSLM), as currently prepared by the GMES Implementation Group Land Cover.
REFERENCES
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DECOVER – SERVICES FOR OPTIMISATION OF LANDCOVER DATA
FOR PUBLIC DEMAND
Büscher, O. & Buck, O.
EFTAS Fernerkundung und Technologietransfer GmbH, Ostmarkstr. 92, 48145 Münster, Germany; Tel.:
++49 (0)2 51 1 33 07 0, Fax.: ++49 (0)2 51 1 33 07 33, olaf.buescher@eftas.com, oliver.buck@eftas.com

INTRODUCTION
DeCOVER is a research-project funded by the Federal Ministry of Economics and Technology (BMWI) through the
German Aerospace Center (DLR). After finishing a half-year prephase the two and a half years lasting DeCOVER
mainphase has been started in the beginning of 2006.

OBJECTIVES
DeCOVER will develop and demonstrate innovative and cost-efficient geo-information services to provide and
update land cover data in Germany to support the implementation of European directives and their national and
regional implementation. The main objectives of DeCOVER are:

•
•
•
•

- to develop a service concept of core services and additional services to provide land
cover information based on user needs at various scales
- to employ latest ontology-based semantic interoperability techniques to define interoperability potential between different land cover data bases :
- improve existing land cover data sets by integration of new information
- to increase information depth using optical and radar satellite data (data fusion)

METHODS
DeCOVER will develop the following innovative technical and scientific approaches and methods

•
•
•
•

- DeCOVER Object catalog based on user requirements, interoperability potential and
cost-benefit analysis
- Semantic Interoperability using ontologies
- innovative change detection methods using optical and SAR data
- Data fusion Optical-Radar data to increase information depth for specific applications

ANTICIPATED RESULTS AND DELIVERABLES
DeCOVER will deliver a validated concept to provide geoinformation services meeting the growing demand by
users to support them in their monitoring and reporting obligations. These services will allow to improve existing
data sets as well as provide new data information using innovative interoperability techniques and latest satellite
technologies.

WORKSHOP CONTRIBUTION
Up to the workshop-date there will be first results referring the object catalog and the specification of core and
additional services. User requirements, interoperability potential and the results of a cost-benefit analysis will serve
as a base for the definition of the DeCOVER object catalog, which will distinguish between core service and additional object types.
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NEW CONCEPT ON LAND COVER / LAND USE INFORMATION
SYSTEM IN SPAIN. DESIGN AND PRODUCTION
Antonio Arozarena1, Guillermo Villa2, Nuria Valcárcel3, Juan José Peces4, Emilio Domenech5
and Ana Porcuna6
National Geographic Institute. Cartographic Production Department. General Ibáñez Ibero,
3. 28003 Madrid. Spain, aarozarena@fomento.es, gmvilla@fomento.es, nvalcarcel@fomento.es,
jjpeces@fomento.es, edomenech@fomento.es, ign_teledeteccion@fomento.es
ABSTRACT
The Spanish National Geographic Institute as National Reference Centre in Land Cover /
Land Use has as one of its objectives to coordinate the information on land cover /land use in
Spain using for the information transmission the support provided by EIONET.
The information on Land cover/ Land use is a basic infrastructure for the territory knowledge
and the society development involves a good quality public infrastructure, so this information
is going to be promote by the EU and the member states more and more.
With the backgrounds of Corine Land Cover project in Spain that meant a new cooperative
way to work between the national and regional Spanish administrations and INSPIRE, it was
considered to design a new National Land cover/Land use Information System called in Spain
SIOSE project.
The objectives of this project are:
1. Avoid duplicity of data and reduce costs of Geographic Information.
2. Production and quality control model based in cooperation between national and regional
administrations.
3. Satisfy EEA’s requirements in future Corine Land Cover versions.
4. Satisfy requirements of Spanish national and regional administrations
5. Satisfy requirements of the Spanish National Geographic Institute
6. Integrate land cover and use databases of all the Spanish national institutions
These objectives will be reached by:
1.
2.
3.
4.
1.

The creation of a Spatial Data Interest group (SDIC INSPIRE)
The normalization of the land cover/ land use data model (UML)
The definition of methodologies harmonised and agreed with all the involved institutions
Costs shared by all the involved institutions
BACKGROUND

The backgrounds for the creation of the SIOSE project are:
- the Image & Corine Land Cover 2000 project (I&CLC2000), coordinated in Spain by the
Spanish National Geographic Institute and produced with a cooperative model between
national and regional Spanish administrations. There was a National Team in charge of
coordination, quality control and project management and the Regional Teams in charge
of production.
- the INSPIRE principles:
o data should be collected once and maintained at the level where this can be done
most effectively
o it should be possible to combine seamlessly spatial information from different
sources across Europe and share it between many users and applications
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o it should be possible for information collected at one level to be shared between
all the different levels, detailed for detailed investigations, general for strategic
purposes
o geographic information needed for good governance at all levels should be
abundant under conditions that do not refrain its extensive use
and the INSPIRE call for the creation of Spatial Data Interest Communities (SDIC), groups of
users, producers and transformers of spatial information, technical competence, financial
resources and policies, with an interest to better use these resources for spatial data
management and the development and operation of spatial information services.
Taking into account the experience obtained in the realization of I&CLC2000 project , this
INSPIRE principles, and the strong need in Spain for a land cover / land use database with a
bigger scale and with high detail information than CLC2000, was design the SIOSE project
with the same scale and revision intervals for all the territory and with normalized procedures.
2.

OBJECTIVES AND TECHNICAL FEATURES

The objectives of SIOSE project in Spain are:
1. Avoid duplicity of data and reduce costs of geographic information.
2. Production and quality model based in cooperation between national and regional
administrations.
3. Satisfy EEA’s requirements in future Corine Land Cover versions.
4. Satisfy the Spanish National administrations requirements
5. Satisfy Spanish National Geographic Institute requirements
6. Integrate land cover / land use databases and information of the Spanish National
institutions.
The technical features of the project are:
•

Nominal Scale: 1:25.000

•

Minimum polygon: 1- 2 ha– 0.5 ha in particular cases.

•

Periodicity: 5 years

•

Base information: SPOT5 2,5 m images

•

Decentralized production (regional governments)

•

Common Data Model:
- multicriteria (cover + use)
- multiparameter (multiple attributes possible for 1 polygon)
- object oriented (UML description)
- can be extended (for particular needs)

3.

SIOSE PROJECT ORGANIZATION

The organization of SIOSE project is based on a decentralised and cooperative production
model taking into account the background of I&CLC2000 project and the INSPIRE principle of
information collected at one level and shared between all the different levels. It is assumed
that the public administrations, as producers and users of the geographic information, must
be involved.
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So for this project the Spanish Public Administration through the Ministries of Public works,
Environment, Agriculture, Housing, Defense, Economy and Education and science, and the
Regional governments of the 19 Autonomous regions are in charge of the design,
management and production of SIOSE.
The coordination, quality control and project management is conducted by the National
Geographic Institute (IGN) attached to the Ministry of Public works (MFOM) with the
collaboration of the Ministry of Environment (MMA), and the production will be done by 19
production teams created with geographical criteria (19 regional administrations).
There are also 6 technical groups created with sectorial criteria composed by experts in
different matters such as satellite images, agriculture, forest, urban, GIS and methodology
and data dissemination in charge principally of the design of the SIOSE conceptual data
model, the metadata (ISO19115) and the establishment of the methodological processes.
Also a National Technical Team with 11 members has been created representing all the
institutions involved which will take care that all the European and national requirements in
land cover-land use will be satisfied and the approval of the technical documents generated
in the project.
Project management
(NRC Land cover)
IGN- MFOM / MMA

Thematic working groups

National Technical Team
(11 members)

Regional coordinator (19)

Thematic criteria

• 1. Urban
• 2. Agriculture
• 3. Forestry
• 4. GIS and methodology
• 5. Satellite images
• 6. Data dissemination

Production teams (19)
Geographic criteria

Decentralised
production

and

cooperative

Data model (UML)
Process methodology
Metadata (ISO19115)

Land cover / use Interest Communities
Figure 1: SIOSE project organisation
The technological changes contribute to implement new ways of production and sharing of
information, so there would be new strategies to satisfy user requirements without increment
of cost.
The cooperation between all levels of administration (global, national, regional, local…) is,
therefore, very important to optimize cost/benefit ratio.
The funding of SIOSE project is shared between Spanish national administrations (66%):
•

Spanish National Geographic Institute
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•

Spanish Environmental Ministry

•

Spanish Agriculture Ministry

•

Spanish Housing Ministry

•

Spanish Economy and Treasury Ministry

•

Spanish Education and Science Ministry

and 19 Spanish regional administrations (34%).
4.

SIOSE PROJECT EXECUTION

The execution of SIOSE project in Spain is based in two basic principles:
o The use of a normalised data model, reached by a consensus between the national
and regional administrations
o The harmonisation of other Spanish databases in the geometry and the thematic, also
reached by a consensus between the institutions in charge of these databases.
4.a. The SIOSE data model
The design of the data model was made taking into account:
• It must satisfy requirements of the participating organisms in SIOSE
• It must consider all the necessary land cover / use data minimizing redundancies.
• The data must be organize so that different users can access data in a view according
to their needs
• Provide a flexible version of the SIOSE Conceptual Data Model, able of being extended
in the future.
4.a.i. Hierarchical Classification Concept
The “hierarchical classification” conceptual model used in Corine, Murbandy and other land
use/land cover databases has shown important limitations. Using Object Oriented Data Model
(OODM) technology it is possible to overcome these limitations and obtain more useful and
“coherent” databases. The conceptual model for the proposed OODM is presented using
Universal Modelling Language (UML).
All the nomenclatures mentioned above are based on the concept of “hierarchical
classification” which is based on the following principles:
1. The working area is divided in a set of “polygons”, each enclosing a theoretically “uniform”
area.
2. Each polygon is assigned to one, and only one, thematic “class” of the Nomenclature.
3. Each Thematic class is a different “category” of lu/lc.
4. Thematic classes are organized “hierarchically”: one 1st level class is divided in several
2nd level classes, and so on.
5. Each class is defined in the Nomenclature description text.
6. Many class definitions include “threshold values” for different parameters, in order to
decide if a polygon belongs to a particular class.
E.g.: “Residential structures cover more than 80% of the total surface. More than 50% of
the buildings have three or more stories”
7. In the alphanumerical database, each polygon is associated to one registry with only one
field that contains the class label. E.g.: “1.1.2.4”
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4.a.ii. Minimum Mapping Unit (MMU) concept
In order to obtain a “usable” database, and also to limit the production budget, it is obliged to
define a MMU, as the minimum surface permitted for any polygon.
This forces the photo interpreter, in many cases, to draw polygons that contain areas with
different lu/lc.
In spite of this, he must assign to the polygon one, and only one, class of the Nomenclature
(the “dominant” class among those present in the polygon: normally the class that occupies
the greatest percentage of the polygon’s surface).
4.a.iii. Problems and shortcomings experienced in the production and use of
hierarchical classification databases
Experience since 1987 in the production and use of CLC90, CLC2000, Murbandy and other
land cover / land use databases, has shown several shortcomings and limitations of the o.k.
concept:
1. Proliferation of unnecessary “threshold subclasses”, due to differences introduced by
values adopted by a particular parameter.
E.g.: “Residential continuous dense urban fabric” / “Residential continuous medium
dense urban fabric”, …
2. Proliferation of unnecessary “mixed classes”, due to the need to address some of the
situations in which a polygon contains several land cover / land use types.
E.g.: “Complex cultivation patterns”, “Mixed forest”,
3.

Mixed classes provide little information to user
E.g.: “Complex cultivation patterns”,

4. Mixed classes make the database somewhat “incoherent” to the hierarchical principle,
as they are classes that contain other classes of the same level.
E.g.: “Mixed forest” contains “broad-leaved forest” + “coniferous forest”
5. Mixed classes can easily lead to erroneous conclusions in the use of the database.
E.g.: If one wants to know how many vineyards there are in a certain region, he will
search for the class 2.2.1: “Vineyards”. But there can also be plenty of vineyards
“hidden” in other classes as: 2.2.3: “Olive groves” (which includes the association of
olives trees and vines); 2.4.2: “Complex cultivation patterns”, etc…
6. Many class definitions are very complex. This makes these classes difficult to assign by
the photo interpreter and, what is worse, difficult to understand by non-expert users. In
order to understand what means that polygons are assigned to each particular class, it
is necessary to have access to, understand and keep in mind all the time, the definitions
and “interpretation keys” of the Nomenclature.
E.g.: 1.1.2. “Discontinuous urban fabric”: Most of the land is covered by structures.
Buildings, roads and artificially surface areas are associated with vegetated areas and
bare soil, which occupy discontinuous but significant surfaces. Between 10% and 80%
of the land is covered by residential structures."
7. Information stored in the database is much less than information acquired by the photo
interpreter.
E.g.: In a forest polygon, the photo interpreter evaluates the trees surface as 85 %. But
the user only receives the information that trees are “more than 30 %”
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8. Subtle but important variations in certain parameters values (such as % of buildings, or
trees,) cannot be stored in the information system: if these variations do not “cross” the
threshold line, he cannot divide a polygon.
E.g.: Urban areas with very different levels of building densities (as 10 % and 50 %)
have to be included in the same class, 1.1.2.2.
9. When there are multiple land cover / land use types in a single polygon (because of the
MMU size limitation) we must assign a single class to this polygon. This introduces
“erroneous” information in the database and also in the statistics derived from it.
E.g.: Vineyards in Galicia (Spain) have great social, cultural and economic importance,
but they are present always in small parcels, so they are almost never “dominant” in a
polygon, and almost “disappear” from CLC database.
10. There are many very important “indicators” that could be calculated from the values of
the parameters appearing in CLC/Moland class definitions (sometimes “crossing” them
with exogenous information such as population, etc…) like:
- building density (m3/m2)
- m2 of buildings per person
- average height of buildings
- % of impervious surface
- % of trees in a forest
- m2 of green areas per person
- land take by transport infrastructures
- etc…
Hierarchical classification databases do not allow calculating these indicators, because
parameter values are not stored in it.
11. Changes in land cover / land use obtained from a hierarchical classification database
are not very “significant” because a lot of important changes are hidden in polygons
assigned to dominant classes or to mixed classes.
E.g.: We cannot take into account a clear-cut inside a coniferous forest if it is smaller
than 25 ha although the change is greater than 5 ha
12. Complex definitions, in which several parameters thresholds interact, increase the risk
of incoherencies and/or photo interpretation errors.
13. It is almost impossible to compare or make “bridges” between two hierarchical
classification databases built with different Nomenclatures.
E.g.: When we have a 3.1.1. “Broad leaved forest” polygon in CLC, there is no way to
know if it should be labelled as “forest” in a database where “forests” are defined as
“more than 40 % of trees”.
14. It is very difficult to add external information to an existent hierarchical classification
database, from a specialized source. E.g.: agricultural, forestry,
4.a.iv. Proposed solutions: Object Oriented Data Model concept
Most of the problems cited above come from the attempt to “classify” the infinite variety of
landscapes in a limited number of “closed” classes.
The solution we propose to solve most of these problems is to use an Object Oriented Data
Model, based on these basic principles:
1. Territory must be divided in a set of closed polygons, each containing a surface that is
as homogeneous as possible.
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2. An exception to preceding point is when homogeneous surfaces have an area smaller
than the MMU. This forces us to draw a polygon that encloses several areas,
homogeneous each one, but different between them.
3. Our aim is not to classify polygons but to “describe” them as well as possible.
4. These descriptions are made associating one or more “covers” and “attributes” to each
polygon.
5. Covers are thematic categories (UML “classes”). They are defined with conceptual
definitions.
6. Covers can be “simple” or “compound” (“complex”). Simple covers are object
categories that cannot be divided into simpler ones. Compound covers are
“associations” of several simple covers that have their own “personality”. This makes it
desirable to consider them “as a whole”, with its name and special attributes. The
percentages of simple covers in one compound cover vary from instance to instance.
E.g.:

-Polygon with 1 “Compound” cover: “Urban fabric”

-One instance of “Urban fabric” can be an association of 4 “simple” covers:
• Buildings : 30%
• Artificial non-agricultural vegetated areas : 50%
• Artificial Water Bodies : 5%
• Streets and roads: 5%
• Parking lots: 5%
7. Each polygon has one or more covers. If it has more than one, the photo interpreter
shall measure, and store in the database, the percentage of surface in which each
cover is present in the polygon. The sum of all percentages of each polygon must be
100 %.
8. Each cover may have one or more “attributes”. Attributes are parameters (of
biophysical or socio-economic criteria) that “qualify” the cover. These attributes take
different values in each “instance” (appearance of the cover).
During photo interpretation, for each of the covers present in the polygon, the value of
each of its parameters is evaluated and stored in the database in the form of variables
of the following types:
 percentage (%)
 integer
 real
 boolean
 controlled list text
 etc.
E.g.:

irrigated? = yes
Average number of stories (for buildings) = 4

9. In some cases, we can establish certain conditions that the percentages of simple
covers or parameters values must accomplish in order to form a particular cover.
10. From this OODM database, it is possible derive as many “views” as necessary. One
view in made, assigning “classes” to certain combinations of covers and parameters
values. Each “class” could then have a visual representation to make a “thematic
map”. Standard CLC or Murbandy/Moland Nomenclatures would be “predefined views”
of the OODM database.
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4.a.v. Examples
In order to make these concepts more clear, here are some examples of real landscape situations, and its codification in:
- Murbandy/Moland Nomenclature
- Object Oriented Data Model

Figure 2: Examples of codification

4.a.vi. Extensions of the Data Model
Once we have a database made with the OODM concept described here, it is very likely that
some other person or institution has the need to input additional information of a specialized
field. E.g.: agricultural, forestry, infrastructures, etc.
In these cases,
techniques:
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it should be easy to “extend” the Data Model, using one or more of these
Subdivide one UML class into multiple classes
Add more UML classes
Add values to controlled list text parameters
Add more parameters to some classes.
 Add “conditions” that parameters should comply.
 Add types of “objects” (concepts) that can be associated to each
polygon (at the same level as “cover”)
 etc.
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4.a.vii. Backward compatibility and comparability
One of the premises of the Data Model proposed is that it must be possible to obtain
automatically a standard Corine Nomenclature database, and also a standard Moland
Nomenclature database from the OODM database.
This assures backward compatibility and comparability with pre-existent databases, as
CLC90, CLC00, Murbandy, etc.
As said before, standard CLC or Murbandy/Moland Nomenclatures would be “predefined
views” of the OODM database.
4.a.viii.

SIOSE conceptual data model

The objective when designing the Conceptual Data Model of Land Cover-Land use was it
must be normalized, interoperable, following the features:
• Multi-criteria: Considering concepts such as land cover, land use.
• Multi-parameter: Several attributes for a unique polygon.
• Object - Oriented: Using UML to define the Entity – Relationship Model for future
interchange and dissemination.
• Can be easily extended in future
The final SIOSE data model has been reached by consensus of all the thematic working
groups and the national and regional administrations involved in the project:
•

Harmonization of nomenclatures of the different national and regional
Spanish Land cover- Land use databases

•

Codification

•

Interchange between nomenclatures

•

Data Model Diagram using UML

Following all these considerations, the characteristics of the data model for the SIOSE project
are:
•

It has a division between Land cover (biophysical criteria) and Land use
(socioeconomic criteria):
•

Cover: directly related to land occupation in the polygon’s surface; therefore,
cover can be directly obtained by its biophysical properties.

•

Use: directly related to socioeconomic activities on the land (polygon’s
surface). Therefore, a polygon could be associated to one-to-many uses

•

There is only one geometric entity class in SIOSE (POLYGON)

•

The complex classes in SIOSE are created by association of single classes

•

Polygon (geometry and topology): comply with the Geographical Council specifications
(based on ISO19107, ISO19137 standards).

•

SIOSE Data model try to keep CLC nomenclature, as long as it contains all the
semantic necessary information for the different users. But mixed CLC classes will not
be kept.

•

SIOSE Data model use thesaurus (list of terms hierarchically related) for the
organization of the classes that could be modified or extended later.
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•

It describes abstract classes and relations, and some characteristic attributes, linked to
the existing land cover / uses nomenclatures. So it is not the SIOSE physical data
model.

•

SIOSE Conceptual Data model: Entity – Relation Data model in UML notation (Unified
Modeling Language). It provides normalized notation about classes and relations
between them, according to ISO TC211 and Open Gis Consortium recommendations.

•

This standardized notation provides flexibility to the model, so that the thematic
working groups and future users can modify and extend it easily

Figure 3: SIOSE conceptual data model
4.b. Harmonisation of databases
The objective of the harmonisation is to avoid duplicity of costs in the generation of
geographic information, in order to obtain a database that partially integrates or collects the
geographic information generated by other institutions.
The SIOSE database will be harmonised with some topographic and thematic databases
existent in Spain. It is to be expected that the thematic information provided by the SIOSE
database were concordant with other information from thematic national databases. Also the
geometry must be concordant with these databases, always keeping in mind the different
scales of generation.
In the SIOSE project has been taken into account the next features of these databases:
• Geometry of communication routes from the National Topographic Map scale 1:25.000
(MTN25)
• Geometry of hydrographic information from the National Topographic Map scale
1:25.000 (MTN25)
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• Geometry of limits of and urban land and arterial streets from the urban cadastral
information
• Geometry and thematic information from the Crops and Uses Map from the Agriculture
Ministry (1:50.000) and Forestry Map from the Environmental Ministry (1:50.000).
The geometry and thematic harmonisation with other Spanish geographic databases has
been reached by a consensus between the institutions in charge of them. In the production of
SIOSE database, if an update of these databases is needed, indicated by the image SPOT5
2.5 m, it will be communicated to the institution in charge of them, in order to they can take
the appropriate measures.
CONCLUSIONS
Using the principles described briefly in this document, will it make possible to produce more
“coherent” and “useful” land cover / land use databases.
Spain proposes EU institutions with responsibility in land cover / land use information to adopt
a similar philosophy for future European land cover / land use databases: Corine, GMES,
etc…
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TOWARDS A 300 M GLOBAL LAND COVER PRODUCT –
THE GLOBCOVER INITIATIVE
Defourny P.1, Vancutsem C.1, Bicheron P.2, Niño F. 2, Brockmann C.3, Schouten L.4 &
Leroy M.2
1. Research Laboratory in Environmetrics and Geomatics, Université catholique de Louvain Croix du Sud 2/16, B-1348 Louvain-la-Neuve, Belgium; Tel: +32 (0) 10 47 8192,
Fax: +32 (0) 10 47 8898, defourny@enge.ucl.ac.be
2. Medias-France
3. Brockmann Consult (Germany)
4. Synoptics (Netherlands)
ABSTRACT
The objective of the ESA GLOBCOVER initiative is to develop a service which in its first
instance will produce a 300 m global land-cover map for the year 2005, using as its main
source FRS (full resolution (300m) full swath) data acquired over the year 2005 by the MERIS
sensor on-board ENVISAT. The overall production chain contains 4 elements: Preprocessing, Classification, Validation and Production. The pre-processing includes the
following steps: geometric correction, cloud screening, land/water classification and a
correction of the smile effect as a prerequisite for the subsequent atmospheric correction. The
first main challenge concerned the geometric quality of the pre-processing step. The current
performance assessment based on independent samples shows an absolute geolocation
accuracy below one third of the sensor spatial resolution.
The GLOBCOVER processing system includes the software environment and the hardware
architecture. It is able to process 1 year of global full resolution MERIS Level 1b products in
less than three months. An independent verification process is performed in order to reach a
high level quality development process.
A third challenge is the design of an automated global classification algorithm to transform
surface reflectance values into a globally consistent land cover product. The cornerstone to
tackle this issue consists in the regional tuning of all the classification steps. Indeed, a global
stratification allowed splitting the world into equal-reasoning regions based on bioclimatic,
ecological and satellite observation conditions. Each stratum is then processed separately
and combined into a single file afterwards without any stitching procedure. Thanks to a
calibration phase all the spectro-temporal classes obtained from the classification algorithm
are labelled into one of the 33 land cover classes described using the FAO Land Cover
Classification System (LCCS). A validation plan based on regional land cover expert network
has been designed to validate the final land cover product. While the 300 m MERIS data
acquisition campaign is completed, the processing of the raw data is going-on and only the
very first classification results can be discussed at this stage.
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PRE- AND POST-HARVEST CROP AREA ASSESSMENT IN BELGIUM
USING SPOT-VEGETATION AND TERRA-MODIS TIME SERIES
Verbeiren S1, Eerens H1, Bossyns B1,2, Piccard I1 & Van Orshoven J2
1. Vlaamse Instelling voor Technologisch Onderzoek, Department of remote sensing
(TAP), Boeretang 200, 2400 MOL, Belgium; Tel: +32 14 336842; Fax: +32 14 332795;
sara.verbeiren@vito.be
2. Katholieke Universiteit Leuven (K.U.Leuven), Department of Land management and
economics, Leuven, Belgium, bert.bossyns@vito.be
ABSTRACT
Seasonal dynamics of land use can be analyzed by inspection of time series of satellite
observations. SPOT-VEGETATION and TERRA-MODIS provide earth observation data with
a daily global coverage at low cost. However, their coarse spatial resolution hampers the
analysis due to the presence of mixed pixels and the impossibility to locate detailed spatial
features.
This study investigated the potentials of sub-pixel classification for pre- (end of May) and
post-harvest (end of October) area assessment using monthly NDVI-composites of the 1kmresolution sensor SPOT-VEGETATION and the 250m-resolution sensor TERRA-MODIS. The
availability of excellent reference data in the form of a vectorial GIS with the boundaries and
cover type of the agricultural fields, makes Belgium an ideal test site. Our analysis focussed
on the 4 major crops (winter wheat, winter barley, maize and sugar beets), complemented
with 4 general land use classes (grassland, forest, urban areas and other vegetation) for the
year 2003.
The sub-pixel classification was realized by application of artificial neural networks on the
monthly NDVI-composites of both sensors. The resulting area fraction images (AFI’s) contain
for each pixel the estimated areas occupied by the different cover types (crops or other land
use). The network algorithms were trained with part of the reference data and validated with
the remainder. Validation was repeated at three different levels: the pixel (1km or 250m pixel),
the municipality and the agro-statistical district.
In general, excellent agreements between estimated and reference areas, were obtained for
both sensors for the majority of the classes. At regional level, at the end of the growing
season, the R² amounted to 90% for the districts for crops like winter wheat and maize, but
also forested areas yielded similar results. Pre-harvest results, at the end of May, are also
excellent for forest (R² around 90%) and are relatively good for winter wheat and maize (R²
around 80%).
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LAI RETRIEVAL FROM SAR DATA USING TOP SOIL MOISTURE
ESTIMATED BY A COUPLED HYDROLOGICAL-CROP GROWTH
MODEL (TOPCROP)
Lucau-Danila C.1, Pauwels V. R.N.2 & Defourny P.1
1. Université Catholique de Louvain, Department of Environmental Sciences, Croix du Sud
2 (BTE 16), 1348 - Louvain-la-Neuve, Belgium, tel. 00 32 10 47 26 13, Fax. 00 32 10 47
88 98, e-mail: lucau-danila@enge.ucl.ac.be
2. University of Ghent, Laboratory of Hydrology and Water Management, Coupure links
653, B-9000 Gent, Belgium, e-mail: Valentijn.Pauwels@ugent.be
ABSTRACT
The crop Leaf Area Index (LAI) is a key parameter for the coupling of earth observation with
crop growth modelling. Previous experiments demonstrated the relationships between the
radar back-scattering coefficient, σo and LAI for different crops. Topsoil water content also
influences the backscattered signal and is as such a required input parameter in the physical
and semi-empirical models that extract LAI from σo. In operational applications the near
surface soil moisture can not be assessed on the ground. The objective of this paper is to use
the soil moisture estimate from the TOPCROP model (coupled TOPLATS hydrological model
and WOFOST crop growth model) to retrieve LAI from SAR images. The study was based on
a very large remote sensing data set including three ERS/ENVISAT time series acquired in
1995 (14 images from April to October), 1997 (9 images from May to August) and 2003 (17
ERS2 and 4 ENVISAT ASAR from February to September) complemented by extensive field
campaigns. The ground measurement campaigns were carried out in an intensive agriculture
region in the central part of Belgium. The crops of interest were: maize, winter wheat, winter
barley and sugar beet. Three different homogeneous topographical classes were defined
taking in account the altitude and the distance from a river. TOPCROP was calibrated on a
point scale for every topographical class with in situ soil moisture measurements. The
calibrated TOPCROP model was applied to simulate soil moisture values for all the dates of
SAR acquisition. In parallel, the Water Cloud model was calibrated using the LAI and soil
moisture measured on the field in order to retrieve LAI estimates from ERS SAR time series.
In a second step, the simulated soil moisture values corresponding to the SAR acquisition
dates were used as input in the Cloud model as substitutes of field measurements, and the
propagation of the soil moisture estimate error in the LAI retrieval algorithm was studied.
Finally the experimental results were discussed in the perspective of an operational crop
monitoring system at the regional scale.
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CROP CLASSIFICATION BASED ON SPECTRAL STANDARD CURVES
Sibylle Itzerott1and Klaus Kaden2
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ABSTRACT
In order to achieve a higher efficiency with remote sensing-based monitoring approaches,
classification instructions have to be comparable to allow a transfer to other regions and fractions of time. It is shown that on the basis of the standardisation of the radiometric, spectral,
geometrical and temporal information of remote sensing data a standardised classification
was developed, which fulfil these requirements. For twelve typical agricultural crop types
spectral standard curves were produced and a hierarchically structured algorithm was designed. This procedure, targeted on the identification of crops on the field level, takes up the
differentiation between the phenology of the crops, illustrated in the standard curves, and
converts it into a hierarchical classification strategy. The algorithm covers three basics processing units. In the pre-processing the available Landsat data of a cultivation year are standardized, masked and joined to a multi-temporal NDVI dataset of the agricultural lots. To obtain the classification instruction the parameters describing the crops must be extracted from
the standard curves for the acquisition dates. The hierarchical classification covers four pixelbased image analyses using the Parallelepiped method and a final majority analysis of the
lots.
The determining advantage of the procedure consists in the way of building the classification
instruction. While this working step in conventional procedures requires the largest time extent, the expenditure in the presented approach reduces to fitting the points of recording time
in into the standard year of phonological development of each culture. According to this adjustment the culture specific spectral description can be extract from the standard curve directly.
A quality evaluation on the basis of confusion matrices for 1620ha cultivated area on 144
parcels for the cultivation year 1995 resulted in an overall accuracy of 65,7%. In comparison
to it a conventional Maximum Likelihood classification of the same database reached a result
of 72,8%. That shows that the approach without quality loss is justified in principle. However
the time-saving design of classification instruction and the easily repeated application of the
procedure are the essential advantages.
Spectral standard curves in their present level of development can be regarded as basis of
the method. Their quality will continuously increase by steady adding of new information.
They can be regarded as continuously expandable information memory and should take up
all classification-relevant information to the appropriate culture in standardized form. This will
lead to a quality increase with the application of the procedure. The perfection of the standard
curves is thus a central starting point for the advancement of the presented procedure. By the
use of the NDVI this method is expandable on other, also new sensor systems.
INTRODUCTION
The necessity of the integration of land use dynamics (i) into process oriented geoscientific
investigations (ii) is beyond all questions (iii). In the presented study it was required for the
modelling of water quality in a river catchment area in the sense of the Water Framework Directive (WFD). In this context the land use in the entire catchment plays a substantial role in
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particular for the chemical quality parameters. The essential none point nutrient entries originate from agriculture, that occupies large surfaces. That fact demands to analyse the land
use in strong spatial differentiation and high temporal resolution.
At present data for land use are added as static surface description into the modelling
(CORINE land cover, classification of land use based on airborne CIR-images). In some
cases a rotation of crop types according to coincidence principle is simulated on the fields.
That is unsatisfactorily considering the very different fertilisation quantities and dates for the
different crop types.
Classifications of crop types using remote sensing data often were done for different smaller
test sites and single years based on ground trouth information for this specific area and time.
Multi-temporal applications (iv) rank in a high position in the field of crop distribution (v) classification in agriculture (vi). But a solution for larger regions without using information of test
fields was still not found, because the problem of a universal class description for crops, uninfluenced by special weather and soil conditions, is still unresolved.
The authors are committed that apart from the geometric and atmospheric correction of the
data highest importance has to be attached to the temporal correction of the satellite image
contents, according to the phenological status of the shown crops. Depending on the requirements of the different crops regarding soil quality and water availability, the weather
conditions during the crop growth before the acquisition of an image result in an unequal delay or lead compared to the long-time phenological development of the crops. That fact has to
be considered in new approaches.
CONCEPTION OF SPECTRAL STANDARD CURVES
The presented procedure is dedicated to that problem by designing spectral standard curves
of the plant behaviour, which link the phenological status with the spectral value of crops (vii).
The potentials of remote sensing with the recurrent simultaneous mapping of wide landscape
cut outs in a high spatial resolution offer the chance to analyse a large number of satellite
images showing the same area over a long period and in varying phases of phenological
development. The spectral behaviour of the typical crop types of federal state Brandenburg in
each phenological status was evaluated using a time series of 35 Landsat-TM scenes taken
from 1987 to 2002 and cultivation information of six agrarian companies with about 400
parcels of acre land (about 3600 cultivation information). The spectral information of a sample
parcel with one of the crops issued from an image was temporal corrected applying the
results of the phenological observation network of DWD (1951 – 2003). This way the
acquisition date was specified into the mapped phenological datum of the crop (Table 1).
Table 1: Conversion of acquisition date into mapped phenological datum of crops
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The NDVI was calculated and the single values were combined to a curve. The final spectral
signature curves for the typical field crops transformed on the phenological standard year
associate every phenological status during the growth of the crop type with a typical
spectrometric information (Fig. 1).

Figure 1: Synthesis of the Winter Wheat NDVI standard curve from NDVI
values of sample parcels
In figure 2 the standard curves of the 12 typical crop types in Brandenburg are plotted in Division of three groups: winter crops, summer crops and permanent crops. The similar curve
shape of a group of crop types is determined by the similar phenology. Winter crops grow up
in the autumn after the sowing and show starting from this time a rising NDVI value. During
the winter break it changes only slightly (tendentious rather dropping). In spring the values
rise fast and reach in the early summer their maximum values. Afterwards a relatively rapid
decline is noticeable during the ripe phase, in which the harvesting and ploughing are visible.
Already in the summer the cycle is final. For summer crops an increasing of the NDVI values
is registered only in later spring. The phenological cycle begins deferred and lasts in approximately from April to October. After a very rapid rise of the NDVI values in the late spring
different decreases follow to the late summer (summer cereals) to autumn (sugar beets).
Permanent crops as fallow and field grass have because of its over years continuous use
(management) an phonological cycle adapted to the full phenological year (January - December). Since the field is not completely cut, reflection characteristics of the chlorophyll are present at each time and the usual phenological yearly rhythm of grass and herb-like nature
plants is visible. Field grass has however a sequence of several phenological cycles within a
yearly. The number results from the number of the cuts. The vitality weakens itself thereby
from cut to cut, so that the complete yearly cycle of a nature plant stands out nevertheless.
This grouping creates the first starting point for a hierarchically structured classification. As a
function of the characteristic phenological cycles for an optimal recognition of these groups
specific classification instructions and satellite scenes of different times are needed. This is to
be considered in the algorithm.
On the following hierarchic level differentiations are noticeable more clearly within the groups.
If one regards the distinction within the winter and within the summer crops, then winter crops
possess good separation possibilities particularly at the beginning of the winter break. In addition, to other sections sufficient distinction possibilities are given between individual cultures.
Winter rape stands out during the bloom clearly against the other cultures. Winter wheat has
a time-delayed grow up in the spring. Winter barley possesses a temporal lead during the ripe
process in relation to all remaining crops. Winter rye differs particularly by the kind of growing
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up. Here a more moderate rise of the NDVI values can be determined also in the winter,
compared to the other winter crops. Summer cereal is beside grass in the first year the earliest summer crop. Both reach their maximum values fast. From this time on summer cereal
possesses obvious similarities to the winter wheat, so that the beginning of grow up offers the
best distinction possibility after seed. The field grass in first year behaves at first similarly,
occurs later the rhythm of perennial grass marked by repeated cuts. This can be used for
distinction. For oil fruits and legumes (flax and peas) the phenological cycle begins somewhat
later. The middle position within the summer crops, connected with smaller maximum values
(aspects of flowering), marks this group. The remaining three summer crops start their phonological cycle late. Potatoes have an intensive, but relatively short cycle and particularly distinguish from the remaining crops during dying of the plant leaves in the ripe process. Silage
maize possesses best distinction possibilities for nearly all cultures by its late flowering and
ripe phase starting from the late summer. Here only certain similarities arise to sugar beets.
These keep their vitality up to the harvest and stand out against silage maize in ripe process
increasingly better with progressive time.
Within the permanent crops perennial field grass differentiate from the fallow by its mowing
rhythm.

Figure 2: Designed NDVI standard curves of dominant crop types in Brandenburg divided into
three groups (winter crops – top, summer crops – middle, permanent – bottom).
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NEW ALGORITHM FOR THE CLASSIFICATION OF CROP DISTRIBUTION
A new algorithm for the use of the standard curves in a remote sensing-based classification
of crop types was developed (viii). This procedure, targeted on the identification of crops on
the field level, takes up the differentiation between the phenology of the crops, illustrated in
the standard curves, and converts it into a hierarchical classification strategy. The algorithm
covers three basics processing units. In the pre-processing the available Landsat data of a
cultivation year are standardised, masked and joined to a multi-temporal NDVI dataset of the
agricultural parcels. To obtain the classification instruction, the parameters describing the
crops must be extracted from the standard curves. The third step, the hierarchical classification, covers four pixel-based image analyses using the Parallelepiped method and a final majority analysis of the parcels.
Pre-processing According to the classification method based on a standardized classification instruction, the data records which will be used are to be standardized too. A radiometric
standardisation (atmosphere correction and producing reflectance values), a geo-referencing
(geometric correction) and the time correction (evaluation of the acquisition date concerning
the phenological standard year) are required. The latter is however not accomplished to the
image dataset, but effected fruit-specifically according to the phenological observation in the
creation of the classification instruction. From the corrected image data an multi-temporal
data set of the NDVI values is generated. In order to separate the areas of arable land from
the remaining land use types, a agricultural land use mask is provided and applied to the data
set. In the case that no suitable land use mapping is present, it can be revert to satellite data.
The use of at least two data sets is recommended from the winter period with a temporal distance of some years, in order to ensure on the one hand the separation of the acre land from
grassland surfaces and on the other hand the registration of land use changes too. Using this
field mask the NDVI data set reduced to areas of arable land. With the demand of a classification result on parcel level the need to a data set of the parcel borders itself is connected.
Since in the rarest cases a mapping is present (the register of InVeKoS solves only into field
blocks, not into parcels), again the use of satellite data take place. Modern object-oriented
classification procedures (eCognition) allow the extraction of the parcel borders from a multitemporal data set. The reality proximity is reached by the use of the different dates during the
parcel demarcation. The parcel borders are stored as vector data record.
Build classification instruction The NDVI standard curves are the basis for the classification instruction. The statistic values necessary for the classification can be extracted from
them. It has to be noted that the time correction has to be realised here. Not the acquisition
date of the satellite image is to be used, but the appropriate day according to the development status of the crop. With the help of phenological observation data (e.g. the DWD) the
development states are to be detected in the used satellite data to determine the pertinent
crop-specific standard days and to integrate their statistic values (NDVI) in the classification
instruction. These standard NDVI values are the only information, which is used for the classification. There is no sample information taken out of image content.
In the example of cultivation year 1995 (Fig. 3) four scenes were available for the classification of crop types. The crop-specific phenological status in the images was investigated and
the associated NDVI was derived from the standard curves to build the classification instruction.
Hierarchical classification The hierarchy considers the different phenology of the three
groups of crops. Their optimal detection is ensured only by the consideration of different time
windows. The first level aims at recognizing the permanent crop. They can be defined surely
due to the permanent vegetation cover in all image data sets. The complete NDVI data set is
analysed by the class description of all crop types using the Parallelepiped method. The
raster data set of the result image is stored as intermediate result for the distribution of the
permanent crops (fallow, perennial field grass) and is submitted in addition to a parcelreferred majority computation using the parcel borders available as vector data. This result is
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Figure 3: Processing unit 2 – Build classification instruction for the example of cultivation year
1995.
stored as permanent crop mask. The second level separates the winter crop from summer
crop areas. The permanent-masked NDVI data set is reduced to two times now. One scene
(winters/early spring) has to illustrate the winter crops (including the winter intercrops), the
other one (late spring/summer) separates the summer from the winter crops. This way the
permanent phenological development of the winter main crops can be recognised separately
from the interrupted development (winter intercrop as pre-crop of the summer main crop) or
development starting with shift (open area of arable land in the winter, followed by summer
main crop). In the classification all winter and summer crop classes are considered first. After
the classification the result is generalized on the two evaluations winter crop or summer crop.
Finally a parcel-referred majority computation is accomplished again. In the result a winter
crop and a summer crop mask are developed. On the third level a separate classification of
the winter crops (rape, rye, barley, wheat) and the summer crops (summer cereal, silage
maize, potatoes, sugar beets, flax and peas, grass first year) takes place using a specific
classification instruction in each case. For the summer crops the time window reduces to the
span from April to October, for winter crops images from October to August are included. The
two instructions are applied to the accordingly masked data sets. The result images of the
summer crop and winter crops are joined with the result image of the permanent crops to a
sum image. A final majority computation produces an image of the parcel-referred crop distribution in the cultivation year.
RESULTS
The 1995 application of this algorithm for the example of the cultivated lots (1600 ha) of an
agrarian cooperative in Lower Havel region reach a comparable result quality to conventional
procedures as Maximum Likelihood assessed by error matrices (Fig. 4). The main error in the
result image computed by standard curves is the misclassification of potatoes instead of silage maize. In 1995 the chance to differ potatoes, sugar beet and maize is low according to
the unfavourable scene composition. To reach a partition, a scene from end of September is
needed. Starting with the harvest season the before similar NDVI development of all these
crops ends. A special problem of the year 1995 is the permanent negative water balance.
Especially on sites without groundwater supply maize plants dry up in august and lose their
photosynthetically active chlorophyll. The resulting spectral behaviour is similar to ripening of
potatoes at that time. Maize plants growing in groundwater supplies sites is still green and
classified right as silage maize.
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Figure 4: Comparison of classification results for the two methods with cultivation information of agrarian cooperative.
Using the example of sample parcels (figure 5) with different soil quality and water capacity it
can be demonstrated, that the classification success depends also on this factors. The
weather condition affect to the parcels in a different way, poor soil nutrient and water availability on sandy sites lead to spectral aspects of the stressed plants, which is not fixed in the
standard curve. In the comparison of classification quality for six sample parcels (outlined in
colours in the map) between real and detected crop rotation it is remarkable, that gross errors
(red outline in table) and minor errors (green outline) originate from unfavourable scene composition in some years (1998 - separation of crops is not possible in existing images) and
from adverse soil water conditions in particular on sites with deep sand (parcels no. 5 an 6).

Figure 5: Comparison of computed crop rotation with real rotation for
sample parcels with different soil, nutrient and water supply described by
the map of landscape types (NRT).
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Figure 6: Distribution of acre land in River Havel catchment (left in brown colour) and of cultivated crop types in 2000 (right, legend compared to figure 4)
Also in the whole Havel test site (Fig. 6) the division into winter, summer and permanent
crops provide mostly good results, only in the case of intercrop cultivation on coming summer
crop fields these parcels were classified incorrect as winter crop. Depending on the amount of
scenes in the cultivation year the quality of the classification varies. Difficulties to distinguish
between few winter and few summer crops exist, especially for sugar beets, maize and potatoes. Even having these complications in the mind it has to be pointed out, that the new
method allows the crop classifications of an area such as River Havel catchment with about
532.000 ha of acre land with a very low expenditure of time.
The new procedure allows the identification of crop rotations too. Figure 7 shows this parcelreferred result for the sample site of Lower Havel region (green box in figure 5) between 1994
and 2000. The utilization of the remote sensing potentials using the classification by standard
curves is much easier because of omission of the exhausting search for sample sites in the
image to build up the classification rule. The resulting rotation information can be combined
with modelling parameters regarding ecological and economical aspects in agriculture. By

Figure 7: Classification results of Lower Havel region for the years from 1994 to 2000 showing the parcel-referred crop rotation
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combining the classification result for crop type with recommended fertiliser impacts according to crop type information about spatial distribution of nutrient entries is extractable for every
year. Together with the knowledge about the best fertilising dates per crop in agricultural
practice the method allows a realistic implementation of long term none point entries in time
and space into the nutrient model.
CONCLUSION AND OUTLOOK
Finally it can be concluded that without quality loss the new procedure can be used for the
detection of the agricultural land use from remote sensing data. Spatial and temporal information about agriculture can be extracted based on the new method in an effective and objective
way. The procedure can be considered as an essential progress in comparison to the usual
classification based on sample points taken in the image. In the Havel region it should work
for other years too without any new ground trouth information about crop distribution, entirely
an exact phenological dating of the new scenes is necessary. In other regions (with variation
in precipitation and soil compared to Havel) the adaptation of the curve shape is required
(start, length and end of phenological cycle). Usage of Fuzzy information like the relationship
between soil quality and crop ( cultivation suitability for crop), the availability of water (depending on water capacity of the soil, groundwater connection and precipitation) and the sum
of precipitation during the season until the date of image (dryness indicator) in the classification will improve the quality of results furthermore. For the distinction of all crops was found as
optimum the combination of images date Early/Mid April – Mid May – Early July – Mid August
– Mid September.
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ABSTRACT
Today remote sensing allows a wide range of application in agriculture at regional level. This
includes information about the growth rate at important development stages and provide
growers with yield assessments (Weissteiner and Kühbauch 2004). The availability of optical
very high resoultion satellite data could bring the use of remote sensing data for Precision
Farming applications up to a new level. These images provide information about site specific
nutrient deficiency as well a drought stress detection and shows yield variations across fields.
However, the integration of up-to-date remotely sensed data for decision making in site
specific crop production is still not transfered to practice (Blakeman 2002; Werner and Jarfe
2002).
Our consideration was, to discriminate different managment zones in winter wheat crops as
well as in suger beet with timelines of optical very high resolution data. Therefor, in 2002,
2003 and 2006 test fields were established; one at the experimental farm Dikopshof 10 km
northwest of Bonn/Germany and two additional fields provided by Farmers nearby. Ground
truth parameters – at least 10 sample sites in each field – were recorded several times during
the growing season. Because of the low availability of optical very high resolution satellite
data, we in addition used images taken with a digital multispectral camera mounted on a
helicopter to get a timeline of observations during the growing season. As result, over large
periods during the growing season filed plots could be subdivided into definite management
zones.
Our conclusion is that the application of this technique might enable the implementation in
decision support models for managment zones in crop production. A major obstacle of optical
high resolution satellite image applications in Precision Farming still is the availability of images in a given time window which would be essential for practical opperations. To overcome
this deficite a satellite system will be required with daily repetition and full coverage.
REFERENCES
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ABSTRACT
Satellite remote sensing data have been used extensively for yield forecasts and crop growth
models in various parts of the world. Hereby the important assumption is that remote sensing
parameters are highly correlated to crop parameters, e.g. biomass and leaf area index, which
themselves are strongly related to final grain yield. Several studies have proven the significant correlation between vegetation indices or SAR intensities and crop variables. Thus, it is
possible to forecast crop yield by means of these data. The aim of this study is to try to improve these bivariate prediction results by using SAR and optical data synergistically. Hereby
the question arises from which phenological stage, starting from stem extension to harvest,
the optical and the SAR data deliver the best yield prediction. In the present study remote
sensing data from an agricultural test site in Western Germany are used. The dataset includes 10 ERS-2 scenes acquired between 5th April and 4th August 2005 and optical data
from various sensors (Aster, Landsat 5TM, QuickBird and SPOT 5) acquired between 3th April
and 20th June 2005. The multivariate regression results show an improvement in regard to the
bivariate results using just a single sensor. Problematic is, that for the combination of SAR
and optical best results were achieved during very early phenological stages, when yield prediction is hardly possible from an agro-scientific view.
INTRODUCTION
The accurate and early estimation of crop production is very important for agricultural planning and policy making. Remote sensing data have been utilized extensively for crop yield
modelling and yield prediction (i). The important assumption when using remote sensing data
for crop modelling is that they are strongly related to crop parameters, which themselves are
related to final yield (ii, iii).
Since optical and microwave sensors respond to very different target characteristics, their role
in crop monitoring can be seen as complementary (i). Optical data, respectively the retrieved
vegetation indices exploit the fact that green vegetation strongly absorbs the solar radiance in
the red spectrum and scatters it in the near-infrared spectrum. This abrupt change in the region of 680~800nm (red edge) in the reflectance spectra of leaves is caused by the combined
effects of strong chlorophyll absorption and leaf internal scattering. The Synthetic Aperture
Radar (SAR) backscatter can be related to the dielectric and geometric properties of the observed target. The dielectric properties are very closely associated with water content of the
target e.g. crops, while leaf shape and size are examples of geometrical characteristics (iv).
In general the dominant scattering sources were found to change with wheat phenological
stage, for the scattering sources among plant elements (stem, leaves and ears) and scattering involving the soil surface (v).
Both data types were already used successfully in previous studies to monitor the crop condition or for yield forecasts (i, vi, vii). Whereby, in particular the all-weather capability of SAR
and thus its ability to fill time gaps from optical data was highlighted.
In this study the potential of synergetic yield estimations using optical and SAR data combined for multivariate regressions will be analysed. Bivariate correlation results based on a
single data type and crop variables are often not that satisfactory. Therefore the idea is that
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by combining datasets the precision of the yield prediction will increase significantly. Another
point under investigation will be the choice of the best data pair (SAR and optical) and thus
the appropriate acquisition dates and phenological stages for yield estimation.
METHODS
Study area
The study site is an agricultural region near the city of Bonn in North Rhine-Westphalia (Germany). The investigated fields belong to the research farm (Klein-Altendorf) of the University
of Bonn (Fig. 1). The topography is relatively flat at an altitude of 175 m asl. The average
temperature is 9.2°C per year, the rainfall 600 mm with 1534 sun hours per year and a vegetation period of 165-170 days. The field sizes of the investigated fields range from 4 up to 8.5
ha. For the study yield maps of 8 different fields (4 winter wheat, 3 winter barley and 1 winter
oat) were generated during harvest (July until August 2005) from on-board yield monitors
(Fig. 2). The final yield of the investigated fields varied from 44 dt/ha for a winter barley field
to 99 dt/ha for a winter wheat field. In order to compensate the differences in yield between
the different agricultural crops, yield estimates equivalent to winter wheat for the first application and for a second application to winter barley were derived using conversion ratios (viii,
ix).
For the validation of the adjusted regressions 59 winter wheat fields for application one (winter wheat) and 16 winter barley fields for application two in the region around Klein-Altendorf
were considered. The fields were manually mapped in a field campaign 2005. For all winter
wheat fields an average yield of 85.3 dt/ha and for the winter barley fields an average of 68.9
dt/ha was assumed, which was the averaged yield in North Rhine-Westphalia (NRW) in 2005
(http://www.destatis.de/).

Figure 1: Location of the experimental site Klein-Altendorf in North Rhine-Westphalia (Germany).
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Figure 2: Yield maps [dt/ha] of the different fields considered in the study, with a QuickBird
(20.06.05) imagery as background.

Satellite data
In table 1 the different scenes (optical and SAR) together with the corresponding phenological
stages for winter wheat and winter barley are listed.
The pre-processing of the optical data included a radiometric and atmospheric correction (Atcor) and a geometric correction with an rms less than 1 pixel.
The pre-processing of the ERS-2 scenes included calibration, co-registration, orthorectification and speckle filtering with a 5x5 window Frost filter.
The true parcel boundaries for the further investigation were obtained from the regional surveyor’s office of North Rhine-Westphalia. In order to avoid mixed pixels, these outlines were
buffered with a 30 m buffer.
Table 1: Remote sensing data (optical and SAR) used for the study together with the corresponding phenological stage of winter wheat (ww) and winter barley (wb).
date
03.04.2005
22.04.2005
05.05.2005
12.05.2005
28.05.2005
20.06.2005
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sensor
Aster
QuickBird
Landsat 5TM
SPOT5
Landsat 5TM
QuickBird

ww
tillering
extension
extension
extension
heading
blossom

wb
extension
extension
heading
heading
blossom
ripening

date
05.04.2005
15.04.2005
21.04.2005
10.05.2005
26.05.2005
05.06.2005
24.06.2005
30.06.2005
19.07.2005
04.08.2005

sensor
ERS-2
ERS-2
ERS-2
ERS-2
ERS-2
ERS-2
ERS-2
ERS-2
ERS-2
ERS-2

ww
tillering
extension
extension
extension
heading
heading
blossom
ripening
ripening
ripening

wb
extension
extension
extension
heading
blossom
ripening
ripening
ripening
ripening
ripening
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Yield estimation
Satellite remote sensing data have a long tradition in the field of crop yield modelling. The
assumption hereby is that the gained remote sensing information is strongly related to various
crop parameters, e.g. biomass or LAI. These crop parameters are themselves, depending on
the phenological stage significantly related to final yield. For cereal crops lots of studies have
already shown that biomass or LAI can be remotely sensed from optical or radar satellite data
(x, xi, xii, xiii, v).
Most often for the retrieval of vegetation parameters vegetation indices are calculated. The
Normalized Difference Vegetation Index (NDVI) is probably the most frequently used, and will
also be used in this study for further analysis. But, due to different sensor characteristics, discrepancies in the NDVI and thus in the retrieved information can occur. The sensor geometry,
like viewing- and solar angle, atmospherical conditions, topography and spatial or radiometric
resolution influence the data. Another important factor, which can be easily quantified are the
spectral characteristics of the different sensors (band position, bandwidth and relative spectral response functions). Therefore a spectral intercalibration of these multisensoral optical
data to Landsat 5 TM was performed as an additional pre-processing step (xiv).
As a first analysis linear bivariate correlations using a single NDVI or SAR imagery and the
crop yield maps are calculated for yield maps adjusted to winter wheat and in a second application for winter barley. This allows later on a comparison with the multivariate correlation
results, using SAR and optical data synergistically.
Since optical and microwave sensors respond to very different target characteristics, their role
in crop monitoring can be viewed as complementary. Thus, it should be possible to improve
the bivariate correlation results and the yield prediction precision, by combining the information gained from optical and SAR sensors. The synergetic yield retrieval can be formulated
as,

Yield = a × ( NDVI − b) × (σ 0 − c)

[1]

with Yield as the actual corn grain [dt/ha], NDVI as the vegetation index used, σ 0 as the
ERS-2 backscatter intensity and the coefficients a , b and c (i).
The model validations for the bivariate correlation results (winter wheat and winter barley) and
for the combined correlation results (winter wheat and winter barley) are calculated in a final
step on the basis of the mapped fields in the region of Klein-Altendorf and the averaged yield
from the NRW statistics. Because no real-ground truth data were available the model validation was done by comparing the mean yield of all validation fields with the mean of the NRW
statistic and not with R² and RMSE.
RESULTS & DISCUSSION
In general, the bivariate correlation results for the calibration process based on the linear regression show very poor results with very low R and R². The bivariate analyses with the NDVI
data exhibit only significant results (R²=0.57) for the SPOT5 acquisition for both crop types.
The SPOT5 imagery (12.05.05) was acquired during the end of stem extension just before
heading for winter wheat and at the heading stage of winter barley. Before and after this acquisition date the correlation results decrease to R²=0.1. This result is quite reasonable when
comparing to the literature. Boken et al. (2002) (xv) also concluded in their study, that the
best regression results and thus the best pre-harvest estimation was achieved when using
NDVI data close to the heading stage, because then yield is influenced mostly by crop condition.
The correlation results for the SAR backscatter show no significant correlation result (R² between 0.01 – 0.19) for all analysed acquisition dates and crop types. But also here a dependency of the regression quality on the crop growth stage and thus on the time of image acquisition can be found. During the early phenological stages and the last growing stages the cor-
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relation results are low probably due to the influence of soil background and soil moisture,
which we did not consider in the linear regression. From heading on (ERS-2 acquisition
10.05.05) the quality of the results improves, due to the influence of the changing crop geometry on the SAR signal (iv).
Table 2: The correlation coefficients (R²) for the calibration process of the multivariate (optical
and SAR data) regressions of winter wheat yield. The same results were archived for the
analysis with winter barley.

ERS-2 05.04.05
ERS-2 15.04.05
ERS-2 21.04.05
ERS-2 10.05.05
ERS-2 26.05.05
ERS-2 05.06.05
ERS-2 24.06.05
ERS-2 30.06.05
ERS-2 19.07.05
ERS-2 04.08.05

Aster
03.04.05
0.45
0.58
0.68
0.10
0.10
0.08
0.08
0.08
0.08
0.14

QuickBird Landsat 5TM
22.04.05
05.05.05
0.33
0.67
0.33
0.65
0.41
0.73
0.41
0.17
0.39
0.17
0.32
0.16
0.32
0.16
0.33
0.16
0.33
0.16
0.38
0.21

SPOT5
12.05.05
0.57
0.57
0.57
0.56
0.57
0.56
0.57
0.57
0.56
0.56

Landsat 5TM
28.05.05
0.23
0.24
0.22
0.21
0.21
0.21
0.21
0.21
0.21
0.26

QuickBird
20.06.05
0.09
0.09
0.09
0.09
0.09
0.09
0.09
0.09
0.09
0.11

The correlation results for the calibration process based on the combined yield models improved significantly for nearly all data pairs (tab. 2) (winter wheat and winter barley), except
for the combination with SPOT5 were the correlation results stayed nearly the same.
For the validation process of the adjusted regressions only those dataset pairs were considered with a R² above 0.5 in the calibration process (tab. 3). As described above the validation
was performed by analysing the differences between the estimated average yield and the
average yield from the NRW statistic.
The validation results for the yield estimation of both crop types exhibit a rather complex pattern. Generally the results achieved in the combined analyses with SPOT5 are not that satisfying. Winter wheat yield is underestimated by nearly 30 dt/ha and winter barley overesti

Table 3: The mean yield [dt/ha] from the validation fields (winter wheat and winter barley) and
the average difference [dt/ha] to the NRW statistic. Only those regressions were considered
with R²>0.5 in the calibration process.

ERS-2 05.04.05
ERS-2 15.04.05
ERS-2 21.04.05
ERS-2 10.05.05
ERS-2 26.05.05
ERS-2 05.06.05
ERS-2 24.06.05
ERS-2 30.06.05
ERS-2 19.07.05
ERS-2 04.08.05
SPOT5 12.05.05
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winter wheat
Aster
03.04.05
78.39/-6.91
84.67/-0.36
-

QuickBird
22.04.05
66.2/-19.1
70.14 -15.15
69.98/-15.32
-

winter barley
SPOT5
Aster
12.05.05
03.04.05
54.55/-30.75
34.56/-50.74
71.09/2.19
54.81/-30.49 110.58/41.68
54.69 -30.61
54.62/-30.68
54.6/-30.7
53.69/-31.61
52.74/-32.56
54.19/-31.11
54.12/-31.18
54.82/-30.48

QuickBird
22.04.05
63.62/-5.28
69.89/0.99
75.31/6.41
-

SPOT5
12.05.05
73.41/4.51
72.79/3.89
73.46/4.56
73.78/4.88
73.97/5.07
83.7/14.87
76.76/7.86
75.23/6.33
74.61/5.71
73.83/4.93
74.62/5.72
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mated by 5-15 dt/ha. Thus the results with SPOT5 and ERS-2 show that the SAR information
at least for this acquisition date has hardly any influence on the performance of the model.
The regressions using Aster or QuickBird together with an ERS-2 imagery show good results
in dependency of the ERS-2 acquisition date and the phenological stage. For both crop types
SAR images taken during the middle of stem extension (21.04.05 and 15.04.05) seem to
achieve the best results in combination with optical images acquired during an early
phenological stage. For winter wheat the best achieved average difference added up to -0.36
dt/ha and for winter barley to 0.99 dt/ha. Figure 3 illustrates the yield maps retrieved for winter
wheat and winter barley with the respectively best sensor combination.
The conclusion from the multivariate regression analyses is that the best yield retrievals can
be achieved by using optical images from an early phenological stage in combination with
SAR images acquired during stem extension. This finding is quite problematic because during
these early phenological stages from an agro-scientific view correct yield estimation is yet not
possible. Environmental influences and management practices still can have a great impact
then. The earliest reliable yield prediction can be done during heading stage, because by
then crop yield is influenced most by the actual crop condition.

Figure 3: Estimated yield maps [dt/ha] for winter wheat and winter barley, with the QuickBird NDVI (20.06.05) as background. The estimation for winter wheat as calculated with
the dataset pair Aster (03.04.05) and ERS-2 (21.04.05) and the estimation for winter barley was done with the pair QuickBird (22.04.05) and ERS-2 (15.04.05).
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CONCLUSIONS
The multivariate regression results show an increase in the yield prediction accuracy compared to the bivariate yield regressions. The conclusions from the multivariate analyses concerning the acquisition dates and the combination of dates, is that during early phenological
stages the best results could be achieved. This finding is quite problematic because during
these early stages weather impacts and management strategies still have a great impact on
the actual yield outcome. Thus in a next step it would be of interest to use these datasets
synergistically for an exact yield estimation with crop growth models. Hereby information
about the biophysical parameters could be retrieved from both data sets and then used with
separate weighting factors for the calibration of crop growth models like CERES (xvi).
Another important point which we have to contribute to is the actual validation of the derived
models using real and precious ground truth data and not mean yield results for a whole federal state.
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CASE STUDIES FROM HILLY REGIONS ON THE RETRIEVAL OF SOIL
MOISTURE AND BIOMASS USING STANDARD SAR PRODUCTS –
CONSIDERATIONS ON CHALLENGES, LIMITATIONS AND
POTENTIALS
Seeling S.1, Buddenbaum H. 1, Haupt Ch. 1, Seeger M.3 & Werner W.2
1. Remote Sensing Department, University of Trier, Germany, seelings@uni-trier.de;
2. Department of Geo-Botany, University of Trier, Germany
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ABSTRACT
Spatial distribution of soil moisture and standing biomass are important information layers in
landscape assessment, ecological and hydrological modelling or silviculture planning. But
there survey is costly and feasible only for smaller regions. Due to the interaction of the
microwave signal not only with the target’s surface, the wide range of available sensors and
the ability to operate even under poor weather conditions, SAR seems to be an alluring data
source. Additional spaceborne active microwave sensors meantime provide satisfying spatial
resolution and time series with a high repetition sequence. However, due to effects of surface
roughness, topography and saturation, the application is subject to limitations. These are
enhanced when the experiment contains multiple unknown variables like the variation of soil
moisture and land use at the same test site.
The presented studies take place in test regions selected for hydrological, ecological or
political reasons. All together, they do not offer optimal conditions to investigate in radar
reflectance. The catchments or regions are all hilly, without interaction to shallow ground
water and are not homogeneous concerning their land cover. In addition, we used only
commercial SAR products from space borne systems, taken under standard conditions. This
is expressed e.g. by the fact that for our soil moisture campaign in the year 2005 only 9 of 30
ordered ASAR scenes - one under frozen and snowy conditions - were provided by ESA. On
the other hand, due to known early saturation effects using C-band radar for the retrieval of
bio masse, it is recommended to employ L-band. But actually, only archived scenes from
JERS provide satisfactory spatial and temporal coverage. This system ran between 1992 and
1998 and provides only one fixed polarisation and incidence angle.
Within the treated case studies, the above mentioned and other occurred obstacles are
reported. Some developed solutions will be refereed as well as a couple of still tangible
potentials for SAR imagery use. For this, the study should contribute to the endeavours to
force the use of space born radar on an operational level.
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ASSESSMENT OF THE LEAF AREA INDEX FOR SUMMER BARLEY
FROM FIELD SPECTRORADIOMETER AND HYMAP IMAGE DATA
USING THE PROSPECT + SAIL MODELS
Michael Vohland1, Thomas Jarmer2 and Sebastian Mader3
1. University of Trier, Remote Sensing and Geoinformatics, D-54286 Trier, Germany; vohland@uni-trier.de
2. Free University of Berlin, Remote Sensing and Geoinformatics, D-12249 Berlin, Germany; jarmer@geog.fu-berlin.de
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ABSTRACT
The estimation of the LAI plays an important role in many vegetation related issues. In this
study, LAI assessment from remote sensing data was performed for summer barley stands (n
= 16). For the study time at the end of May, ground truth LAI data and both field spectroradiometer (ASD FieldSpec II) and airborne hyperspectral image data (HyMap) were available.
For reasons of a more general applicability with less restrictions, a physical approach coupling the radiative transfer models PROSPECT and SAIL was preferred to a purely empirical
approach. Some constraints were introduced for the PROSAIL inversion; the most important
was the coupling of the equivalent water thickness and the dry matter content of leaves. In
the following, the model inversion was performed using the Nelder Mead Simplex method for
the spectroradiometer measurements, synthetic HyMap spectra (generated by resampling the
field spectra) and the HyMap image data. For the latter, pixel values were extracted near the
field-measured GPS-coordinates using a spatial subset of 3 × 3 pixels. In fact, for nearly all
sub-plots spectra could be extracted that matched the spectroradiometer data and did not
reveal spatial scaling effects or deficiencies of radiometric preprocessing. The accuracies of
LAI estimation were very high for the spectroradiometer data (r² = 0.90), but diminished
slightly for the synthetic HyMap data (r² = 0.87). For the image spectra, LAI estimates were
still satisfying with r² equalling 0.80.
INTRODUCTION
The leaf area index (LAI) is referred to as essential structural or biophysical parameter of
vegetation canopies that is specifically linked with other canopy variables (e.g., ground coverage, above-ground biomass, crop yield) and therefore an appropriate indicator of crop
growth during the complete phenological cycle. Thus, in terms of precision agriculture, the
LAI assessment can be useful for the detection of growth anomalies. Furthermore, it forms an
important input for many ecological, hydrological or climatological modelling approaches; e.g.,
for a model-based reconstruction of the complex interaction between soil, vegetation and atmosphere, a precise LAI estimation is obligatory.
In the past, many studies have been carried out for retrieving LAI from remote sensing data.
Compared to the classical multispectral approaches, hyperspectral remote sensing provides
new potentials for vegetation analysis and LAI assessment (i, ii). For instance, a couple of
new hyperspectral indices have been designed (e.g., iii), but their application suffers from the
fact that they are per se not transferable in space and time. Thus, the application of physical
algorithms is desirable for a more powerful estimation approach being less restricted to the
calibration data.
Physical approaches rely on inverting canopy reflectance models that allow a process-related
insight in the interaction between vegetation canopy and incoming solar radiation. In this
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study, the PROSPECT and SAIL models were coupled, and their inversion was performed for
summer barley plots investigated in May 2005. In literature, PROSAIL has been applied in a
whole lot of studies for agricultural crops, but nevertheless, investigations of the model performance on synthetic data are in greater numbers than studies using real data (iv). For the
summer barley plots investigated here, model inversion for LAI assessment has been applied
to real data both measured by the airborne HyMap sensor and acquired by a field spectroradiometer (ASD FieldSpec II) during or near the HyMap overflight. Thus, radiometric preprocessing and spatial scaling effects are issues of concern. Furthermore, the ASD FieldSpec II
data were resampled to synthetic HyMap data to investigate effects solely induced by the
spectral resolution without spatial implications. LAI ground truth data were surveyed destructively to enable the validation of the model performance on the different data sets.
METHODS
Study site and field data
The study site is located near Newel in the Eifel region (Rhineland-Palatinate, Germany, Figure 1). Here, two fields that were cropped with summer barley in 2005 were selected for further investigation.

Figure 1: Location of the study site (Rhineland-Palatinate, Germany).
The field work was carried out at the 27th and 28th of May; at these dates, the summer barley
showed clear differences in terms of phenology (partly still tillering, partly clearly pronounced
stem elongation). For altogether 16 sub-plots with a size of 50 × 50 cm², integrative in situ
reflectance measurements were performed using an ASD FieldSpec II instrument that provides spectra with an increment of 1 nm from 350 up to 2500 nm. The spectral readings were
taken with nadir view in the principal plane; absolute bi-directional reflectances were obtained
by normalizing the readings with a certified Spectralon panel. The exact position was located
for each sub-plot using a differential GPS. After the spectra collection, the above-ground plant
material of the sub-plots was harvested. In the laboratory, the fractions of green and yellow
leaves were separated for each sample and both the total and green LAI were determined by
scanning the leaves with a LI-COR 3000C leaf area meter.
The preprocessing of the field spectra consisted of a third order-polynomial Savitzky-Golay
filtering (frame size 21 nm); furthermore, the reflectance values of noisy bands (< 400 nm, >
2400 nm) and in the major parts of the atmospheric water vapour absorption (1360-1420 nm,
1790-1940 nm) were eliminated. Thus, the spectral bands were reduced from the original
number of 2151 to 1789 with a width of 1 nm. In the following, these spectra were resampled
to the spectral resolution of the HyMap sensor. As nine HyMap bands are located in the spectral regions eliminated, the final synthetic HyMap spectra provided are made up by 117 spectral bands instead of the original number of 126.
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HyMap image data
A data set of the HyMap airborne imaging sensor was acquired on the 28th of May (acquisition time: 9:01:20 UTC) during the HyEurope 2005 campaign. In the delivered data, the spectral range from 434 to 2486.5 nm (central wavelengths of the first and last band) is covered by
126 bands with bandwidths ranging from 12.9 to 21.3 nm. The ground resolution realized in
the overflight was approximately 5 m.
As the flight path was from the Northwest southeastwards (flight heading 325°), an acrosstrack illumination correction was performed for a spatial subset excluding forested areas. In
the following, the FLAASH (Fast Line of-sight Atmospheric Analysis of Spectral Hypercubes)
module of ENVI™, based on the MODTRAN4 radiation code (v), was used for the atmospheric correction (Table 1). A parametric geometric correction was performed using the
PARGE™ software (vi) by integrating a high resolution digital elevation model, GPS ground
control points and flight navigation data provided with the HyMap data.
For a consistent analysis, the corrected image file was adapted to the synthetic HyMap data
by eliminating the spectral bands mentioned above. Furthermore, two other noisy bands
nearby the 1.4 µm water vapour absorption feature (1421.7 nm, 1435.9 nm) were removed.
Thus, the final image product resulting from the different steps of preprocessing provided
geocoded reflectance values in altogether 115 spectral bands.
Table 1: FLAASH parameters for the atmospheric correction.
Atmospheric
model
Mid-Latitude Summer

Aerosol model
rural

Estimated horizontal visibility
20.6 km

Average water
amount
2.305 g cm-2

The PROSAIL modelling approach
For this investigation, the PROSPECT model describing the optical properties of plant leaves
(vii) has been coupled with the SAIL model (viii), a 1 D turbid medium radiative transfer model
and therefore suited for the study of homogeneous vegetation canopies. The full inversion of
PROSAIL from spectral measurements is enabled by a controllable number of parameters
introduced in the model (Figure 2, Table 2). By model inversion, the estimates for the stand
variables are obtained by an iterative minimization of the merit function (Figure 2); thus, the
best fit between observed data (canopy reflectances measured by the FieldSpec II or HyMap
instrument) and predictions based on the PROSAIL model will provide the final approximation
of the canopy variables. However, several sets of parameters correspond with spectral signatures similarly, which is the main reason for the ill-posed problem of the model inversion (ix).

Figure 2: PROSAIL inversion from spectral measurements of the test plots.
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Table 2: Model parameters and constraints for the model inversion.
Parameter
N
Cab [µg cm-2]a
Cw [g cm-2]a
Cm [g cm-2]a
LAI
θl [°]
sb
ρs
skyl
θv [°]
ψv [°]
θs [°]

Definition
leaf structure parameter
chlorophylls a+b
equivalent water thickness
dry matter content
leaf area index
mean leaf inclination angle
hot spot size parameter
soil spectral reflectance
diffuse illumination fraction
zenith viewing angle
relative viewing azimuth
zenith solar angle

Range of variation
fixed to 1.3
1 – 100
0.006 – 0.05c
0.0015 – 0.0125c
0.01 - 9.0
20 - 70
fixed to 0.1
known (fixed)
fixed to 0.01
0°
0°
known

a

per leaf area
hot spot-modification introduced by Kuusk (x); SAILH
c
tied together
b

Plausible constraints by integrating prior information are helpful to reduce the ill-posed nature
of model inversion (xi). Thus, based on the findings of other studies (ix, xii, xiii), some model
parameters were fixed (N, s and skyl; Table 2). To define ρs, soil samples were taken in the
field to identify a typical background soil reflectance that was used for the inversion of all
samples. Furthermore, we extended the inversion routine by coupling EWT and leaf dry
mass, and introduced all plausible combinations of Cm (range: 0.0015-0.0125 g cm-2) and Cw
in a ratio of 1:4. This constraint is based on the fact, that the foliage moisture content (FMC
[%] = (Cw × Cm-1) × 100; amount of water per unit of dry matter) usually amounts about 400 %
for fresh plant material; a detailed discussion of coupling Cm and Cw can be found in xiii.
The LAI and the other unknown parameters (Cab, Cw, Cm, θl) were obtained from the different sets of reflectance data (Figure 2) using the Nelder-Mead Simplex method for minimization. One deficit of this method is its sensitivity to the initial parameter values that was reduced by iterative minimization with repeated recovering of the initial values with previous
results.
The spectra extraction from the HyMap data was performed by means of the GPS coordinates measured in the field. However, these coordinates refer to the centre of 50 × 50 cm²
plots, and – due to unavoidable inaccuracies of image geocodation and differential GPS
measurements – it is questionable whether the pixel at the nearest neighbour position is
really the right and corresponding one. Thus, we used a window of 3 × 3 pixels that was centred at the GPS-defined image coordinates to extract altogether three alternative spectral
samples: a first incorporating the spectra at the nearest neighbour positions, a second made
up by the mean values of all nine pixels, and finally a third set by extracting the pixels fitting
best to the field measured spectra. For all sets, LAI was estimated by means of PROSAIL
inversion.
RESULTS & DISCUSSION
LAI assessment from ASD FieldSpec II and synthetic HyMap data
In the PROSAIL inversion from the ASD readings, a good fit was achieved between the
measured spectra and the spectra reconstructed using the found parameter values. The
RMSE – in terms of absolute reflectances (RMSEρ) – varied between 0.0094 and 0.0185; the
mean RMSEρ for all 16 plots equalled 0.0138.
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Figure 3: Measured (ASD FieldSpec II) vs. PROSAIL reconstructed spectra: Mean spectra
and mean RMSEρ (n = 16) (for demonstration purposes, the “simulated mean spectrum” has
been shifted in the x-direction by 100 nm).
As function of wavelength (Figure 3), the mean RMSEρ is almost stable and small. Only one
peak (RMSEρ about 0.04) is noticeable, that is to be found at the 980 nm-water absorption
feature, whereas the second clearly pronounced water absorption feature near 1200 nm is
reconstructed accurately. Furthermore, the shoulder in the simulated red-edge region near
750 nm seems to be too sharp, which is referred to in other studies and presumably induced
by the specific absorption coefficients of the original PROSPECT version (xiii, xiv).
The inversion procedure provided LAI estimates highly correlated with both total and green
LAI values (Figure 4). In terms of RMSE, the estimation accuracy is higher for the fraction of
green leaves. For both samples, there is an overall tendency of overestimating low and –
even more clearly – underestimating high LAI values. However, this trend is diminished for
the green LAI with estimates grouped around the 1:1-line closely. This finding is plausible, as
PROSAIL does not take into account the presence of senescent leaves, which will induce
estimation inaccuracies at maturity and senescence stages (iii). As our study time was end of
May, this effect plays a minor role for the plots investigated here.

Figure 4: Coefficients of determination a, RMSE and rRMSE b obtained for total LAI and green
LAI from spectroradiometer measurements (n = 16) ( acorrelations statistically significant with
α < 0.01; brelative RMSE, defined as RMSE × mean LAI -1).
In the next step, the synthetic HyMap data were introduced in the PROSAIL inversion procedure. Again, a very good spectra reconstruction was achieved (RMSEρ= 0.0143). Compared
to the original spectroradiometer spectra, the parameter estimation accuracies slightly diminished for the green LAI, whereas for the total LAI at least the RMSE kept stable (Table 3).
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Furthermore, the LAI estimates based on the synthetic spectra (117 spectral bands) were
highly correlated with the estimates provided by inverting the full spectra (r = 0.99); the absolute RMSE between both samples equalled 0.249.
Table 3: Estimation accuracies for LAI by PROSAIL using synthetic HyMap spectra (n = 16).

total LAI
green LAI
a

r²
0.869 b
0.875 b

RMSE
1.171
0.885

rRMSE
0.240
0.215

correlation statistically significant with α < 0.01

LAI assessment from HyMap image data
In a first analysis, the different samples of image spectra were compared to the field measured spectra. The reconstruction of the field spectra by those pixels that provided the best fit
resulted in an overall RMSEρ of 0.0180 (n = 16). Nevertheless, for three sub-plots the results
of this procedure were only moderate, as the RMSEρ identified were more than 0.020 (maximum 0.0352). For illustration, we plotted both the mean spectra (as measured in the field and
extracted from the HyMap data) and the residuals averaged for all sub-plots (Figure 5) as
function of wavelength. The maximum residuals are to be found in the red-edge region, the
first water absorption feature at 980 nm and in the spectral bands preceding the absorption
feature at 1400 nm. However, residuals are rather small, and clear deficiencies of radiometric
preprocessing are not evident.

Figure 5: Field measured spectra (ASD FieldSpec II, resampled to HyMap bands) versus
HyMap image spectra: Mean course and residuals (averaged for n = 16) (for demonstration
purposes, the “mean image spectrum” has been shifted in the x-direction by 200 nm).
The alternative approaches to select image spectra were much less promising: extracting the
nearest neighbour pixels provided an overall RMSEρ of 0.0486, and the sample made up by
the mean of the selected nine pixels resulted in an RMSEρ of 0.0301. These error terms are
consistent with the findings of the field work, as canopy architecture and development stage
clearly varied in space and complicated the identification of more or less homogeneous subplots for LAI and spectra collection. Nevertheless, the successful identification of image pixels
matching field spectra indicates that scaling effects seem to be of minor relevance for the
studied samples.
Using the identified set of pixel values matching the field spectra, the results of LAI estimation
worsened slightly compared to the inversion of both spectroradiometer and synthetic HyMap
data, but still proved to be satisfying (Figure 6). For the HyMap data, LAI estimates for the
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green LAI were not more accurate than for the total LAI. Spectra reconstruction by PROSAIL
again succeeded with an RMSEρ of 0.0176.

Figure 6: Coefficients of determination a, RMSE and rRMSE obtained for total LAI and green
LAI (n = 16) from HyMap image data ( acorrelations statistically significant with α < 0.01).
As to be expected, estimation results on the other spectral samples extracted from the HyMap data were poor; for the total LAI, r² differed from 0.192 (mean spectra) to 0.204 (nearest
neighbour pixels) and RMSE equalled 2.131 and 2.165 respectively; for the green LAI, r² was
0.208 and 0.219 respectively, RMSE equalled 2.104 and 2.244.
CONCLUSIONS
In literature, only a limited number of studies using real data of crop stands (reflectance
measurements and associated ground data) for evaluating the performance of PROSAIL can
be found (e.g., iv, xii, xv). Nevertheless, the LAI estimates obtained in this study document
the estimation power of PROSAIL after introducing some basic constraints (e.g., coupling
equivalent water thickness and leaf dry matter content). Results were presumably favoured
by the study time; for phenological reasons, inversion procedure was almost not affected by
the presence of senescent plant material or spikes.
Spatial scaling effects induced by the different remote sensors’ ground resolutions were not
studied systematically, as the set of available field spectroradiometer measurements was too
limited. However, the pixelwise analysis of the HyMap data provided a set of spectra matching the field measurements; thus, spatial scaling effects appeared to be of minor relevance
for this data sample. Accordingly, the loss of LAI estimation accuracy from spectroradiometer
data to HyMap image data was only moderate and results kept satisfying.
The HyMap data were subjected to a standard preprocessing neglecting terrain-induced illumination effects and sensor recalibration. Nevertheless, error terms clearly resulting from the
radiometric preprocessing were not evident.
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RELATIONSHIPS BETWEEN DEMANDS ON QUALITY OF MALTING
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ABSTRACT
The malting and brewing industry is interested in early information about yield and quality of
malting barley. By developing a regional production forecast model to predict spring barley
yield in West Bohemia by remote sensing and weather it appeared that in addition quality
traits could be identified by remote sensing as well.
In 2001 and 2002 88 datasets were collected from 24 spring barley fields, including
information about sowing, fertilisation and treatments, the dry matter and protein
accumulation between flowering and harvest and product quality parameter like grain weight
and protein content. Across the season from respective barley fields were collected the
reflected radiance values by different satellite sensors.
Early in the year with NPK-fertiliser treated fields correlated with high grain weight and low
protein content. In May these fields showed remarkable lower reflectance values in the green
and red spectral bands and higher reflectance values in NIR, so that their NDVI-values were
increased. On the other hand the late manured fields were correlated with higher yield and
higher number of ears m-2, but lower grain weight and higher protein content. In May they
showed higher reflectance values in red channel and in June higher reflectance values in
NIR. While the late stage of maturation the remotely sensed data are not clear, the NDVIvalues from 28 July 2002 correlated positively with high quality and the NDVI-values from 2
August 2001 correlated positively with late manured fields.
The differences in reflecting behaviour between high quality malting barley and other spring
barley in May and June may be an early estimate of barley with brewing quality.
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MONITORING OF GRASSLAND BIOMASS BY MULTISENSORAL AND
MULTITEMPORAL REMOTE SENSING DATA
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ABSTRACT
Estimating biomass can be useful for decisions in grassland farming, i.e. for inventory of
forage production and quality. Therefore it is desired to develop algorithms for non-destructive
grassland characterization. For this purpose, an assessment was done to analyse the
potential application of optical and synthetic aperture radar data to monitor grassland. The
investigation is aimed to improve prediction of grassland biomass as well as to detect withinfield variability from remote sensing data. An extensive field campaign was carried out to
connect ground truth data with multitemporal and multisensoral remote sensing data. Medium
resolution multispectral satellite data, airborne hyperspectral camera data and synthetic
aperture radar data were acquired during a vegetation period over a hilly test site in the Eifel
(West Germany). This area is mainly covered by forest and grassland and is representative
for the low mountain range areas in central Europe. Field analysis was done including weekly
measurement of biomass in a regular small mashed grid. Due to intensive collection of
ground truth data, it is possible to create a continuous record of standing biomass and to
visualize within-field variability of biomass over the vegetation period.
The resulting analysis combines canopy reflection information from optical data with
information on texture and dielectric properties from synthetic aperture radar (SAR).
Information from optical data can be extracted by vegetation indices, SAR-data analyses
includes derivation of differences in radar backscatter. Overall, amount as well as distribution
patterns of biomass are tried to be recognized by analyses at pixel, segment and parcel level.
Vegetation indices calculated from different optical data and radar backscatter show potential
capability for estimation of the overall biomass and for recognition of prevailing patterns of
biomass. Limitations for information extraction from optical data are canopy closure of
grassland, while the SAR-data used were inadequate in spatial resolution.
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SPECTRAL ANALYSES AND CLASSIFICATION OF IKONOS IMAGES
FOR FOREST COVER CHARACTERISATION
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ABSTRACT
This study aims at evaluating the spectral potential of very high spatial resolution (VHSR)
images for land cover characterization of vegetated areas, in particular concerning discrimination between forest species. For this purpose three IKONOS images, of three different
zones of Portugal, were acquired. The very high spatial resolution and consequently high
spectral intra-class variability of these images did not permit a landscape unit class definition
and as a result, classes in this study represent discrete surface elements (e.g. shadow, tree
crown, shrubs) instead. A stratified random sampling for each class was carried and a study
of spectral separability was assessed with scatter plots and the Battacharrya-Distance measure. The samples were randomly broken into two groups for training and testing purposes.
The first group was used to train two different supervised classifiers (Minimum Distance and
Maximum Likelihood), through which two maps containing surface elements were produced.
The second group (the test group) was used to select the best of the two classifiers. The
maps obtained with the classifier that performed better results (Maximum Likelihood) were
evaluated with global and specific indexes, based on probabilistic matrixes, using an independent stratified random sampling as reference. The overall proportion of area correctly
classified, in the maps obtained with Maximum Likelihood, was greater than 60% for all study
areas.
INTRODUCTION
Land cover maps are used in numerous natural resource applications (e.g. forest sustainable
resource management) therefore it is frequent their intensive production. Usually these maps
are produced trough visual interpretation of aerial photography. Because maps production is
time consuming, subjective and cost-effective, an automatic production of land cover maps
would benefit their production. Therefore, the present study aims to evaluate methodologies
for automatic production of land cover maps with VHSRSI (Very High Spatial Resolution Satellite Imagery).
The potential of Remote Sensing imagery for land cover mapping, has been recognized by
numerous authors (i, ii, iii). An example is the CORINE LAND COVER 2000 (iv), a 1:100 000
land cover cartography for all Europe based on Landsat imagery. The launch of a series of
very high spatial resolution satellites (IKONOS, QuickBird, Oberview) in the last decade, as
well as the development of new classification algorithms, initiated a new era in Remote Sensing.
The differences between VHSRSI and images obtained by other satellites are essentially related to their very high spatial resolution. Nevertheless, their shorter revisit time (i.e. higher
temporal resolution) is another characteristic that can be advantageous for some applications, e.g., Precision farming (v), urban/suburban infrastructure and socio-economic attributes
(ver artigo) (Jensen and Cowen, 1999).
Although VHSRSI have been widely exploited in diverse fields of applications, as it was mentioned above, thematic cartography still remains the main research area (vi; vii; viii). Regarding the small features (roads of various types, sidewalks and buildings) available in VHSRSI,
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authors (ix, x) have conducted several studies with IKONOS data for urban land cover mapping. Sousa et al. (xi) applied VHSRSI potential to extract detailed information, like dimension
of treetops species. Laliberte et al. (xii) have conducted a multi-temporal study for measuring
shrub and grass cover dynamics in the southern New Mexico. This study covered the period
of 1937 to 2003 and used aerial photographs of 1996, and a QuickBird satellite image of
2003.
A drawback of modern satellites is their low spectral resolution. For certain applications this
characteristic can be disadvantageous (xiii). Comparing the Enhanced Thematic Mapper Plus
(ETM+) sensor from Landsat 7 (30m spatial resolution) with the IKONOS sensor (4m spatial
resolution), a decrease of spectral resolution from 7 to 4 bands and an increase of radiometric resolution from 8 to 11 bits is verified (xiv, xv). If on the one hand, the increase of 8 to 11
bits can be considered an advantage of IKONOS in relation to Landsat (xvi), on the other
hand the loss of the middle infrared band can be considered an enormous disadvantage. This
band can be determinant for the vegetation characterisation (xvii).
In this paper we describe the spectral richness contained in VHSRSI at a pixel level, however
the main goal is the characterization of vegetation cover, in particular the distinction of Maritime Pine (Pinus pinaster) and Eucalyptus forest species. Therefore we propose: 1) the development of a nomenclature adapted to these images, 2) a detailed spectral separability
study of the classes defined in this nomenclature, 3) an evaluation of different classifying algorithms and finally; 4) an assessment of the classification map obtained with the best classifier.
STUDY AREA AND DATA SET
This study focused on different regions of Portugal with the objective of encompassing the
different Portuguese landscape patterns and in order to include a wide variety of forests species. For this reason, three IKONOS images were acquired over Portugal mainland (North,
Centre and South). The date of acquisition of the images was 9th of April of 2004, 3rd of July
of 2004 and 6th of April of 2004 for Centre (study area 1), North (study area 2) and South
(study area 3), respectively. For each date of acquisition, four wide spectral bands (4m spatial
resolution) and the panchromatic band (1m spatial resolution) were provided.
To assist the samples collection, performed by visual interpretation, pan sharpened images
were used. However, the separability study and classifications were performed over Multispectral bands.
METODOLOGY
Given the very high resolution of IKONOS Multispectral data (4 m), the methodology developed in this study was based in surface elements (e.g., water, crown, shadow) instead of
landscape units (e.g., Lake, Forest, Urban). Landscape units are not perceptible in a pixelbased classification.
Because the objective of this study is to distinct between forest species, all non vegetated
elements, with exception of “Water” and “Shadow”, were aggregated in a single class named
“Non Vegetated Area”. In respect of vegetated classes they were discriminated as much as
possible.
A stratified random sample was performed in each image based on the visual interpreted surface elements. A separability study, using scatter plots and the Battacharya-Distance (Bdistance) was performed with the acquired samples. Then, these samples were divided randomly in two sets. The training set, used for assisting the classifiers, and the test set used as
reference in the accuracy assessment of the classifiers.
Based on the previous test samples, the best classifier was selected. This one was then used
for the production of the final maps. To validate these final maps a new sample set was col-
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lected. This new sample set was collected also according to a stratified random sampling,
with 100 samples per class.
Training and testing sampling design for classifiers
One of the problems that outcome from the utilization of supervised classifiers is related with
the biasing of training sampling process. For many reasons a random sample process is not
always used for samples selection. On the one hand a simple random sample process could
lead to an incorrect representation of some classes, or to a bad spatial distribution of them
(xviii). On the other hand, a random stratified process needs information related to the entire
image that is sometimes inexistent in this stage of the process.
In order to reduce the intrinsic subjectivity of manual selection of training and testing samples
the following methodology was carried out: 1) a visual analysis of the images allowed the
definition of the classes of interest, 2) in each image, about 25 polygons representing each of
the classes of interest were edited, 3) random stratified sampling with a pixel sample unit was
performed over these polygons. In each polygon 5% of the pixels were sampled. From this
process, approximately 300 samples have resulted for each class. However, the shadow
class was only represented with 100 samples due to the small proportion of area occupied by
this class. However, this value is sufficient for a good representation of the class (xix). Regarding the fact that the stratification has been done with classes of interest instead of surface elements, it was sometimes necessary to move the chosen pixel to the nearest surface
element. For example, a pixel of eucalyptus forest may contain crowns, herbaceous vegetation, bare soil, and shadow. Thus, a pixel belonging to a polygon of eucalyptus forest does
not necessarily represent the surface element eucalyptus crown. In the subsequent step the
sample set was randomly split in two (with the same size), one for training and another for
testing of the classifiers.
Spectral separability study
Scatters plots are one of the methods that can be used to assess separability of land cover
classes and therefore to predict classification results. Thus, their analysis for each image
have permitted to eliminate some outliers in order to tune spectral discrimination of classes.
Besides scatter plots it is frequent the use of others separability methods (xx) like Battacharya Distance and Transformed Divergence. Many studies like the ones performed by
Herold et al. (xviii) and Wang et al. (xxi)have used the B-distance as a separability measure.
This measure presents two advantages. The first is being in close relationship to the probability of accurate classification, and the second is to possess an unlimited dynamic range for
high-dimensional datasets (Herold et al., 2003). The B-distance ranges from 0 to 2 (0 indicates complete overlapping, 2 indicates total separability and values above 1.9 indicates
good separability) (xxii).
Classification
Image classifications were performed with Maximum Likelihood and Minimum Distance algorithms. These classifiers are available in most commonly used software’s. These have demonstrated satisfactory in numerous studies (e.g., xxiii, xxiv, xxv).
The land cover classifications, with both classifiers, were performed using the same training
and test data sets. This was done in order to select the best one. Six maps (3 images x 2
classifiers) have resulted from this procedure. For accuracy assessment, overall accuracy
and producer’s and user’s accuracies were calculated.
Maps accuracy assessment
A statistically valid sampling collection, like probabilistic sampling (used in this study), is absolutely necessary to extrapolate accuracy results to a map. This probabilistic sampling
method requires that all probabilities be greater than zero and that the inclusion probabilities
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must be known (xxvi). The training and testing sampling design, used for the classifiers, described in the section above, isn’t adequate to assess the accuracy of final maps because
pixels not included in the polygons of interest can be excluded from sampling (xxvii). Therefore, another sampling set was produced. For this latter one, was performed a stratified random sampling over the mapped land cover classes with a pixel-sampling unit. The samples
were composed by 100 pixels per class to ensure a confidence interval of 5% (xix). All stratums resulted from the maximum likelihood classification map.
The reference data for accuracy assessment of the final maps, performed by visual interpretation, used the nomenclature developed for this study (11 classes for study area 1, 9 classes
for study area 2 and 3). In order to reduce the error originated by assigning a unique class for
the reference data, it was decided to use another labelling scheme. This one considered the
existence of two possible classifications for each pixel. Every pixel was considered correctly
classified if it matched one of the two classifications.
The procedures of analysis and estimation of maps accuracy were based in probabilistic confusion matrixes, where a set of accuracy parameters can be derived. Probabilistic overall accuracy and user’s and producer’s accuracies are an example (xxviii). These matrixes present
more realistic results because we can derive specifics and overall accuracies, to all population (study area) just knowing the proportion of each class within it (xxix). From the construction of these matrixes we can calculate confidence intervals for the indexes mentioned before.
RESULTS & DISCUSSION
Spectral separability
The surface elements within the three study areas are much alike. The main differences are
due to the Portuguese land cover characteristics that, among other situations, makes absent
or present some classes for different study areas. For example, the image corresponding to
study area 1 present’s large areas of new plantations of Eucalyptus, thus the surface element
New Plantation was considered as a land cover class. Similarly, the Burnt Area class was
included only in the nomenclature of study area 2 since an enormous fire affected it. The Water class was differentiated due to reasons that are explained further ahead in this paper. In
the figure 1 are shown the ellipses of each class projected in scatter plots (near infrared and
red bands), for the three study areas.
The large size of the ellipses of Non-vegetated area and Herbaceous vegetation classes is
due to the large variety of elements that these classes encompass. Non-vegetated areas include all kind of urban materials, e.g. asphalt roads, gravel roads, metal roofs, and zinc roofs.
Herbaceous vegetation includes all kind of agricultural land, herbaceous natural vegetation
and pastures, which explains the large size of the ellipse. Although we know that the water
does not reflect in the infrared wavelength, we may verify an unexpected spectral variety on
this class. In study areas 1 and 2 that evidence can be explained by the sun glint effect. This
effect is due to sun specular reflection in troubled waters (xxx). The same situation is verified
in study area 3, but the reasons are different. They are essentially related with the different
depths of agricultural watersheds. For this reason we preferred to classify the water class as
deep water and low deep water.
Looking at figure 1 we conclude that the very high spatial resolution of IKONOS data is not
sufficient for the discrimination of some classes. This is the case of the new plantations of
Eucalyptus that is impossible to separate from Cork Trees. In fact, the crown of young Eucalyptus is smaller than an IKONOS pixel. Therefore Eucalyptus crowns with bare soil constitute
mixed pixels that fall within the same spectral space occupied by the Cork Trees. Because
most of the spectral overlapping occurs among forest species, is expected that classification
results will not be very satisfactory in these classes. Regarding the results of B-distance, we
verify that the biggest value (2.0) occurs between water classes and vegetation within each
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Figure 1: Coloured ellipses in scatter plots representing all classes from each image. a) zone
1;b) zone 2; c) zone 3 and d) legend.
image. The minimum value (0.6) in study area 1 has occurred between Cork trees and new
plantations of Eucalyptus, as expected from the observation of the scatter plot in figure 1a.
Identical results were obtained between Maritime Pine and Eucalyptus (1.1) in study area 2,
and between Cork Tree and Herbaceous Vegetation (1.2), in study area 3. It is equally
worthwhile noticing which forest tree species present good separability (> 1.9). Thus, starting
with the study area 1, we verify that Stone Pine presents values of good separability between
Maritime Pine and Cork Tree. On the other hand, Eucalyptus is only separable from Stone
Pine. In study area 2, the values of good separability are only verified between Maritime Pine
and Other Broadleaved Trees. Finally in study area 3, good separability values are verified
between Cork Trees, Stone Pine and Eucalyptus.
Classifiers accuracy assessment
In Table 1 are shown the overall accuracy results obtained for the two classifiers in every
study area. The superiority of maximum likelihood classifier is evident in all study areas. Although the classification results attained with the maximum likelihood classifier are good, it
should be noted that the testing and training samples are similar, i.e. the acquisition of samples for training implies that they have to be representative of the classes we want to classify
and heterogeneous pixels were never chosen for that purpose. Thus, it is expectable that
these results are over estimated and do not represent reality as it is.
Table 1: Overall accuracy to Minimum Distance (MD) and Maximum Likelihood (ML) classifiers for the three study areas.
Overall accuracy (%)
MD
ML
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Study area 1

Study area 2

Study area 3

80.90
91.06

70.14
84.71

87.6
96.68
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Accuracy assessment of thematic Maps
The level of agreement between the reference and the map is the purpose of accuracy assessment. When the objective is the classification of an entire map, the sampling design protocol must be defined considering that any pixel, even if heterogeneous, can be chosen for
reference. Moreover, reference data like these, i.e. based on a random sampling process,
allow for the calculation of Probabilistic Indexes of Accuracy. These indexes provide accuracy
values for the confusion among classes according to the proportion of area that each class
occupies in the map. In table 2 we present the overall proportion of area correctly classified in
the three study areas.
Table 2- Overall proportion of area correctly classified in the three study areas achieved with
the maximum likelihood classifier.

Overall accuracy (%)

Study area 1

Study area 2

Study area 3

64.33

61.62

63.24

Results show that by using a sampling reference that can include any pixel in the map,
agreement values decreases considerable. Additionally, results are also influenced if proportions of classes are taken into account in the confusion matrix.
In figure 2 are shown the results of user’s (a) and producer’s (b) accuracies for both classifiers in each study area. The relation existent between classes and numbers is the same used
in figure 1d).

Figure 2 – User’s and Producer’s accuracies for the three study areas computed with the
maximum likelihood classifier. Each colour represents a different area.
Considering the three study areas, we can confirm that classes with better user’s and producer’s accuracy are water, herbaceous vegetation and non vegetated areas, by decreasing
order. Not so good values correspond to forest species, excluding the producer’s accuracy of
Maritime Pine that achieved a good value. In opposition its user’s accuracy is the worst of all
classes.
The species Cork Tree is the only that presents different characteristics within the study area
where it occurs. In study area 1, Cork Trees crowns present dense foliage when compared
with Cork Trees of study area 3, which are almost nude. This fact explains in part the differences of producer’s accuracy of Cork Trees for those study areas.
CONCLUSIONS
Results indicate that the best classification performance for IKONOS images is obtained with
the Maximum Likelihood classifier.
All forest species occurring in Portugal were mixed with at least another forest species. Nevertheless, some pairs of species never mix between each other.
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This study has revealed that a correct definition of sampling design and validation procedures
is fundamental to assure a realistic evaluation of the resulting maps. Thus, different strategies
for accuracy assessment lead to different results.
Although, the overall proportion of the area correctly classified is identical in the three study
areas, the main errors fluctuate differently among most classes. This is due to the landscape
diversity of each study area.
Finally, the results of this study point to the need for further research. Better accuracies may
be achieved combining spatial with spectral information, e.g. contextual analysis.
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ABSTRACT
This study makes a contribution to the automated pixel based identification of tree species
and the age of forest stands with Quickbird imagery. The method used follows a hierarchical
knowledge based procedure developed for vegetation monitoring in the project SARA’04(i).
As the complex nature of very high resolution satellite data complicates the manual delineation of spectrally pure training areas for supervised classifications, a knowledge base is set to
automatically assign the training pixels for the following maximum likelihood classification.
The rules and thresholds for the knowledge base are derived from statistical investigations of
a forest area in Brandenburg/ Germany. The transferability of the knowledge base to forest
areas with similar natural characteristics is evaluated in other test sites in Brandenburg.
To achieve transferability the knowledge base does not refer to absolute pixel values which
are influenced by the conditions of illumination and date of acquisition, but uses synthetic
channels like ratios and indices which are more stable against these factors. As textural
measures perform strongly for the separability of forest parameters (ii) the knowledge base
also includes texture channels and a choice of Haralick features (iii).
The first results show a good separability of approximately 80 to 90% overall accuracy for the
tree species beech, oak, robinia, larch and pine. Additionally homogeneous forest stands can
be separated into age classes. The accuracy of the classification can be further improved by
the integration of additional data like soil maps or old habitat maps.
INTRODUCTION
The use of satellite imagery has already been common practice in forest monitoring for a long
time. The increasing geometric resolution of satellite images opens up new possibilities but
also requires different methods of interpretation. With a geometric resolution of approximately
0.6m in the panchromatic channel and 2.5m in the four multispectral bands, Quickbird is the
satellite with the highest geometrical resolution available at the moment and its spectral resolution is suitable for environmental applications.
Especially the regional Nature Conservation Administration in Germany is in need of efficient
procedures to cover the requirements for large-area monitoring tasks to comply with the
guidelines of the EC Habitat Directive. In this context the interpretation of very high resolution
satellite data could be a time- and cost-efficient alternative to the commonly used CIRairphoto interpretation.
As environmental surveys require standardized, objective and repeatable proceedings, the
implementation of a knowledge base is especially suitable for this task. The use of knowledge
bases and additional data has proved to increase the accuracy and number of separable
classes (iv), (v).
The main intention of this study is to evaluate the potentials of knowledge based classifications for Quickbird-data in forest monitoring tasks.
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METHODS
The main study area is the ‘Koenigswald’, a forested area near Potsdam/Germany, which is
dominated by pine forests as well as oak and beech stands. The main part of the approximately 1000 hectares covering study area is designated as ‘Site of Community Importance’.
The acquisition of the Quickbird scene is dated to the End of July in 2004. All statistical
measures are derived from this area.
The transferability of the knowledge base is tested on two other areas in the federal state
Brandenburg: ‘Potsdam/Wildpark’ and ‘Jueterbog’. ‘Potsdam/Wildpark’ resembles the
‘Koenigswald’ in terms of natural conditions and date of satellite-data acquisition. ‘Jueterbog’
is a former military training area which is still not accessible to public. Pine, oak and birch
woodlands with a sparse canopy cover are left to natural succession. The satellite scene was
captured on approximately the same date but one year earlier in 2003. The off nadir view
angle of 14.6° is distinctly higher than in the study areas in Potsdam (5.6°).
The ground truth data is mainly gathered from the ‘Datenspeicher Wald’, an eastern German
forest inventory which contains area-wide information concerning habitat characteristics of
forested areas.
According to the interpretation key of Brandenburg, age classes are established depending
on their stem diameter and height. In order to keep them distinguishable, the 8 classes are
reduced to four classes. Concerning tree species, the five classes pine (pinus sylvestris),
larch (larix decidua), beech (fagus sylvatica), robinia (robinia pseudoacacia) and oak (quercus petraea and quercus robur) are separated.
The image pre-processing includes georeferencing, conversion to spectral radiance and a
resolution merge of the panchromatic and the multispectral bands (vi). Due to the lack of relief
in the study areas, the use of a digital elevation model is not necessary.
In order to minimize the influence of the atmospheric conditions and date of acquisition, the
classification does not refer to the original satellite data but uses relative values like ratios
and indices which are more stable against these factors. As texture has proved to be an important measure for the differentiation of forest parameters in several studies, texture is also
included into the classification process (ii). Therefore a large number of synthetic channels
are calculated (Table 1).
Since this amount of input channels is not feasible for image classification, statistical tests like
the discriminant analysis were used to evaluate which combination of synthetic channels provides the best results for the classification of tree species and age classes. Only this choice
of channels is used as input for the knowledge base and has to be calculated for every image
that is classified with this method.
In the next step, the thresholds for the different classes in the knowledge base were set up.
The 5th and the 95th percentiles of the mean pixel value in homogeneous stands were taken
as benchmark for the thresholds.
Table 1: Synthetic channels which were calculated for the evaluation
Calculated synthetic channels
all combinations of subtractions of two original channels at a time (IR minus Red, etc.)
all combinations of divisions (IR / Red, etc)
the NDVI
the four tasselled cap bands (vi)
the variance of all bands with different filter sizes from 3 to 11 pixels
the GLCM features Homogeneity, Contrast, Dissimilarity, Standard Deviation, Entropy, Angular Second
Moment, Correlation, and Mean for all bands
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Figure 1: Box & Whiskers diagram showing the distribution of the mean values of the infrared
minus green channel for the different tree species.
All these investigations have to be done only once since the resulting knowledge base is
supposed to be transferable to other Quickbird scenes.
Before the actual classification begins, all areas which are not forest are masked out. Shadow
areas are detected by a local minima filter and broadleaved and needleleaved species are
separated from broadleaved by means of the infrared minus green channel.
The complex structure of high-resolution satellite data makes a manual delineation of spectrally pure training areas difficult, thus, this procedure is automated. The automation is realized with the Erdas Imagine Expert Classifier and facilitates the use for monitoring purposes,
since it minimizes the editor’s influence on the interpretation and increases its transparency.
All pixels that can be assigned to a class by the knowledge base are marked as training pixels and are subsequently used for the signature extraction for the respective class. Undersized training areas are sieved out, since they are a major source of error. The spectral signatures of the training pixels show a mostly gaussian shape, which is a necessary precondition for the following maximum likelihood classification (see Fig.2).

Figure 2: Spectral distribution of pixel values for the classes ‘pine/ young’ and ‘pine/ middle
aged’ in the Correlation channel
Using these spectral signatures, the synthetic channels undergo a fuzzy maximum-likelihood
classification with two classes, which assigns the remaining unclassified pixels to a class. The
result passes through further treatment. On the basis of the fuzzy distance picture, single pixels and small groups of pixels with a relatively insecure category assignment can be grouped
to a more suitable class with a fuzzy convolution filter.
Classes that are not separable by spectral and textural means are likely to be better separable with additional data, e.g. soil data or digital elevation models.
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Figure 3: Original Quickbird Image (a), Trainingspixels (b) and Classification Result (c)
RESULTS & DISCUSSION
For the classification of the examined tree species a combination of 9 synthetic channels has
proved to be suitable:
Table 2: Combination of channels used for the classification
Synthetic Chanel
NDVI
IR – Green
Homogeneity Red
Correlation IR
Variance of Pan
4th Tasselled Cap Band
Standard deviation of red - green
Green - Blue
Red / Green

Main Separation Tasks in Knowledge Base
Broadleaved species from each other
Broadleaved from needle leaved
Young pine from pine
Age classes in general
Needle leaved coniferous, larch and broadleaved
Beech from oak
Beech
Robinia
Robinia from oak

For each polygon created through a visual habitat survey, the percentage of the single
classes can be calculated as shown in the following figure.
Until now accuracy assessment has been realized for homogeneous forest stands only but it
will be extended to mixed stands in the course of further investigation. For homogeneous
stands the majority of the classified pixels was calculated and compared to the classes of the
‘Datenspeicher Wald’ in an error matrix (Table 3).

Figure 4: Pansharpened image (a), Habitat survey polygons(b) and calculated percentages
from the classified image (c)
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Table 3: Error matrix for tree species in the study area ‘Koenigswald’. Reference data in columns, classification data in rows. Overall accuracy 0,9.

Pine
Larch
Beech
Robinia
Oak
Sum

Pine
60
0
0
0
0
60

Larch
0
5
0
0
0
5

Beech
0
1
3
0
4
9

Robinia
0
0
0
6
5
10

Oak
0
0
0
1
24
25

Sum
60
6
3
7
32
108

If old biotope data or similar information is included into the knowledge base, e.g. if only such
pixels which are assigned to the desired category in habitat surveys are used as training pixels, the overall accuracy can be increased to 0.95. Especially the relatively difficult differentiation of oak and robinia can be clearly improved. Including soil data does not improve the outcome any further, since the claim of habitat characteristics of both species does not differ
distinctly enough.
Investigations concerning the age of forest stands had to be limited to pines since the other
tree species were not available in a sufficient number of stands in the study area. The most
important band for the differentiation of pine age classes is the GLCM correlation in the infrared band. The assignment of age groups using the knowledge base can easily be performed
and provides good results. Mistakes in the assignment mainly occur with pixels close to the
border to the next age class. These mistakes can mostly be corrected with GIS operations.
The values show a constant increase until the age of 80 years (Fig.5) Older pines are
scarcely present in the study area. Deciduous species also showed clear changes with age
but as the number of stands was too little, statistic values for the knowledge base could not
be derived in this study.
0,450

GLCM Correlation Infrared

0,400
0,350
0,300
0,250
0,200
0,150
0,100
0,050
0,000
-0,050

0

20

40

60

80

100

120

Age of Pine stand

Figure 5: Distribution of age in the IR GLCM Correlation for pine

Figure 6: Original Quickbird Image with NIR, R, G (a) and classified age classes for pine (b).
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The Knowledge base proved to be transferable to the study area ‘Potsdam/ Wildpark’ without
any manual adjustments whereas a transfer to the study area ‘Jueterbog’ showed poor results. Especially the NDVI and tasselled cap thresholds cannot be transferred from June to
August or from dry to damp years/months. The impact of different degrees of canopy cover
on the texture measures is high and needs to be considered separately in the knowledge
base.
CONCLUSIONS
Knowledge based classification with automated signature extraction is a good method with a
high potential for forest monitoring tasks. The use of knowledge bases and additional data
increases the number of separable classes and leads to better results than simple supervised
or unsupervised classifications.
A major problem is that classes which are not considered in the knowledge base will introduce mistakes into the classification. For example acer which is not present in the knowledge
base at the moment would be correctly classified as deciduous species, but would than be
grouped to the class of oak. However, new classes can easily be added to the knowledge
base.
Usually most pixels that are assigned as training pixels are classified correctly and only a
negligible minority is misclassified. Mistakes occur when classes appear in the knowledge
base but not in the image to be classified. In this case, all pixels that are defined as training
pixels must be misclassified and the spectral signature of this class is senseless and could
interfere with other classes in the classification.
The filter sizes which are necessary for the texture extraction cause falsification on the edges
and make classification of single trees impossible.
The transferability of the knowledge base is only given, when the conditions of the classified
image do not differ too much concerning date, climate, percentage of canopy cover and the
off nadir angle of the scene. The degree of forest damage should also be integrated into the
process.
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ABSTRACT
This paper deals with the use of QuickBird images for the identification of features linked to
ancient transformations the landscape induced by human activities. The investigation was
performed on Metaponto, one of the most important archaeological sites in the South of Italy.
The analysis was focused on the identification of ancient land divisions related to the Greek
colonization age. The obtained results showed that the use of QuickBird images enables the
detection of the archaeological features linked to buried remains with a high level of detail.
INTRODUCTION
The importance of applying space technology to cultural heritage and archaeological research has been paid great attention worldwide, mainly because, nowadays, high resolution
satellite data such as, IKONOS (1999) and QuickBird (2001), are able to match with aerial
photogrammetric surveying images. Actually, QuickBird is the commercial satellite that provides the highest spatial resolution images from both panchromatic and multispectral sensors
with resolutions of 61-72cm and 2.44-2.88m (depending upon the off-nadir viewing angle)
respectively. Satellite QuickBird imagery could open new perspective in the field of archaeological investigations (i,ii,iii).
One of the main advantages of satellite QuickBird data compared to aerial photos, is the possibility of exploiting the multispectral properties of the data. The spectral capability coupled
with high spatial resolution can make the VHR satellite images a valuable data source for
archaeological investigation ranging from synoptic view (i.e. from landscape archaeology) to
small details (i.e. single subsurface building).
However, the high spatial resolution poses a serious challenge in the feature extraction. To
obtain maximum benefit from the recently available satellite data sources extensive researches are needed to improve data analysis and tools for the extraction of spatial and
spectral information. In particular, feature extraction and analysis steps are of particular importance in the field of archaeological remote sensing since buried archaeological remains as
well as traces of ancient transformation of landscape tend to induce small spatial anomalies
characterized by small spectral signals. These small spatial and spectral anomalies can be
easily obscured by stronger signals emitted by earth materials (vegetation, soil, rocks, asphalts, concrete).
This paper deals with the use of QuickBird images for the identification of features linked to
ancient human changes of the landscape. In particular, the object of the investigation is the
reconnaissance of ancient land divisions. The study case is located in the Metaponto territory
in the South of Italy. The analysis was focused on the land divisions related to both ancient
Greek colonization and the Roman age.
METHODS
The Quickbird -based analysis adopted for the identification of superficial anomalies is shown
in figure 1.
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Both panchromatic and multispectral data were first investigated individually and then combined by using a data fusion algorithm. Data fusion technique integrates the geometric detail
of a high-resolution panchromatic image and the spectral information of a low-resolution image to produce a high-resolution multispectral image.
As in the previous works of the same author group, the methodological approach used for
analyzing the satellite Quickbird data is mainly based on data fusion and edge detection algorithms that are applied in order to better enhance and detect the superficial anomalies. Additionally, the satellite-based analysis is here enriched by edge thresholding and thinning algorithms that allow a refinement identification of the target.
1) Data fusion
Image fusion refers to the process of combining multiple images of a scene to obtain a single
composite image. The different images to be fused can come from different sensors of the
same basic type or they may come from different types of sensors. The composite image
should contain a more useful description of the scene than provided by any of the individual
source images. In the current cases under investigation, the QuickBird panchromatic and
multispectral images were fused by using a data fusion algorithm that was specifically developed for VHR satellite images (iv). This algorithm exploits a method based on least squares
for founding the best approximation between the fused image bands and the original data.
This obtains the maximum increase in detail coupled with a minimum distortion. This algorithm has been adopted by Digital Globe and it is also available in a PCI-Geomatica routine.
2) Edge detection
In order to emphasize the marks arising from the presence of buried structures, an edge detection algorithm was applied to data fusion products. The edge detection was performed (v)
by applying a multiscale approach based on the scale-space theory that uses Gaussian
smoothing kernels. The selection of scale was undertaken keeping in mind that, in our case it
was necessary to focus on structures having small sizes and signal amplitudes as expected
in the case of surface anomalies due to buried walls, buildings and roads.
3) Edge thresholding
In this study, histogram-based thresholding was used to produce a binary image, in that all
edge elements have value one. The threshold is not an absolute one, but an upper percentage from the cumulative distribution function of the edge detection filtered image.
4) Edge thinning
Thinning algorithms are used on binary images to generate skeletons that preserve the same
connectivity structures as the objects in the original images. Thinning is a pre-processing operation of pattern recognition since a thinned object is easier to trace and hence is easier to
recognize. Generally, a thinning algorithm is used to erode an object, layer by layer until only
a unit-width skeleton is left.
In the present study case, the fast parallel thinning algorithm by (vi) was used. Such an algorithm was selected because it preserves the merits of the original, such as the edge noise
immunity and good effect in thinning crossed lines. It also overcomes weaknesses such as
the serious shrinking and line connectivity problems. A 3x 3 pixel window size, shown in table
is used, as previously, in the edge detection step.
5) Line extraction
Using visual inspection, we only considered regular pattern anomalies because the presence
of geometric features, being quite rare in nature, generally provides useful information for the
identification of signs indicating ancient human activities.
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Finally, the last step of the adopted procedure is the reconnaissance and interpretation of
marks. This is a very important task that is performed also using additional information, such
as the traditional cartography and/or field survey etc.. This facilitates the elimination or at
least reduction of the potential coarse errors linked to the presence of road networks, bridges,
pipeline etc. that can also be detected by the edge identification procedure.

Figure 1 flow chart of the procedure adopted for the identification of archaeological marks.
RESULTS & DISCUSSION
The study area is the archaeological site of Metaponto. It is located between the Basento and
Bradano rivers, near the Ionian sea, in the Southeast of the Basilicata Region (see figure 2).
It is one of the most important archaeological areas in the South of Italy.
The several archaeological campaigns (vii, viii, ix, x, xi) stated that human presence since mid
8th century B.C. was when Metaponto was founded by Greeks coming from the Acaia region. Between the Greek colonization (700 BC-200 BC) and the Roman age (200 BC – 400
AD) the territory was characterized by an intensive use of the soil as revealed by the several
rural sites that can be observed by surface surveys and excavations, and also by the presence of an extensive system of parallel land divisions. In particular, these lines are thought to
have been a network of country lanes or drainage canals. The satellite-based detection of
these land divisions is the main objective of our analysis.
The detected land divisions are close to the Archaeological Park of Metaponto that includes
(see A in figure 3a-b) four temples built between the 6th and 4th century BC, the agora
(namely market place) and a theatre dating back to the second half of the 4th century (see,
respectively 1,2 and 3 in figure 3a). The areas under investigation were mainly covered by
weeds, such as Eruca sativa, Cichorium intybus, Agropyron repens.
The satellite analysis was carried out by using QuickBird images (Catalog ID
1010010003314001) acquired on August 22nd 2004 with an off nadir view angle of 2 degrees
(see table 1).The reconnaissance of land divisions was performed by analyzing the results
obtained from the edge detection algorithm applied to both single channels and data fusion
products. The best results were obtained from panchromatic, NIR channel images, and NDVI
(obtained from the following formula: NIR-RED/NIR+RED) maps. However, the Blue, Green
and Red channels did not show any regular features of archaeological interest. The results
obtained from the edge detection algorithm applied to data fusion products substantially
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Figure 2. Study area location.
agreed with those found from the NDVI and spectral channels processed at their own spatial
resolution. In this case, the main advantage of using data fusion products was the increased
spatial resolution that provided a more accurate detection of the marks.
The detected anomalies are the typical marks induced by the presence of vegetation that, in
this case, is mainly composed by weeds. Such anomalies, indicated respectively as B and C
in figure 3a-b, are evident in the east and southeast parts of the Archaeological Park. In particular, for the B area, the weed-marks related to land divisions are not visible by using the
panchromatic image. They are only delineated (see, figure 3b,d) by using NIR channel images (both single channel and NIR data fusion product). The use of NDVI map (figure 4)
makes such marks more evident. There are seven rectilinear features: six of these features
have an orientation of 55°-60° West of North (that are distanced from each other by about 35
to 54 m) and one is orthogonal to them.
For the C area, the weed-marks are visible using only panchromatic and NIR images (figure 3
a-d). Here, there are 6 rectilinear features with an orientation of 50°-55° West of North that
are distant each other approximately 46 to 48 m.
The fact that the same kind of archaeological mark exhibits different spectral features, can be
linked to the different surface characteristics observed for the two investigated areas. Both of
them were covered by weeds (such as Eruca sativa, Cichorium intybus, Agropyron repens ),
that were dry at the end of summer when the satellite images were acquired (August, 22nd
2004). However, area B (see Figure 3) had a more packed weed cover compared to that present over area C. Therefore, for area B the reflectance variations induced by the presence of
buried archaeological deposits are stronger than those observed for area C. These variations
are remarkably emphasized by the NIR band and NDVI map (see figure 3b,d and 4,); thus,
showing the high potential of multispectral Quickbird data. This makes them ideal for investigations on a regional scale as well as for research performed in areas where aerial photography is restricted because of military or political reasons.
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Figure 3. QuickBird images. (a) Panchromatic image: letter A denotes the Archaeological
Park, B and C indicate the areas in which crop marks were detected; (b) NIR data fusion
product; (c) panchromatic image with survey of weed-marks related to land divisions in area
C; (d) NIR data fusion product with survey of weed-marks related to land divisions in area B
and C.

Figure 4. QuickBird NDVI map (a) and the archaeological features detected (b).
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CALCULATION OF SEWAGE CHARGE BY MEANS OF HIGHRESOLUTION SATELLITE DATA ANALYSIS: A CONCEPT FOR THE
CITY OF TÜBINGEN
Hans-Joachim Rosner, Volker Hochschild, Marion Martin, Konrad Hentze and Felix Bachofer
University of Tübingen, Department of Geography, Tübingen, Germany, Rümelinstr. 19-23,
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SUMMARY
The objective of the presented study is about to estimate the currently sealed urban area in
the city of Tübingen (SW-Germany) for the calculation of sewage charges. It is to be carried
out by analyzing remote sensing data obtained from the QuickBird satellite. Using data fusion
techniques and an object oriented approach, it is correlated with ground control data as well
as digital orthophotos, Leaf Area Index (LAI) measurements and laser scanning digital elevation model (DEM) data. The information gathered is calibrated by ground truth data from field
mappings within three test sites (industrial area, historic district, housing area). Finally the
data are integrated in a cadastral GIS database for the calculation of the individual sewage
water fees.
INTRODUCTION
The sewage charge in Tübingen is currently calculated based on the amount of domestic water consumption. The charge per litre, which is the same for every user, takes into account
how much waste water but not how much precipitation water runs into the local sewage system. This implies that households which consume the same amount of water and produce the
same amount of sewage have to pay the same charge. However, very different amounts of
rainwater runoff flow into the sewage system from ground plots with different sealing rates.
One of them may be a parcel with a high percentage of sealing, a paved parking lot or tennis
court, feeding much drainage water into the sewage system; one may be a same-sized parcel
with a very small percentage of sealing like an allotgarden. As the total cost of the sewage
system and sewage plants is heavily influenced by the total amount of sewage, looking only
at the water usage is highly unjust. To facilitate a fair charging it is necessary to split the sewage charge for each household up into one for waste water and one for rain water. So everyone pays for what he or she creates.
Because of a decision of the Bundesverwaltungsgericht (highest administrative court) 26th
January 1973 (i) the sewage charge for rainwater has to be calculated by the sealed area per
parcel, if the costs for rainwater are more than 12 % of all water disposal costs in the municipality. As there are several thousands of households and business enterprises in most cities,
the process of calculating this split sewage charge needs to be automated.
DATA
A combination of QuickBird data, digital orthophotos, LAI-measurements as well as field
measurements and GIS-records of the city of Tübingen on parcels and buildings are used for
this study.
The multispectral QuickBird data with a resolution of less than one metre result from a recording by the end of July, 2006 and give authentic information about vegetation propagation
in the city at their maximum.
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Additionally, two digital orthophotos recorded in 1998 are used. Unfortunately the images and
the satellite data are not recorded simultaneously, however their ground resolution of 25 cm
form an important aid to further improve the accuracy of the data. As central Tübingen still is
strongly affected by medieval architecture and its fine-structured parcelling, this supplemental
data will be very useful.
LAI measurements were carried out simultaneously during the recording of the satellite data.
These measurements should serve among other auxiliary data to evaluate the ground cover
or screening by leafy trees.
These recordings being done with HemiView equipment should assist with the evaluation of
ground cover or screening by leafy trees. To serve as a reference, the sealing type and sealing degree of different test sites within the city were mapped concerning their sealing degree
using large scale land register maps.
METHODS
To reach a realistic estimation about the sealing degree of different urban plots a false colour
composite will be derived from geocoded and radiometrically corrected QuickBird data. On
the one hand this will give first informations about the vegetation distribution (Fig. 1). On the
other hand this information will be supplemented by the calculation of a normalized difference
vegetation index (NDVI). Shadow effects, which are frequent in urban areas, are depending
on season, daytime and orbital angular altitude. They will be recognised using a digital elevation model derived from laser scanning data of the city of Tübingen. To further enhance the
results of the calculation of the urban NDVI will be calculated only on the urban city area. This
information will be compared with LAI-values, which will be gained by ground measurement
using HemiView equipment (Fig. 2).
The data will be applied to three test sites within the city of Tübingen, an industrial area, a
historic district, and a housing area, where ground truth data of different sealing types and
values were collected (Fig. 3).
To improve the accuracy of the data, digital orthophotos are used for pan-sharpening. The
high resolution of the remote sensing data severely complicates a pixel-based evaluation
strategy. Therefore we use an object-oriented classification approach to derivate local sealing
rates. We expect this will enable us to classify of the various ground cover types like concrete, cobblestone, gravel, grass and others types of ground cover. Finally these results will
be applied for a classification of the whole city area. Using the remotely sensed data and the
ground measurements we will be able to determine ground cover and sealing types for the
complete city in plot-accurate manner (Fig. 4).

Figure 1: NDVI of the city of Tübingen. Bright areas have a high NDVI, dark areas are sealed
or water bodies.
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Figure 2: LAI-measurement of a tree within the city of Tübingen.

Figure 3: Example of the ground truth data in the housing area Derendingen in Tübingen.
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Figure 4: Flowchart with used data, working process and aim of the study.
Nevertheless are we confronted with some difficulties: Frequently there are parts of the
sealed area, which will not be visible on remotely sensed data, because they are covered by
trees or vehicles which overcast the real ground cover types. Therefore, it could be classified
falsely when deriving from remotely sensed data: grass - screened by a sunshade - reduces
the amount of precipitation being disposed of into the sewage system (false positive); a paved
parking lot concealed by trees is sealed (false negative), even though interception of precipitation by the trees might reduce the error introduced in this case.
One possibility to minimise this problem is to use two different images. One image should be
from summertime, when vegetation will be developed to full extent. The other image should
be recorded during winter or early spring time, when leafs will not be developed and it is possible check the real ground cover.
EXPECTED RESULTS
For the calculation of the individual sewage water fees, all the data are integrated in a cadastral GIS. The remotely sensed data provide the information on at least five sealing classes.
The cadastral data enables a connection between the sealing rates and the parcel information. The waste water from households will be calculated based on their fresh water consumption, the amount of sewage water from average rainfall multiplied by sealing rate and
sealed area. In case of objection to the official notification of the fee, this will be checked in
the field. The methodology applied here is promising compared to estimations using airborne
images, since it enables the determination of the sealed area of each plot frequently, if required once a year (Fig. 5).
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Figure 5: Different sealing rates (estimated by the time).
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SUPERVISED CLASSIFICATION USING AERIAL PHOTOGRAPHS
AND LIDAR DATA
Juho Lumme
Helsinki University of Technology, Department of Surveying, Espoo, Finland;
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ABSTRACT
Digital cameras are becoming common for aerial photography. They have better radiometric and spectral resolution than film cameras. Besides, their ground resolution and
geometric accuracy are good enough for most applications. LIDAR instruments have
been developed rapidly over past years. Surface model from the object can be determined exactly using LIDAR data and vegetation coverage or weather conditions are not
generally a problem. There are a lot of applications where aerial imagery and LIDAR data
are used together and in future they are probably going to fuse into one instrument.
Several advantages in object interpretation are gained when LIDAR data is combined
with aerial imagery because both reflection properties and geometric information are observed. The purpose of this work is to classify test area and improve classification results
using both LIDAR data and digital aerial photographs. The goal is to find the best working
feature sets including spectral and geometric information.
Finnish Geodetic Institute enforced aerial measurements at Espoo in southern Finland
using air-borne laser scanner and digital aerial camera. Small test area contains mainly
urban area and mixed forests. Laser scanning was made using Optech ALTM 2033 instruments in June 2004. One flight line was flown several times and the point density was
over 10 points per square meter. Aerial images were taken using Vexcel Ultracam-D instrument which is capable of detect visual and infrared radiation. The flying height was
600 m and pixel size was about 20 cm.
Supervised classification was performed using general Bayesian learning. Training data
was gath-ered using field measurements. Before classification, separability measures between each training class were calculated using different feature sets that included spectral and geometric features, and finally the data was classified using approved features
and Bayesian classification. Separabil-ity measures calculated from the training data using spectral and geometric features showed that geometric information of LIDAR data
improved slightly class separability. The results after Bayes-ian classification using different feature sets were similar. Spectral and geometric features to-gether led to the best
results.
INTRODUCTION
Remote sensing has been recognized as an efficient tool for forest inventory (1). It allows
us to observe accurate and up-to-date data from large forest areas. Airborne laser scanners provide information about forest geometry and digital aerial cameras provide information about forest radiometry.
Usually, different wood species can be distinguished using several bands in the visual
and near infrared part of the electromagnetic spectrum. This is based on the fact that different species have characteristic spectral reflectance. However, the reflectance values
of two different plants are sometimes very similar. This leads to the problem that certain
vegetation classes mix together.
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Different wood species have different structure and geometry. Plants with similar spectral
reflectance may have different structure and geometric information of LIDAR instruments
can be used to improve classification results.
In this study, laser scanning was made using Optech ALTM 2033 instruments in June
2004. One flight line was flown several times and the point density was over 10 points
per square meter. Aerial images were taken using Vexcel Ultracam-D instrument which is
capable of detect visual and infrared radiation. The flying height was 600 m and pixel size
was about 20 cm.
Optech ALTM 2033 laser scanner data and aerial images of Vexcel Ultracam-D were investigated in this study and the main purpose was to combine two different data sets and
perform supervised classification using both spectral and geometric data.
METHODS
Test area
Aerial measurements with laser scanner and aerial camera were made at Espoonlahti in
Southern Finland ordered by Finnish Geodetic Institute. Small test area contains mainly
urban area and mixed forests.
Laser scanning was made using Optech ALTM 2033 instruments in June 2004. One flight
line was flown several times, and so the point density was over 10 points per square meter. Aerial images were taken using Vexcel Ultracam-D instrument which is capable of
detect visual and infrared radiation. The flying height was 600 m and pixel size was about
20 cm.
Table 1: Parameters of laser scanner data and aerial images.
Digital aerial images

Camera
Objective
Aperture
Exposure time
Flying height
GSD

Vexcel Ultracam-D
f = 101.4 mm
5.6
1/125 – 1/175 s
600 m
~20 cm

Laser scanner data
Instrument
Optech ALTM 2033
Flight altitude
600 m
Pulse frequency
33 000 Hz
Field of View
± 9 degrees
Measurement
2 per m²
density
Swath width
~185 m

Figure 1: Figure 2: A part of the aerial photo (left) and LIDAR height (above) and intensity
(below) data from first (left) and last (right) pulses.
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Field surveys
Terrestrial field photographs and other field training data were obtained during the summer of 2005 and they were used as a reference data for classification. Training area inventory included different man-made features and wood species. For example, Norway
spruce, Scotch pine and birch.

Figure 2: Field photographs from the study area.
Preliminary works
Geometric correction of aerial images
was made using PCI Geomatica software. Ground control points were
measured earlier by Finnish Geodetic
Institute. Laser scanner points were
converted to raster data and several
different laser feature images were
extracted. Laser feature images and
original aerial images were examined
that image features matched together.
Figure 3 shows several feature images:
1. Represents LIDAR point average calculated from 1. pulse
height data
2. Represents LIDAR point average calculated from last pulse
height data
3. Represents LIDAR point standard deviation calculated from
1. pulse height data
4. Represents LIDAR point standard deviation calculated from
last pulse height data
5. Represents LIDAR point average calculated from 1. pulse
intensity data
Figure 3: Laser feature images that were extracted from the LIDAR data.
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6. Represents LIDAR point average calculated from last pulse intensity data
7. Represents LIDAR point standard deviation calculated from 1. pulse intensity data
8. Represents LIDAR point standard deviation calculated from last pulse intensity
data

Figure 4: RGB composite images of extracted LIDAR images.
RESULTS
Separability measures
Forest classes in this study were Norway spruce, Scotch pine, aspen, alder and birch.
Separability measures between each class were calculated using the Bhattacharya Distance (2). Table 2 shows average separabilities calculated using 4 aerial image channels
and 8 feature images extracted from LIDAR data.
Separability measure results were slightly better when using LIDAR feature images together with aerial images. Generally, there were problems with deciduous trees. Their reflectance and geometry were similar and different species mixed together.
Image classification
Image classification was made using Bayesian algorithm. The area was classified into
the following different classes: road, dirt road, building, grass, sand, Norway spruce,
Scotch pine and birch. The classification was performed using two different feature sets.
The first classification was performed using 4 aerial image channels and the second
classification was performed using 4 aerial image channels and 8 LIDAR feature images.
Table 2: Average separabilities of forest classes: 0 < x < 1 (very poor separability); 1 < x
< 1.9 (poor separability); 1.9 < x < 2 (good separability).
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Average separability

4 aerial image channels

1.42

4 aerial image channels + 8 LIDAR features

1.68
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Figure 5: Classification result of the Bayesian algorithm and average and overall accuracies.
The average accuracy is the average of the accuracies for each class. Overall accuracy
is a similar average with the accuracy weighted by the proportion of test samples. Average and overall accuracies were calculated when data was classified using 4 aerial image channels and 8 LIDAR feature images. Average and overall accuracy was about 10
% better when both spectral and geometric features were used.
CONCLUSIONS
Separability measures proved that different wood species are easier to distinguish when
both aerial images and LIDAR data were used together. Results after Bayesian classification using different feature sets were similar. Spectral and geometric features together
led to the best results. Average and overall accuracies improved about 10 %.
REFERENCES
1

E Tomppo, 1991. Satellite image-based national forest inventory of Finland. International
Archives of Photogrammetry and Remote Sensing, 28: 419-424.

2

Haralick R, K Shanmugan & I Dinstein, 1973. Textural features for image classification. In:
IEEE Transactions on Systems, Man and Cybernetics, 3(6), 610-621.

291

Proceedings of the 2nd Workshop of the EARSeL SIG on Land Use and Land Cover

URBAN LAND COVER AND LAND USE CLASSIFICATION USING HIGH
SPATIAL RESOLUTION IMAGES AND SPATIAL METRICS
Ivan Lizarazo
Universidad Distrital, Department of Cadastral Engineering, Bogota, Colombia;
ilizarazo@udistrital.edu.co
ABSTRACT
In this paper, the author evaluates the results of applying two evolving classification techniques, decision trees (DT) and artificial neural networks’ back-propagation (ANN-BP), to obtain land cover and land use classes from Quickbird XS data combined with spatial metrics, in
a selected urban zone in Bogota, Colombia.
In order to improve the quality of the land cover classification, additional bands of texture and
edges were added to the spectral bands and tested. In summary, results using the new
methods did not surpass those obtained using the traditional maximum likelihood (ML) classifier. Nevertheless, the addition of one edge band rose the thematic accuracy of the classification compared to merely using the original spectral bands, no matter which classifier was
used.
The author also reports the attainment of good quality results when inferring urban land use
from land cover units’ composition and diversity bands derived from the previous classification. In the test, the application of ANN-BP and DT algorithms did lead to get more accurate
urban land use classes than using the ML classifier.
Spatial metrics seems to be an appropriate framework to describe and better classify urban
landscapes. Emergent classification techniques are very promising and need to be further
investigated.
INTRODUCTION
The new generation of optical multispectral sensors like IKONOS, QuickBird and Orbview-3 provide raw data
with a spatial resolution suitable for
urban land cover and land use classification. But higher spatial detail does
not mean higher spectral richness and
some limitations arise to get accurate
classes. On the classification of urban
land cover a major problem is to deal
with the spectral mixture of similar
physical materials present in different
land cover types (i). On the classification of urban land use the challenge is
to find the adequate contextual data
needed to infer classes that represent
a functional concept –the human activity that happens on the land- (ii).
In the work reported here a solution to
both challenges was proposed and
tested by: (1) adding an edge image to
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Figure 1: Study zone as seen from QuickBird satellite (color composite RGB321).
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the original image bands in order to separate
mixed land cover classes, and 2) obtaining and
using spatial metrics to infer land use types. Spatial metrics, also known as landscape metrics, is a
methodology suitable for describing land use
structures (iii, iv).
In this study, two alternative supervised classification algorithms -back propagation (BP) and decision trees (DT) - were evaluated and compared
with the traditional maximum likelihood (ML).

Table 1: QuickBird XS image specifications (v).
Band
Wavelength
Spatial
(n m)
Resolution (m)
Blue
450 – 520
2.4
Green
520 – 600
2.4
Red
630 – 690
2.4
Near
760 – 900
2.4
IR

METHODS
The source data are four spectral bands
composing a QuickBird-XS image –
spanning the visible and near-infrared
wavelengths- taken in February 2005. In
Table 1 the main characteristics of the image are indicated.
The study area is located in the northwest
of Bogota, the capital of Colombia, delimited
between
longitudes
φ1=74o07'20.77''W to φ2=74o04'41.18''W
and
latitudes
λ1=4o40'19.14''N
to
λ2=4o37'38.92''N, and covers about 2416
hectares. In Figure 1 a RGB321 colour
composition of the image is shown. It is
apparent the variety of land cover and land
use units existing in the zone.
In Table 2, the land cover classification
scheme is shown. In Table 3, land use
types can be seen. Both were defined
based on the Anderson’s classification
schema (vi). In Table 2, the graphic samples show that some land cover classes
have similar spectral signature and that
additional data is needed to be able to differentiate between them. In Table 3, it is
apparent that, in most cases, spectral information is useless to classify land use.
Therefore, a spatial metrics approach is a
suitable way to accomplish that task.
In Figure 2, the workflow used in this work
is depicted. This decomposition of the land
use classification process in three stages
has proven to be very useful in similar
studies as reported in the recent literature
(vii).

Table 2: Land cover classification schema
Code

Description

147

Asphalt road

148

Concrete road

181

Roof I (asphalt)

182

Roof II (asbestos)

183

Roof III (aluminiun)

184

Roof IV (clay tiles)

185

Roof V (glass fiber)

311

Grass

325

Bush

521

Water Body

731

Bare soil

Sample
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Table 3: Land use classification schema
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Code

Description

110

Residential single

115

Residential multiple

120

Commercial

130

Industrial

140

Transport Terminal

160

Institucional

171

Recreational open

174

Recreational roofed

190

Open space

Picture

Sample
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STEP

RESULT

Digital classification
of the multi-spectral image

plus edge image

Land cover classes

Analysis of composition and
spatial configuration metrics
describing land use
A set of suitable metrics

Proportion and Diversity of land
cover classes

Discovery and application
of land cover metrics based rules
to infer land use categories
Land use classes

A set of rules

Figure 2: Three-step workflow to obtain land-cover and land-use units.
RESULTS & DISCUSSION
Regarding the land cover classification, the neural network approach (ANN-BP) achieved a
global thematic accuracy of 79% whilst decision trees (DT) was 72%. The performance of the
maximum likelihood algorithm (ML) was higher than the emergent algorithms and accounted
to 82%. In either case, the addition of a Sobel edge band increased thematic accuracy
around 10%. The addition of a texture band derived from a panchromatic image did not improve the quality of the results.
In Figure 3, a visual representation of a selected zone of the land cover classification using
each approach is shown. It can be seen that the performance of the classifiers is similar. It
also may be stated that thematic accuracy is not good enough and that some confusion remains in classes with similar spectral signature.
On regards to the land use classification, ANN-BP algorithm global thematic accuracy was
84% while DT algorithm was 69% and ML algorithm only 42%, taking a training sample of
about 10% of the image size. When the sample was reduced to 5% - a most common figure-,
the accuracy decreased in a different amount for each classifier: it was 74% for DT, 65% for
ANN-BP y 40% for ML. The spatial metrics selected to take into account the spatial pattern
which characterizes land use structures were land cover percentage and land cover diversity.
In Figures 4 y 5, the bar charts show the ability of some proportion (percentage) metrics to
differentiate between different land use units. For space reasons only the grass percentage
(Figure 4) and the bush percentage (Figure 5) are shown. It is apparent than some land use
units have similar percentages of one specific land cover class and this means spatial confusion. Therefore, it is necessary to include the complete set of percentages in order to attempt
the separation of the units.
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(a) ML algorithm

(b) ANN BP algorithm

(c) DT algorithm

(d) QuickBird-XS

Figure 3: (a)(b) (c) Land cover classification using different algorithms, (d) true color composite.

Figure 4: Percentage of grass in each land-use unit
In Figure 6 (a), it is shown the urban land use classification attained using ANN-BP. In Figure
6(b) the sample training (5% of the total area) are delimited on the original image.
According to the results attained in the land use classification, it may be stated that: (1) the
spatial metrics selected in this study are capable to describe the land use to some degree but
not completely, and (2) the performance of each classifier has a dramatic influence on the
classification results. In regards to the latter statement, the decision tree algorithm achieved
the highest thematic accuracy. It is worth to note that this algorithm produces a set the rules
which is understandable by humans. The same cannot be said of the ANNs although their
rules may be re-used too.
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Figure 5: Percentage of bush in each land-use unit

Figure 6: (a) ANN-BP land use classification, (b) Land use training samples

CONCLUSIONS
Reported figures show that the accuracy of the urban landscape classification depends on:
(1) the algorithms’ ability to build decision rules capable to separate complex clusters, and (2)
the addition of non spectral data. But they also suggest that the key data – the cues that
human interpreters find in every image (ii) – are yet expecting to be extracted using digital
means.
In regards to that concern, the results of this study confirm previous investigations (ii, iii, iv,
viii) and show that the spatial metrics framework is very promising and that a more comprehensive investigation of the whole set of indexes is needed to better clarify its ability for urban
landscape classification in different socio-economical environments.
In author’s opinion next studies would benefit of including landscape metrics to classify both
land cover and land use.
In addition, as it has been noted before by experts (ii) it is worth to refine (or enhance) the
digital means currently used in remote sensing to derive landscape metrics from the image
data.
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ABSTRACT
Urban remote sensing research and model approaches predominantly focus on positive
growth patterns. In this paper, the phenomenon of a negative urban growth, in the following
named shrinkage, is under investigation. Selected pattern of the spatial process are initially
calculated by means of Landsat data for the City of Leipzig, Germany. Satellite imagery taken
from Landsat may provide reliable information assessing the different states of urban growth
when detecting its spatial expansion into the peri-urban surroundings. For the City of Leipzig
two satellite imageries were taken for the years 1994 and 2005 to find out the spatial development within the last decade. As spatial shrinkage is a phenomena that rather occurs in the
central parts of the city and on a larger scale a very high resolution colour-infrared data set is
integrated for a more detailed inner urban differentiation of urban structure and analysis of
buildings. Supplementary, to seek for drivers of the detected pattern, statistical data is investigated as urban growth and shrinkage and decline of population run and interact simultaneously. Using respective predictor variables such as fertility and life expectancy, migration and
residential preferences, a prototype model approach is presented to explain urban shrinkage
related to the housing sector simulating residential mobility, vacancy and demolition.
INTRODUCTION
The scientific background of urban shrinkage and demographic change in former industrial regions
Tremendously high dynamics of urban development where growth and shrinkage processes
occur at the same time can recently be observed in cities of many Northern American and
European countries. In this particular situation suburbanization going along with an expansion
of residential and commercial areas at the urban fringe is simultaneously observed and interacts with a declining population and a stagnating economy as a consequence of deindustrialization. In the last 50 years, about 370 cities with more than 100,000 residents have
temporarily or lastingly undergone population losses of more than 10%. In extreme cases, the
rate of loss reached peaks of up to 90% (Âbâdân, Iran). (i)
As a diverging development inner cities with their compact urban form suffer from declining
population density and are affected by an increase of residential vacancy as well as industrial
derelict land. As a result, such shrinking cities with expanding spatial land consumption have
developed an urban form that is far from being sustainable. Neither the paradigm of growthdriven development nor the well-established planning instruments are helpful in this situation.
This counter development can be the opportunity to minimize the amount of further land consumption, to develop a different inner structure of a shrinking city, and to redevelop urban
areas of residential vacancy and urban brownfields creating new open spaces or planning
densification projects. (ii)
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In the annals of history, the decline of cities is usually depicted as a catastrophic, exceptional
event (Atlantis, Troy, Pompeii, etc.), but an examination of the past 50 years shows a contrary
development. Shrinking cities are increasingly a lasting phenomenon. The increase in the
population of growing cities is significantly higher than the losses of the shrinking cities, but
the number of shrinking cities has largely increased. Between 1950 and 2000, the number of
shrinking cities has expanded by 330%, while the increase in the number of cities with more
than 100,000 residents has amounted to only 240%. Thus, despite all the expectations created by the scenarios of constant growth, the number of shrinking cities has increased faster
than the number of boomtowns.
Most shrinking cities in the last 50 years have been in Western industrial countries, especially
in the USA (59), Britain (27), Germany (26), and Italy (23) (iii). Since 1990, shrinking cities
have increasingly been found in former Warsaw Pact countries, like Russia (13), Ukraine
(22), and Kazakhstan (13). Between 1950 and 2000, there have also been an above-average
number of shrinking cities in South Africa (17) and Japan (12). But the centers of gravity of
this development have been in Europe and the USA. And this trend will increase, because in
the future Europe will hardly participate in worldwide population growth. In 35 years, only 10%
of the world's population will live in the Western world, and some countries must prepare for a
general decrease in population. (i)
Research objectives
These processes need to be followed-up upon in terms of their spatial fingerprint, and a more
detailed inner urban differentiation to support sustainable management decisions. The methodological approach is to develop an integrated monitoring system in which land use information and demographic data correspond on a certain scale (e.g. neighbourhood, statistical district, local district). When spatially linking the data we calculate if and how they correlate to
comprehend problems and interactions and to build scenarios for future urban development.
Set against this background, this paper analyses the chances and limits of urban monitoring
with remote sensing methods and modeling approaches to develop a concept explaining and
assessing urban shrinkage processes in their quantitative and qualitative dimension. First,
predictor variables for the new process quality of shrinkage in the areas of population, housing, urban land use pattern, are identified. Then response from urban planning will be integrated. It will then be discussed to what extend social science knowledge can be brought together with quantitatively based remote sensing methods and urban model concepts.
Methodologically it will be focused on the way shrinkage processes challenge existing monitoring and modeling approaches, why this shrinkage phenomenon demands both, updated
prognostic and observation instruments as well as procedures, and, last but not least, what
kind of methodological implications for the development of an urban monitoring and modeling
concept is required that includes shrinkage as an accepted urban development strategy.
To allow for a more detailed picture, the paper draws on empirical evidence from East Germany where dramatic shrinkage processes pre-dominate the urban presence and future alike.
Case Study: Leipzig, East Germany
The City of Leipzig is the focus of our investigation as it is one example for cities with negative demographic figures and a decrease in population going along with numerous economic
impacts. This negative demographic development is due to numerous facts: a dramatic decrease in birth rates to place after the reunification of Germany in 1990, an extreme loss of
inhabitants because of economic contractions going along with a job-driven out-migration to
other parts of the country, and a decline for inner urban population density due to suburbanisation processes. (iv)
More than a century ago the city experienced a period of vibrant growth from the 1870s to the
1930s, making it the country’s fourth city when it reached its population peak with more than
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700000 inhabitants. An artificial economic push was launched right after the German reunification had taken place in 1990 by institutional subsidies aiming at an attraction of capital and
investments into East German regions and cities. According to unemployment and outmigration these financial incentives led to high misinvestments and negative spatial consequences. As a concomitant of expired promotions of investments further suburbanization in
terms of new family housing constructions now is about to decline.
»

In consequence, apartments and houses fall vacant. Vacancy is no longer restricted to
uninhabitable housing but also to completely renovated buildings and building complexes.
The supply outweighs the demand even if, at present, household numbers still continue to
rise. Some residential districts exhibit vacancy rates higher than 30 %, few even exceed
50 % (own investigation).

»

This severely negative und unsustainable development brought up the discussion of
demolition. As a new strategy, a federal program of urban restructuring was launched (v).
It operates in terms of a guideline to organise and finance the demolition of overhang of
housing stock and revaluation of the remaining residential areas. Furthermore, it represents a scientific approach to deal with urban development under the conditions of nongrowth or stagnation, and shrinkage.

METHODS
Urban monitoring using remote sensing data
Mapping land use and its changes as well as other information taken from remote sensing
data satellite imageries were taken from the Landsat series. For 1994 a Landsat TM imagery
was available (21/07/1994) and for the year 2002 a Landsat ETM imagery was used dated
20/08/2002. For the City of Leipzig these two satellite imageries were taken to find out the
spatial development and structural changes within a very dynamic time period of spatial expansion and continuous population loss. In order to map land use a Maximum-Likelihood
classification was carried out for each imagery. The Maximum-Likelihood classification
showed an overall accuracy of about 85 % for the year 1994 and approximately 82 % for
2002 (vi).
When calculating the change detection for the two classifications the post-classification comparison method was taken to detect the highest part of land use changes (vii). Figure 1 shows
the spatial distribution of changed land uses and assigning from and to which class the
changes occur. Change detection considerably marks suburbanisation processes with the
inherent growth pattern and the expansion of impervious surface for large adjacent areas on
this spatial scale. Smaller variations in central urban local districts being characterized with a
high building density and some of them now under shrinkage conditions are harder to be distinguished with this methodology. So the most significant changes are portrayed in a kind of
belt around the central part of the urban area where the city is growing and a functional and
structural change takes place with decreasing farmland in favour of newly sealed surface for
commercial and industrial sites followed by single family settlements.
In order to monitor and analyse the land use information of the city on the scale of the urban
structure types a much larger scale is needed. Therefore a ColorInfraRed (CIR) imagery from
the 29/07/2002 is used to calculate the built-up and natural environment within the city by
means of an object-based classification approach. The classification shows that single buildings could be extracted and the type of the building could be assigned. The object
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Figure 1: Change detection based on two classifications from Landsat data 21/07/1994 and
20/08/2002
identification could also be applied for water bodies, vegetation, and paved surfaces that do
not belong to buildings as the imagery has a ground resolution of 40 cm. Depending on the
districts that were classified the overall accuracy was between 82% and 89 %. This classification symbolised the period in time before most of the demolition started in 2003 and mainly
continued in 2004. (viii)
So this classification is overlaid with ATKIS (Authorised Topographic-Cartographic Information System) data updated in 2006 and a ground-truth mapping that was undertaken in 2005
to check the building inventory and quantify and localise the demolition of buildings for the
period 2002 to 2005.
Mapping demographic processes of deconcentration
Satellite imagery as well as statistical data were available for 1994 and 2002. Assuming, that
besides economic variables demography is the main driver of urban land sue change, in addition to the spatial configuration, the demographic development between 1994 and 2002 was
under investigation. Statistical analysis show the rapid demographic changes mainly occurred
after 1990. Respectively, the substantial land use change which many East German cities
have undergone since this time highly corresponds to this extreme demographic change.
Based on population change and migration data the overall demographic development is
given in Figures 3 and 4. It comes clear, that the City of Leipzig is an example for a shrinking
city accompanied by a smart growth at its periphery and an additional change in role and image. Whereas in 1994 521,539 inhabitants (with primary residence) lived in the 63 local districts, in 2002 the total population of Leipzig decreased to 481,025 inhabitants. This is a decrease of 40514 inhabitants in a period of 8 years which corresponds to a population decline
of 7.8%. To the most declining belong the 37 inner-city local districts due to a movement to
the more peripheral other 26 rather local districts (see Figure 2). This reflects the spatial
change of suburbanization shown in the change detection analysis. Until 1998, out-migration
clearly exceeded in-migration. In 1999, this tendency stopped. Since then, Leipzig turned to
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Figure 2: Population change in Leipzig be- Figure 3: Migration balance in Leipzig between 1994 and 2002 based on official statis- tween 1994 and 2002 based on official statistical data
tical data
have a positive migration balance. In addition to the general in-migration and out-migration
pattern an internal migration at district level occurs. This internal mobility is of great interest
for the research question on residential pattern and vacancy and will be followed-up by asking why certain districts are the most preferred when rental costs are generally at a low level
everywhere. As an overall observation suburbs do not grow as much as in the mid 1990ies.
Extreme contrasts are to be observed in the central inner districts where demolition of houses
and residential vacancy opposes vital districts with considerable regeneration activities.
Urban land use change modeling under conditions of shrinkage using spatial and
socio-demographic predictor variables
In order to analyse land conversion and decline of the urban fabric in cities caused by the
socio-demographic shrinkage processes described above, models can be used as innovative
tools to support spatial urban planning with scenarios. Urban models that deal with interactions between urban land-use change and its socioeconomic driving forces. Frequently used
approaches in urban modeling are agent-based models (ix; x), logit models of discrete choice
(xi) and complex cellular automata (CA) models (xii; xiii). Most CA and ABM modelapplications however deal with urban growth as the predominant form of urban development
whereas the process of urban shrinkage remains still out of focus (xiv).
Shrinkage as an urban phenomenon seeks for additional experience-based and agent-, i.e.
household-related, knowledge to explain the process. A model approach has to focus on the
development of predicator variables and indicators for shrinkage and therefore needs to use
evidence provided by quantitative social surveys and statistics: Due to empirical findings of
sociological research (xv) as determining socio-demographic factors of shrinkage and resi-
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dential vacancy related to the housing sector and the agents of this change new age group
and household compositions as well as their residential mobility and migration behavior had
been identified. Following this socio-demographic path to explain urban shrinkage is driven by
demographic changes including new household types and decreasing birth rates as well as
out-migration as the Eastern German example explicitly shows. Changes related to the concept of the Second Demographic Transition (SDT; xvi) imply a coincidence of sharp decrease
in birth rates, ageing, smaller and less stable households and societal changes in terms of a
diversification of lifestyles. Recent research brought up that households act as nexus between changing demographics and residents’ housing preferences and thus households are
the ‘subjects’ and ‘agents’ of housing markets (xvii).
Further, urban policy delivers contextual constraints for the model approach which could be
spatially implicit such as verbal arguments and guidelines as well as spatially explicit in form
of planning maps. As one pathway of urban shrinkage the following ‘compact city concept’ is
preferred by regional policy makers: The centre of the city is foreseen to be preserved as
functional core to maintain urban quality of life in compact structures and to avoid perforation.
Demolition activities should be concentrated at the periphery. In fact, not in all cases, the
concepts of the policy makers are in line with those of the housing enterprises who take the
final decision regarding demolition of their housing stock. Shrinkage and demolition of vacant
housing estates provide new place for other uses such as spacious living, less density and
more greenery in the neighbourhoods which is equal to typical suburban advantages of housing.
In order to gain knowledge on the creation and progress of residential vacancy and to draw a
first sketch of the complex housing sector under conditions of shrinkage an innovative objectoriented framework for modeling firstly the residential mobility of “new household types” (micro simulation) and secondly, decision making in the housing sector is formulated (Figure 4).
feedback

feedback
governance

Household
“micro”preferences

Growth,
Sprawl

Urban Land Use
Change

Regeneration

Decision
Maker
“macro”decisions

Demolition,
Deconstruction
features of shrinkage

Figure 4: Model concept to operationalise urban shrinkage
In a first procedure, a demographic model translates cohort-based population development
into SDT-typical household types (a.o. singles, cohabitation “dinks”, patchwork families, single-parent families, elderly cohabitation households, apartment-sharers) drives the model
dynamics. Here, we achieved a very good accordance with population statistical data of Leipzig from 1994-2005. An attractiveness vector matrix on spatial environment properties of each
household (social neighborhood, housing form, prices, security, transportation, greenery, social infrastructure, shopping facilities etc.) at local district and building level used to formulate
a preference-restriction profile for each household to simulate the household mobility represents the “heart” of the simulation (Figure 5). Here, social science survey data and results of
the object-based image classification are utilized. In consequence of this model procedure,
we achieve a household and cohort distribution for each time step for the whole city. Further,
a calculation procedure for the created residential vacancy and new construction sites form
the final output of the micro simulation.
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Figure 5: Example taken from the classification scheme showing the building structure and
building classes “apartment blocks”, “detached and semi-detached houses”, and “discontinuous Wilhelmeanian style row houses” as well as the vegetation structure (“parks” and “community gardens”) - Spatial units of the housing sector serve as base to which a
social science data based preference matrix is applied.
RESULTS & DISCUSSION
After having identified spatial suburbanisation processes, a new focus in urban land use
monitoring activities was set on deriving urban structure types (land use and buildings) from
remote sensing data. This data set is compared with ATKIS (authorized topographiccartographic information system of Germany) to produce a change detection for the process
of the demolition of houses and, what is more, to assign demolished houses to specific urban
structure types. Besides economic variables, urban land use changes are mainly related to
the demographic development of a city. In the presented integrated model approach we assume that there is a causal relation between the built-up environment (housing and infrastructure), the configuration of green spaces and demographic processes (first of all migration).
First results of the model gave evidence that different household types prefer different housing environments and structures, and thus typical pattern of residential behaviour and, what is
most, residential vacancies are created. To validate the model results and to set a relationship between residential vacancy and demolition processes there is the need to create valid
data of urban land use change at building level. This brings us back to the remote sensing
data based object-oriented classification where next steps in research have to prove that data
sets on urban structure types could be reproduced reliably, so that demolition and, respectively, new built-up areas can be monitored regularly on a local scale.
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ABSTRACT
The quality of water balance model results is strongly related to the applied input data. While
the available CORINE dataset does not give information on areas less than 25ha and, moreover, the thematic structure is not always appropriate to the needs of hydrological models,
remote sensing data were applied in order to extract detailed information on agricultural crops
and impervious surfaces.
A neural network supervised classifier with post-classification filtering was used to differentiate land use categories, including principal crops, for the year 2004 with the aid of ASTER
satellite imagery. A land use thematic map was produced with high classification accuracy.
For regions classified as settlement or industrial areas, degrees of imperviousness were calculated using correlations derived from air photos and ASTER vegetation indices. These
thematic maps were then employed to calculate water balance components with the hydrological model GROWA. Differences in water balances resulting from the use of CORINE as
opposed to remote sensing data were analysed. Results indicate that the model can produce
more detailed local water balances using remote sensing data.
INTRODUCTION
Water balance modelling approaches make demands on several input data sources, but the
requirements are individual and differ between the existing models. The availability of adequate existing data sets is limited and simply consists of CORINE land cover, soil maps etc.
But the spatial resolution, the data structure or the thematic depth often is not satisfactory for
hydrological models. In order to suit the model needs, remote sensing data offer wide potentialities and are able to be especially processed. Although the usefulness of remote sensing
data is widely recognised, there are few cases where satellite images have been actually
used in hydrological simulations (i).
Due to the fact that the quality of water balance model results is strongly related to the applied input data, remote sensing data are used in this study and the model results compared
to results generated by CORINE. ASTER data of the year 2004 are pre-processed by a wavelet fusion, classified by a neural net and filtered afterwards by a probabilistic label relaxation.
Once obtained the land cover on crop level, degrees of imperviousness can be derived.
These input parameters are used to substitute the information layers derived by CORINE,
which treats agricultural fields homogenously and not differentiated into main cultures. This
data set is applied to the water balance model GROWA (ii) to investigate the potential of remote sensing data for water balance modelling, exemplified on the catchment basin of the
river Rur in the border area of Belgium, Germany and the Netherlands. Advantage of this region is the geological and therefore agricultural heterogeneity with bedrock of the Eifel in the
south and fertile loess plains in the north (iii). Differences in discharge and groundwater recharge can be analysed considering different hydrological conditions.
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DIGITAL IMAGE ANALYSIS
Panchromatic sharpening
Prior to the application of the ASTER image of may 24th 2004, a pre-processing has to be
accomplished. The most important treatment is a wavelet transformation to fuse the spectral
information of the SWIR bands with the details of the VNIR bands, here the first principle
component of three VNIR bands is used. The performed à trous wavelet transformation
(ATWT), developed by (iv), can be interpreted as a smart application of high pass and low
pass filters. The decision for the ATWT has been determined by improved expected effects
and by the fact that the spectral properties of the original multispectral image bands are
largely maintained after fusion. In contrast conventional pan-sharpening procedures, such as
HSV or PCA fusion, completely change the digital numbers. The resulting scene offers a spatial resolution of 15 m over all nine considered bands.
Land cover classification
Basis of the supervised classification are reference data of main cultivated crops which have
been recorded by GPS. These information together with knowledge on forest type, settlement, industry, etc. provides input data for an artificial neural network, which is used to classify the ASTER image into 14 land cover categories. The feed forward architecture is trained
with a very fast Kalman filter (v) to match the spectral reference signature of a class with its
class number. Afterwards the complete scene can be classified with the trained network.
General advantage of using neural nets for classification purposes is that it makes no assumption regarding the probability distributions of the training data and it is therefore more
flexible than more traditional methods such as maximum likelihood.
CORINE

ASTER
Broadleaf Forest
Coniferous Forest
Grassland
Wheat
Sugar Beet
Potato
Corn
Barley
Settlement
Industry

Figure 1: Land cover made available by CORINE (left) and ASTER (right).
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Classification results normally do not show homogenous land use patches, because often
incorrect classified pixels are scattered over uniform segments. With the aid of individual
class membership probabilities, supplementary offered by the neural net classifier, a socalled probabilistic label relaxation (vi) can be implemented. Considering the simple pixel
neighbourhood, each pixel is analysed in order to re-evaluate its class membership.
To analyse the quality of the derived land cover map, an accuracy assessment is performed
with independent test data. The κ-index (vii) is a measure that takes into account the probability of chance correct classification and measures accuracy on the scale 0 – 1. A good result of κ = 0.937 is reached because of the combined application of a neural net and a filtering
approach.
For a section in the east of Düren the improvement is shown in Figure 1. Whereas CORINE
spatially averages the land cover types an ASTER classification is able to identify the
heterogeneous structure of an intensely used region. The composition of settlement as well
as the agricultural sector can be illustrated more precise. Additionally, highways can be
detected which is not included into CORINE. The acquisition of the main crops for a special
year represents the main difference between the data sets.
Derivation of imperviousness grades
Due to the predication, that the grade of imperviousness can be measured indirectly at all
stages of development as the percentage of area that is not vegetated (viii), the water balance model input parameter grade of imperviousness can be derived from satellite imagery.
Different methods have been developed to quantify and monitor this information about urban
environments which are briefly reviewed by (ix). In this study it is made use of the Normalised
Differenced Vegetation Index (NDVI) and its negative relationship to the absence of vegetation in built-up areas. The NDVI is defined as the difference between the visible red and nearinfrared bands over their sum. For ASTER data the bands 2 and 3 of the VNIR sensor are
relevant to calculate the NDVIASTER:

NDVI ASTER =

VNIR3 − VNIR 2
VNIR3 + VNIR 2

The raster of the NDVIASTER is superposed over aerial photos to visually identify the grade of
imperviousness of sample pixels. An inverse correlation is performed with an obtained coefficient of determination (R2) of 0.61 by a level of significance of 0.01 (Figure 2). The resulting
regression line Dimp = -191*NDVIASTER + 81 is used to transfer the NDVIASTER to the Degree of
imperviousness (Dimp). Negative values and values exceeding 100 % are clipped to 0 % and
100 %, respectively.

Figure 2: Empirical relationship between remotely sensed NDVI and observed degree of
imperviousness. Scatter plot and regression line of the ASTER image of 2004.
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The remotely sensed grades of imperviousness are confronted with the impervious surfaces
derived by CORINE in Figure 3 for the section of the city of Aachen. The ASTER grades of
imperviousness are not like CORINE interval scaled but rational scaled. Urban parks, recreation areas, cemeteries and avenues stand out as green vegetation. These surfaces are averaged out in CORINE, but vegetated areas in cities are rarely 100 % permeable. The historic
city centre in the middle west of the images has a high degree of imperviousness as do the
industrial parks in the north east and northwest. The south and the west are dominated by
suburban housing construction with medium grades of imperviousness. With an increasing
distance to the city centre, except for the northeast industrial area, a more rural settlement
structure predominates. Such a graduation in imperviousness is not provided in the CORINE
data.

Figure 3: Grade of imperviousness [%] derived from CORINE (left) and ASTER (right). Black
lines symbolise the main road network.
HYDROLOGICAL MODELLING WITH GROWA
The water balance model GROWA (ii) has been developed to calculate annual means of the
main water balance components: actual evapotranspiration, total discharge, surface runoff,
interflow and groundwater recharge. Based on an extended approach of (x) the total discharge (Qt) is calculated with this generalised equation:

[

Qt = Pyear − f h (υ , ζ ) ⋅ a ⋅ Psu + b ⋅ Pwi + c ⋅ log(WPl ) + d ⋅ ET pot + e + f d ⋅ Dimp
Pyear:
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Annual precipitation [mm/a]

]
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fh(ν,ς):

Relief correction function (ν = slope, ς = aspect) [-]

a, b, c, d, e: Land-use-specific coefficients [-]
Pwi, Psu:

Winter and summer precipitation [mm/a]

Wpl:

Soil water content available to plants [mm]

ETpot:

Annual potential evapotranspiration [mm/a]

fd:

Correction factor [-]

Dimp:

Degree of imperviousness [%]

To separate the total discharge into direct runoff (Qd) and the groundwater recharge level
(Qgw), baseflow indices BFI (xi) are used. In a hierarchical approach, discrete characteristics
of a grid cell are associated with a base flow ratio. A stepwise choice is made to decide if one
site is urban or not urban, artificially drained or not artificially drained etc. Thus the groundwater recharge level can be expressed as a relative fraction of the total runoff level:

Q gw = BFI ⋅ Qt
A calibration of these BFI data with observed runoff data has already been performed (ii). The
direct runoff can be separated into surface runoff and interflow to calculate together with the
groundwater recharge the volume of the leachate.
RESULTS & DISCUSSION
The water balance analysis of the Rur catchment considering CORINE on the one hand and
ASTER data on the other generally show expected results. Low groundwater recharge rates
occur in the south because of the bedrock of the Eifel, higher rates are recognised in the
northern loess region. From the complete catchment basin only minor differences result
(Figure 4). Although the spatial differentiation is higher using remote sensing data, the mean
water balance components in the entire Rur basin are in the same range.

Figure 4: Groundwater recharge derived from CORINE (left) and ASTER (right) data.
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Figure 5: Groundwater recharge derived from CORINE (left) and ASTER (right) data for the
town of Aachen.
Major differences only reveal in a detailed view, see Figure 5. At a first glance the spatial enhancement by using ASTER data is visible for the groundwater recharge calculation, but also
a thematic modification can be seen. The results of a finer structure of the impervious areas
are superposed to the results of subsurface parameters. In this way urban environments can
be modelled more accurate. Similarly, urban growth/urban sprawl can be regarded in rapid
changing regions.
The observed annual mean gauge in m3 at a specific station can be integrated on a corresponding subcatchment in mm/a. The stations and the subcatchments are presented in
Figure 6, whereas the individual subcatchments are accumulated, e.g. the gauging station
Stah considers almost the complete catchment basin of the Rur river.
A regression between the 39 observed and calculated total runoff of subcatchments is used
to validate the model results. The coefficient of determination R2 (level of significance: 0.01)
for CORINE-based model runs is 0.51, i.e. that 51 % of the total variation in the gauge data
can be reproduced by the GROWA model. Using satellite imagery, this magnitude can be
enhanced to 0.63. This is caused by the more detailed land cover information and the exacting degree of imperviousness. In some catchment areas conspicuous differences in modelled
and observed runoff data exist. E.g. the corresponding rivers of gauging stations Honsdorf
and Weltz have completely lost the contact to the local groundwater aquifers, because of the
impact of the coal mining. Similarly, subcatchments in the southern bedrock area are indicated by dams and drinking water reservoirs which are partly connected by adits for regula
tion purposes. The resulting runoff is totally independent from the relief. Another problem is
the urban waste water treatment. At the stations Herzogenrath 1 and Haaren an almost duplication of the runoff can be explained by the main portion of the sewage water from the town
of Aachen. Sewage and a high percentage of rain water is transported in a mixed system to
sewage treatment plants in the area of the gauging stations Herzogenrath 1 and Haaren, instead of along the natural slope. Here, remotely sensed degrees of imperviousness have a
higher spatial resolution than derived from CORINE, but at large a higher level of imperviousness. In the model results a lower evapotranspiration is observed, which result in a higher
total runoff. This is the indirect reason for the increased accuracy using ASTER data.
CONCLUSIONS AND OUTLOOK
This study has shown that the application of ASTER data in modelling long-term water balances provide little differences considering a complete catchment, but zoomed in on subcatchments or special sections the results are much more detailed. On the one hand the spatial resolution and the thematic layout are conductive to improved runoff separation. On the
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Figure 6: Regression of the observed total runoff with the CORINE-based (black triangles)
and ASTER-based (red diamonds) calculated total runoff. On the right gauging stations and
corresponding observed total discharge integrated on subcatchments.
other hand the more significant differences originate from the grade of imperviousness data
set. The uniform segments of CORINE are detrimental to the water balance simulation compared to the 15 m grid of the filtered neural net output which is important for studies in
densely populated areas as well as in rural areas with villages and hamlets. Because of these
characteristics the heterogeneity of urban environments is taken into account in the water
balance analysis.
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This general conclusion is transferable to similar sensor systems, like LANDSAT ETM+ or
SPOT. To operate a time series analysis with actual climate data, imagery for consecutive
years similarly can help to improve the model results. A further approach to imply cropspecific evapotranspiration rates instead of the grass reference evapotranspiration is developed at present. This study can be seen as a fist step to improved modelling of matter fluxes,
e.g. of the fate of diffuse agricultural nitrogen in soil and groundwater (xii).
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MULTI-TEMPORAL ANALYSIS OF SPATIAL CHANGES IN THE
VICINITY OF TUEBINGEN IN THE YEARS 1984, 1996 AND 2001 BY
LANDSAT 5 TM AND LANDSAT 7 ETM
Hagenlocher M., Jurdao-Knecht S. & Hochschild V.
Eberhard-Karls University Tuebingen, Department of Geography, Ruemelinstrasse 19,
72070 Tuebingen, Germany,07071/29-75316, Fax 07071/29-5318 ,
volker.hochschild@uni-tuebingen.de
OBJECTIVE
Within the framework of a study concerning fees for splintered sewage in Tuebingen,
Germany, LANDSAT 5 TM (1984 and 1996) and LANDSAT 7 ETM (2001) data has been
prepared for further analysis and classification. The purpose of this investigation is to detect
changes in landuse and infrastructural development in Tuebingen and its immediate
surroundings.
METHODS
After a sophisticated preprocessing including filtering and rectification the area of interest was
defined. Training sites have been a residential area, an industrial area and a part of the city
center. The next step was to classify the images using the Maximum-Likelihood-Method to
detect spatial changes between 1984 and 2001. Finally ground verifications in different
validation areas were realized to asses the precision of the classification.
EXPECTED RESULTS
As the population of Tuebingen has grown from 75.333 inhabitants (i) in 1984 to 82.444 (ii) in
2001, an increase in intra-urban condensation and in surface-sealing is definitely to be
expected. Apart from these changes in Tuebingen, growth of settlements in the immediate
environs and significant increase in infrastructural development are conspicuously becoming
obvious. Together with the actual sealed area estimation from Quickbird the change detection
analysis provides a rough estimation of former sealed areas, which is an important
information for the historical budgeting of the sewage fees.
CONCLUSIONS
A comparison of the images from LANDSAT 5 TM and LANDSAT 7 ETM of 1984, 1996 and
2001 revealed significant spatial changes. The general growth of settlements, plus an
enormous increase in surface-sealing have been ascertained in the area of interest. It is
evident that traffic routes between Tuebingen and its vicinity unequivocaly improved over
these years. That verifies the importance of Tuebingen as a regional head regarding its
surrounding. Finally the construction of the interstate road B27 that links the capital of BadenWuerttemberg to Tuebingen is a sign of growing influence of Stuttgart, its airport and its
economic significance.
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LAND USE FROM THE DAYS BEFORE THE SATELLITES
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ABSTRACT
Simulating future changes in land use requires knowledge about the present land use and
about land use in the past. This paper describes the process of how to convert paper land
use maps from the 1960’s to a land use database that can be used in a GIS environment.
INTRODUCTION
Simulating future changes in land use requires knowledge about the present land use and
about land use in the past. In the framework of the FP6 NitroEurope IP project (i), the CLUE
model (ii) is used to simulate land use in the future for 25 countries in Europe. The present
land use is available from the CORINE land use maps (iii). For the past, land use will be derived from the World Atlas of Agriculture, scale 1 : 2.500.000 (iv). This atlas contains land use
maps from around 1960 for the entire world.
This paper describes the process of how to convert paper land use maps to a land use database that can be used in a GIS environment (HISLU60). This method was developed to create a historic land use database for The Netherlands (HGN1900) based on topographic maps
1 : 25.000 from around 1900 (v).
During the process, the same workflow is used as with satellite images. Scanning of the
maps, georeferencing, training of land use samples and classification of the scanned maps
are the basic steps of the process.
The work described in this paper has not been finished. First classification results are available but a detailed validation still has to be performed.
METHODS
Data source
The World Atlas of Agriculture (iv), published in 1969, is used as the source data for the land
use around 1960. The atlas contains maps for Europe with a scale 1 : 2.500.000 and maps
for the rest of the world at a scale 1 : 5.000.000. The size of each map is 60 by 48 cm. Table
1 shows the main classes available in the maps for Europe.
Data source for this atlas are the Times Atlas of the World from 1955 and statistical data
sources for each country for the agricultural land use. For example, the sources for the agricultural data for The Netherlands are agricultural statistics from the Central Bureau for Statistics (CBS) and the Agricultural Economic Institute (LEI), published in 1956. There is no exact
information available on the geographic projections of the maps; the only information given is
that a conical projection was used. There is also no coordinate information printed on the
maps.
The procedure to create the landuse database from the paper maps contains 6 steps. These
are :
1. scanning
2. georeferencing
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3. pre-processing
4. classification
5. post-processing
6. validation
Table 1: main categories of land utilization in the World Atlas of Agriculture.
1

arable land

2

rice fields

3

meadows and permanent grassland

4

fruit-trees, vineyards, bushes and orchard land

5

market-gardens, gardens and nursery gardens

6

woods and forests

7

rough grazing land

8

non-agricultural land
In cases where statistics do not distinguish between different forms of land use it has been
necessary to combine certain of the land uses into mixed categories

Scanning
The maps were scanned by a professional scanning company, using a photographic scanner.
This way, good quality scans were produced without damaging the original paper maps. Each
maps was scanned with a 300 DPI resolution and 24-bit colourdepth. The scans were stored
in RGB-TIFF format.
Georeferencing
ArcMAP 9.2 software was used to georeference the maps. With the ArcMAP 9.2 software a
new transformation methode called spline was made available. The spline method is a truerubbersheeting method with ensures that all locations in the scanned map where referencepoints are digitized will be georeferenced to this exact location. The reference source was
the ESRI country dataset with WGS 1972 Albers Conical projection, containing the boundaries for all European countries
Pre-processing
Along with the thematic information about the land use, the maps also contain cartographic
elements like text and boundaries, displayed in black on the map. These elements should not
be a part of the land use database. Therefore, it is necessary to eliminate these elements. A
high-pass filter was applied to the scanned map to eliminate these elements as much as possible without disturbing the thematic information in the map. The Leica Erdas/Imagine 9.0
software was used for the pro-processing.
Classification
The supervised classification procedure from the Imagine 9.0 software was used to classify
the scanned maps. For each thematic class samples from the scanned map were collected to
produce a signature set as a base for classification. The cartographic elements were also
sampled. The classification is performed in two steps. First, a box classifier was used to assign all parts of the scanned maps that match exactly with the selected samples. Then all
non-classified parts are classified using the maximum-likelihood classifier.
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Post-processing
A post-processing step is necessary to eliminate the remaining cartographic elements. For
this, the Aggie program from the Imagine 9.0 software is used. The aggie program performs a
cell-based aggregation for a user-selected number of cells, e.g. 3 by 3. For all cells in the
selection, the majority thematic class is calculated. Specific thematic values can be ignored in
the majority calculation. The class majority is assigned to the new cell and at the same time,
the dimension of the cell is expanded to a larger cell size, based on the number of cells that
are used within the majority calculation. If the input cell size is 250 meter and the aggregation
factor is 3 by 3 then the output cell size will be 750 meter and the majority will be calculated
from a kernel of 3 by 3 cells. The process works on blocks of cells. In the case mentioned
above, each cell within a 3 by 3 block is only used once for a majority calculation. After calculation, the kernel will move to the next 3 by 3 block, there is no overlap between blocks in the
input.
Validation
There are two kinds of validation that can be performed, the validation of the procedure and
the validation of the thematic data. For the validation of the procedure, the original maps are
used as ground truth and are compared with the classification result. The thematic classes in
the original maps are well defined and it is easy to use them for reference. Since this is not an
independent dataset, only the quality of the supervised classification and the majority aggregation is validated. For the validation of the thematic data, an independent dataset is necessary. For a historical data set like the World Atlas of Agriculture, these are not always available. Only an different data source from the same time period can be used for this purpose.
For The Netherlands, a land use database for the 1960’s is under construction, HGN1960
(vi). The source for this database is the Dutch Topographic Map 1 : 25.000. The thematic
classes in HGN1960 are not the same as the thematic classes in the World Atlas of Agriculture but they can be compared. Since the HGN1960 database only covers The Netherland, it
is not possible to perform a full validation of the HISLU60 database. But this way it is possible
to get an impression of the thematic data quality. The Accuracy Assessment program form
Imagine 9.0 is used for both types of validation
RESULTS & DISCUSSION
Scanning
Figure 1 shows a scanned map from The
World Atlas of Agriculture. The map contains
several countries and the thematic data is
limited to the area that belongs to these
countries. The grey areas overlap with the
adjoining maps, making it is necessary to
extract the data-part from the scan before
classification. This is done by digitizing the
outer boundary after georectification. This
boundary is used to subset the data part.
Unfortunately, the existing boundaries which
are used as the source for georectification
can not be used because they do not match
exactly with the boundaries on the map.
Georefferencing

Figure 1: The World Atlas of Agriculture,
plate 4, Central Europe

All maps are georeffenced by digitizing
points on the boundaries on the map and on the same locations in the reference data. Old
paper maps can be distorted in many ways. Over the years the maps have been exposed to
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different conditions of temperature and light. Also the handling of the maps has affected the
paper. These disturbances do not affect the paper in a linear way but are dispersed unevenly
around the map. This makes it difficult to georectify the map using techniques like a 1st, 2nd or
3rd order polynomial transformation. The polynomial transformation calculates a best fit
through all reference points but will not place the reference points on the exact digitized location. This way, the georeferenced map will not fit exactly with the geographic boundaries and
neighbouring maps will not join with each other. The spline transformation technique ensures
that the digitized reference points will be placed on the same location. To ensure a good
placement for the whole map it is important to digitize reference points on all significant locations on the outer boundary as well as on the boundaries that are located within the map.
Figure 2 shows the difference in the placement of the georectified map using the two different
transformation techniques. Usually, a quality measure for the georectification is derived from
the RMS error of the reference points. With the spline transformation technique all reference
points are placed on the exact digitized location so no RMS errors are available. Since the
data consist of historical thematic data, it is not easy to get an exact measure for a possible
displacement. Differences in location are often caused by chances of geographic features
over time. An impression of the quality can be obtained by superimposing the georectified
map on a recent satellite images but it will not be easy to express this as a number. The scale
of the map is a criteria for the maximum geometric accuracy for a given feature on the map.
Assuming a drawing accuracy of 0.1 mm on the map, the geometric accuracy will be 250 meters on a scale of 1 : 2.500.000. When the maps are georeferenced, the software automatically calculates an output cell size based on the pixel detail of the scan. For these maps, this
value is also 250 meters.

a : georeferencing using the 1st order
polynomial transformation (affine)

b : georeferencing using the spline
transformation

Figure 2 : Georeffencing results using the affine or the spline transformation technique.
Pre-processing
Figure 3 shows a result of the pre-processing of the scanned map. Cartographic elements
like text and boundaries are displayed in black on the map. By applying a high-pass filter
once, the black colour is partially replaced with the colour of neighbouring areas, which represent correct thematic classes. Not all the black colours can be eliminated. When the highpass filter is applied more than once, the boundaries between the thematic classes will also
be affected. This should not be the case. The remaining cartographic element will be removed during the post-processing.
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a : original scan

b : high-pass filtered scan

Figure 3 : applying a high-pass filter to eliminate cartographic elements from
the scanned map.
Classification
The signatures for each thematic class are derived from the scanned map. Collecting samples from a thematic map looks easy because the colours for each thematic class are clearly
visible on the scanned map. An example is shown in Figure 4. However, the colours on the
scanned map may look the same throughout the map, e.g. the green colour for meadows, but
the digital numbers that represent the colour vary throughout the map. This can be caused by
the printing process but the colours can also be slightly faded over time. This makes it necessary to extract samples for a class from different parts of the scanned map. All thematic
classes and the cartographic elements like text and boundaries are sampled. The digital values for the text are a mix of many grey colours. These colours do also exist within other thematic classes. The training of the text class should be limited to only the real black colours
that clearly represent text. Otherwise the text class will show up on many locations within
other thematic classes.

Figure 4 : selecting colours on the map to create a signature set for classification.
Figure 5 shows the classification result. The text and boundaries are still present in the classification result, either as the class text or as a thematic class. The latter is caused by the
maximum-likelihood classifier. The digital values of these elements are sometimes more simi
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Figure 5 : classification result and legend.
lar to the digital values of other classes then to the black colour that is used as a training
sample for text. These classification errors occur mainly as linear features. These are removed during the post-processing.
The circles of the class non-agricultural land represent small areas of different kinds of nonagricultural classes like roads, railways, rivers, scattered dwellings, etc. In the atlas, these
small areas have been grouped around the major inhabited centres to represent the total
amount of non-agricultural area. This way, the actual urban area for a specific location is
overestimated but the total amount of non-agricultural land is correct within each administrative unit.
Post-processing
Cell based aggregation is used to eliminate the remaining cartographic elements. Figure 6
shows the result of an aggregation for 10 by 10 cells. The cell size after post-processing is
2500 meters, almost all cartographic elements are removed.
Eliminating the cartographic elements and maintaining the original cell size can only be
achieved by manually digitizing the concerning areas. Also aggregation combined with digitizing can lead to the desired result, this all depends on the desired end cell size and the
amount of time available for digitizing. For the NitroEurope simulation, a cell size of 1000 meters is the preferred cell size. This will require a combination of both techniques for postprocessing.

a : classification result with 250 meter cell
size

b : classification result with 2500 meter cell
size

Figure 6: cell based majority aggregation from 250 meter to 2500 meter cell size.
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Validation
Validation of the dataset still has to be performed. Results from the HGN1900 show that a
procedural accuracy of 95 % can be achieved (v).
CONCLUSIONS
Maps with historical land use information can be used to create databases with information
about land use in the past. The classification procedure follows the same steps as the classification procedure of satellite images.
Due to the way paper maps are distorted over time the georectification can be troublesome.
New transformation techniques like the spline technique make it possible to achieve acceptable results. However, it remains necessary to check the georectification results of the complete map in detail.
Validation of the thematic data can only be performed when an independent dataset is available. This is often not the case. It is however possible to perform a procedural validation. For
this, the map is considered to be the truth and only the classification procedure is validated.
Historical statistical data can be used as an alternative dataset for a thematic validation.
Comparing this data with the classification results for a selected administrative unit will give
an impression of the overall accuracy for this area.
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ABSTRACT
Land use is changing rapidly in many parts of the world, particularly in areas with high population density as The Netherlands. The effect of these land use changes becomes increasingly
important in areas as spatial planning, water and environmental management.
In the Netherlands, information on land use has been available since the beginning of the
1990's from the Land Use Database of The Netherlands (LGN database). With finishing
LGN5 a detailed serie of five land use databases (LGN1-5) from 1990’s till 2004 is made
available for The Netherlands. Land use information is stored in 25*25 m grid cells. The LGN5
dataset is based on satellite imagery from 2003 and 2004 and additional data. The nomenclature of the database includes crop types, forest types, water, various urban classes and several ecological classes.
The availability of several versions of the LGN land use database spurred an interest by users
who wanted to compare the LGN versions in order to derive land use changes in the Netherlands. Research on the accuracy of the land use changes derived from the LGN database
demonstrated that these changes were overestimated by as much as 100% when comparing
the LGN2 and LGN3 databases using GIS overlay techniques. From LGN3 onwards a methodology was designed to monitor land use changes in a consistent and accurate way. From
1995 till 2004, land use changes are monitored for the aggregated classes urban, orchards,
greenhouses, agricultural land, water, infrastructure, forest and nature.
This paper presents the methodology used to update the national land use database of The
Netherlands. The number (0.67%) and type of land use changes between 2000 and 2004 are
described and compared with those changes between 1995 and 2000. The land use changes
are validated by assessing the real land use changes from aerial photos and large-scale topographic maps for a sample of almost 800 points that were drawn using stratified random
sampling. The results demonstrate that the LGN5 change map has a user’s accuracy of
84.5% and a producer's accuracy of nearly 100% when validating at the level of change/no
change.
INTRODUCTION
Land use is changing rapidly in many parts of the world, particularly in areas with high population density as The Netherlands. The effect of these land use changes becomes increasingly
important in areas as spatial planning, water and environmental management.
Remote sensing data in combination with additional data sources has been recognized as an
important source of information for detecting land use changes. However, it is necesarry to
mention two difficulties in change detection with remote sensing. First of all, different land use
types often have similar spectral properties or external factors (phenology, clouds, soil moisture) severely influence the satellite imagery. Secondly, change detection has to deal with
rare phenomenon, i.e. the area of change in five to ten years is relatively small in relation of
the total area [1]. Both difficulties make change detection sensitive to external factors.
Land use change detection can be divided into 3 approaches. First, comparison of independent classified images and classification results using GIS overlay techniques. Second, appli-
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cation of change detection algorithm on combined data set of two satellite images. Third, only
visual interpretation of changes (CLC approach, see also [2]) in which you have only to deal
with small areas.
Main objective of this paper is to present the Dutch land use database (LGN) and show you
the way how land use changes are monitored. The large monitoring dataset makes it a
unique database to follow land use changes with time. An accuracy assessment has been
carried out to validate the change database.
METHODS
Overview
Land use mapping and change detection in The Netherlands is based on satellite imagery in
combination with additional data sources. The Dutch land use database (referred as the LGN
database) has been developped from an experimental database (LGN1 – 1986) into a widely
used database (LGN5 – 2003/2004). The final versions of the LGN database are connected
with the Dutch topographical database (TOP10Vector) and between these databases (LGN3
– LGN4 – LGN5) monitoring of land use changes is possible in a reliable way [1]. The LGN
database is a grid database with a cell size of 25 meters and it discriminates 39 different land
use types. Due to the fragmented nature of urban and ecological classes it is often not possible to derive changes from satellite imagery. Furthermore, the changes in crop type are often
not relevant as farmers use crop rotation schemes. Therefore, the 39 land use types are aggregated into 8 main land use classes (agriculture, orchards, greenhouses, forest, water, urban area, infrastructure and nature) to monitor land use changes.
Data
Satellite imagery: Multi-temporal satellite data were used to carry out land use classifications
(mainly crop classification). From the year 1999 and 2000 Landsat TM images were used
(LGN4). Due to the failure of Landsat 7 and the limited availability of useful images a combination of Landsat ETM7 and TM5, LISS-1c and ERS-SAR images of the years 2003 and
2004 were used for LGN5. The images were georeferenced and cubic convulation was used
to resample the images to 25m grid size.
TOP10Vector: The Netherlands Topographic Service (TDN) produces the 1:10.000 digital
topographic map of the Netherlands. Since 1998, the entire Netherlands is covered by 1350
map sheets, which cover an area of 5 km to 6.25 km each. The mapsheets are updated every
4 years.
Aerial photographs: Two sets of true-color aerial photographs were used for the validation
process. The aerial photographs cover the entire Netherlands at a resolution of 0.5 meter.
They were acquired in the years 2000 and 2003.
Agricultural statistics (CBS and BRP): The agricultural statistical data produced by Central
Office of Statistics (CBS) for the year 2003 were used to fine-tune the crop classification with
the CBS data for their 66 CBS-agricultural areas. Registration of real land use in the Netherlands is organised through the Basic Registration Parcels (BRP) project. 23000 BRP-parcels
were used to validate the agricultural crops in LGN5.
Methodology
LGN5-grid database: With a copy of LGN4 database the production of LGN5 database was
started. The agricultural classes were aggregated. The TOP10vector classes buildings, tree
nurseries, orchards, greenhouses and poplar stands were converted from vector to 25 m grid
format and consequently added to the LGN5 database. The addition of TOP10vector classes
was in the above mentioned sequence and according to conversion tabels [3]. Land use
changes between LGN4 and the newly added TOP10vector data were detected. After all, the
update of the LGN database was finished with the detection of land use changes through the
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visual interpretation of images. Aerial photos and additional databases were used to assist
the interpretation.
LGN5-crop database: The production of the crop database was started with the selection of
the agricultural area of LGN4 (aggregation of classes). For that area agricultural parcels are
taken out of the topographical database TOP10vector, and when needed additional crop
boundaries were manually added. A multi-temporal classification of satellite imagery on basis
of NDVI was carried out. The differences in phenology for seven agricultural crops was used
to classify them (grassland, maize, potato, sugar beet, wheat, other crops and flower bulbs).
Mostly, a supervised classification with manual correction was applied. Classification results
were compared with the statistical data per CBS agricultural area. With the allocation of a
majority crop class to every crop parcel the crop database was finished [4].
Validation
The crop classification was validated for 55 TOP10vector mapsheets. The mapsheets were
selected in such a way that a good characterisation of all Dutch agricultural areas was established. A selection of 25% of the BRP parcels within the TOP10vector mapsheets was used
as a reference dataset. At pixel level, the level of accordance of both datasets has been established.
The validation of land use changes was carried out by validating a stratified random sample
of 400 changed and 384 non-changed points. For all points it has been verified if land use
has changed between 2000 and 2003. Aerial photographs were used for this purpose. For
those points where land use (non)changes does not match between the reference data and
the LGN database, a second verification on basis of satellite images has been carried out.
After all, large parts of the LGN4 and LGN5 interpretation was based on satellite imagery of
1999 respectively 2004 that can contribute to the mismatch between the reference dataset
and the LGN database.
For both validations, the reference points were tabulated in a so-called confusion matrix. User
and producer accuracies were calculated [5]. The validation results of the change database
were corrected for the large differences in map proportion between the changed and the nonchanged areas [6].
RESULTS & DISCUSSION
Land use changes
Land use changes between different versions of LGN can be monitored for the 8 monitoring
classes (agriculture, orchards, greenhouses, forest, water, urban area, infrastructure and nature). Totally, an area of 27764 ha (or 0.67%) has changed its land use between LGN4
(1999/2000) and LGN5 (2003/2004). Major land use changes are the decrease of agricultural
area (23.919 ha) and increase of urban areas (15.346 ha). The internal dynamics in the
classes greenhouses and orchards are relatively high with +9.0% and -3.6% respectively
+5.3% and -2.3% (table 1). More than 50% of all changes are land use changes from agricultural areas into urban areas. Also the change of agricultural area into nature is important
(15.8%). All other type of changes are below 5.5% or even below 2.5% for the changes from
non-agricultural areas to another land monitoring class (table 2).
Land use changes between LGN3 and LGN4 are slightly higher with 38.879 ha (0.94%). The
main changes are also the decrease in agricultural land (31.725 ha) and the increase in urban area (19.919 ha) [1]+[3]. Almost 50% of all changes are land use changes from agricultural areas into urban areas. More than 20% of all changes are from agricultural areas into
nature areas. Another important change is the change of orchards into agricultural areas (table 3). Also, the changes from non-agricultural areas into another monitoring class are only
taking a small proportion of the total land use changes (<2%).
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Table 1. Land use changes between LGN4 and LGN5 for 8 monitoring classes.
Area (ha)

Changes

Changes

Changes

Diff.

Diff.

LGN4

(increase
in ha)

(increase
in %)

(decrease (decrease
in ha)
in %)

(ha)

(%)

2256640

622

0.03

23919

1.06

23297

-1.03

Greenhouses

13483

1218

9.03

479

3.55

739

5.48

Orchards

27901

1483

5.32

632

2.27

851

3.05

Forest

311799

737

0.24

844

0.27

-107

-0.03

Water

777493

2228

0.29

690

0.09

1538

0.20

Urban area

489787

15346

3.13

329

0.07

15017

3.07

Infrastructure

100503

1055

1.05

5

0.00

1050

1.04

Nature

175102

5074

2.90

866

0.49

4208

2.40

Total

4152708

27764

0.67

27764

0.67

0

0.00

Agricultural
area

Changes

Table 2. Type of land use change between LGN4 and LGN5 as percentage of the total
change area.
Agricultural
area

Green
houses

Orchards

Forest

Water

Urban
area

Infrastructure

Nature

Total

Agricultural
area

0.00

4.28

5.22

2.39

4.63

50.56

3.31

15.76

86.15

Greenhouses

0.25

0.00

0.00

0.00

0.02

1.41

0.03

0.00

1.73

Orchards

1.41

0.08

0.00

0.01

0.01

0.67

0.09

0.00

2.28

Forest

0.20

0.00

0.10

0.00

0.11

1.03

0.13

1.48

3.04

Water

0.08

0.00

0.00

0.07

0.00

1.35

0.06

0.92

2.48

Urban area

0.02

0.02

0.00

0.00

0.89

0.00

0.16

0.11

1.19

Infrastructure

0.00

0.00

0.00

0.00

0.01

0.01

0.00

0.01

0.02

Nature

0.28

0.00

0.02

0.18

2.36

0.24

0.03

0.00

3.12

Total

2.24

4.39

5.34

2.65

8.03

55.27

3.80

18.28

100.00

LGN4 \
LGN5

Table 4 shows that the area occupied by agricultural land and orchards is decreasing in the
Netherlands for the last 10 years. The area of greenhouses is steadily increasing, however,
within a LGN update cycle relatively large areas are also converted from green houses into
other land uses (see table 2 and 3). The area under orchards decreased heavily in the LGN34 cycle. In the last update cycle the total area under orchards recovered slightly. The internal
dynamics are like those for greenhouses. The total area under forest is increasing which is in
contradiction with the changes monitored (table 1). A small increase in area under infrastruc-
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ture, mainly due to the construction of some large infrastructural projects in the Netherlands
from 2001 onwards (HSL, Betuwe-lijn). As indicated above, the large increase of area under
urban and nature can also be noted from table 4.
Accuracy
The validation of the agricultural crops resulted in an overall accuracy of 80.5%. The validation was based on more than 86000 pixels distributed over 23000 crop parcels. The drop in
classification accuracy per crop type varies between 0-25% (figure 1). The overall accuracy
has dropped with 10% compared to the LGN4 database due to the limited availability of useful satellite imagery for the crop classification.
Table 3. Type of land use change between LGN3 and LGN4 as percentage of the total
change area.
LGN3 \
LGN4

Agricultural Greenarea
houses

Orchards

Forest

Water

Urban
area

Infrastructure

Nature

Total

Agricultural
area

0.00

2.59

3.00

2.35

3.96

47.61

0.42

21.66

81.60

Greenhouses

0.31

0.00

0.00

0.00

0.00

0.67

0.00

0.00

0.99

Orchards

10.69

0.06

0.00

0.22

0.04

0.87

0.00

0.05

11.93

Forest

0.16

0.01

0.00

0.00

0.16

0.54

0.01

0.30

1.18

Water

0.00

0.00

0.00

0.00

0.00

1.23

0.02

0.13

1.37

Urban area

0.23

0.00

0.00

0.03

1.23

0.00

0.06

0.53

2.08

Infrastructure

0.00

0.00

0.00

0.00

0.02

0.01

0.00

0.00

0.04

Nature

0.01

0.00

0.00

0.01

0.50

0.30

0.00

0.00

0.82

Total

11.41

2.66

3.00

2.61

5.91

51.23

0.51

22.67

100.00

Table 4. Area of monitoring classes per LGN version and differences between versions (in
ha).
LGN3

LGN4

LGN5

LGN4-3

LGN5-4

LGN5-3

1995/1997

1999/2000

2003/2004

Agricultural
area

2300520

2256640

2223310

-43880

-33330

-77210

Greenhouses

12816

13483

15252

667

1769

2436

Orchards

32167

27901

29166

-4266

1265

-3001

Forest

306369

311799

315672

5430

3873

9303

Water

774805

777493

777141

2688

-352

2336

Urban area

465484

489787

508289

24303

18502

42805

Infrastructure

100094

100503

101763

409

1260

1669

Nature

160451

175102

182083

14651

6981

21632
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Figure 1. A comparison of the accuracy of the crop classification between LGN4 and LGN5.
Within the strata “changed” 62 out of the 400 random selected points was wrongful classified
as a land use change. The points selected in the strata “unchanged” were all correctly classified. After correction for the map proportion it appeared that 15% of all changes were inaccurately classified.
CONCLUSIONS
An overlay of different versions of LGN will result in more differences as the changes monitored by the used method. Corrections implemented in an LGN version, crop rotations or
geometric inaccuracies can be accounted for these differences. Research on the accuracy of
the land use changes derived from the LGN database demonstrated that land use changes
were overestimated by as much as 100% when comparing the LGN2 and LGN3 databases
using GIS overlay techniques [7]. From LGN3 onwards a methodology was designed to monitor land use changes in a consistent and accurate way. Land use classes are monitored for
the land use classes, agricultural area, greenhouses, orchards, forest, water, urban area,
nature and infrastructure. Discrepancies between changed areas (table1) and differences in
areas between LGN versions (table 4) can be explained by one or a combination of these
factors.
Most important land use changes in The Netherlands for the last 10 years are the increase of
urban and nature areas at the expense of agricultural land. Internal dynamics within the
classes greenhouses and orchards are large.
The accuracy of the crop classification dropped due to the limited availability of satellite imagery. The validation of the change database showed that the changes are relatively well
detected. However, it is needed to improve the change detection as it is only possible to
monitor them for aggregated classes.
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ABSTRACT
RapidEye will launch five satellites in 2007. Each of them will be equipped with an identical 5band imager. The constellation of the satellites is designed so that any point on the Earth’s
surface can be revisited daily. The resolution of the images will be 5 m with a depth of 12 bits
per channel. RapidEye is already developing concepts and products for land-cover classification and analysis based on these new image acquisition capabilities. The frequent coverage
will enable us to monitor crop growth over time and take crop specific development rates into
account. Our generic approach assumes that each vegetation or crop type has its own standard growth curve and can be taken as a basis for their separation. Crop types are identified
at the field level, based on automatically extracted boundaries. This has the advantages that
no errors due to pixel-to-pixel misregistration are introduced and noise due to anomalies are
cancelled out. Although no RapidEye satellite data are available yet, this concept has been
developed, tested and verified using airborne simulation data of an area in Saxonia-Anhalt.
Winter cereals, canola, corn, peas, potato, and sugarbeet could be separated with consumers
and producers accuracies of around 85%.
INTRODUCTION
Multi-temporal images have proven to be useful for many remote sensing applications. This
has resulted in improved classification depth and accuracy, which is especially true for land
cover classifications where multi-temporal image data are already widely used. However,
currently existing satellite remote sensing systems capable of acquiring multi-temporal images either have only a low or medium resolution, or a repetition rate of several weeks only.
Adverse atmospheric conditions (clouds, dust) are an additional limiting factor. Thus, there is
a general lack of high-resolution image data with a very short repetition interval especially in
regions with frequent cloud cover such as Central Europe or the Mid-West of the USA.
RapidEye aims at filling this gap. The RapidEye satellite system will be operational in the
second half of 2007. Its system will consist of five independent satellites flying at an altitude
of approximately 620 km, each of them equipped with an identical Multi-Spectral Imager
(MSI). The constellation of the satellites is designed so that any point on the Earth’s surface
can be revisited daily. The resolution of the images will be 5 m with a depth of 12 bits per
channel. A nearly fully-automated pre-processing system will generate ortho-rectified and
atmospherically corrected image tiles within 48 hours after acquisition. In addition to the
commonly used spectral bands in the blue, green, red, and near infrared (NIR) bands, the
RapidEye MSI will have a fifth band collecting data from the red-edge spectral region between the red and the NIR band. Regularly performed inter-calibration procedures will ensure
the comparability of the image datasets acquired from the different satellites and time intervals.
RapidEye is already developing concepts and products for land-cover classification and
analysis based on these new image acquisition capabilities, which will provide a cloud free
image from most agricultural regions at least once every three weeks. Hence, we will be able
to monitor crop growth over time and take crop specific development rates into account. The
advantages of a multi-temporal approach for crop classification have been described earlier
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(i). RapidEye is also developing a field boundary identification system. This will allow us to
work at the field – or rather object - level which will result in a more accurate classification
because the mean spectral response can be expected to cancel out some noise due to
anomalies (ii). Moreover, an object based approach will simplify the use of contextual information.
For the crop classification system described in this paper, we are assuming that all non-crop
fields have already been masked out and that for all fields to be identified boundaries are
available. Thus, the main task of the classification system is to separate the various crop
types growing on parcels already identified.
METHODS
The imagery used for this study had been acquired on six different dates in 2000: March 23,
April 27, May 11, June 9, August 1, and August 14. The first and last images were Landsat 7
scenes, while the other images had been acquired with an airborne image system using the
Daedalus scanner. The Daedalus data were resampled to a resolution of 6.5 m, while the
Landsat data had a resolution of 30 m. To eliminate the effect of mixed pixels on the classification, a buffer of 45 m was applied to all fields. Based on the calibrated images, NDVI and
WDVI were calculated. In addition, data from band 5 (NIR) were used for classification. For
the classification, only the first five image dates were used. The last image was omitted because most winter crops had been harvested by the time it had been acquired. Image dates
prior to crop emergence of a given field were also excluded from the analysis. Thus, for some
crops planted in late spring, such as corn, only three images (May 11, June 9 and August 1)
were used.
The ground truth consisted of all major crop types typically grown in Central Europe. In addition, it included fields left fallow and used for biofuel production. It seems that several species
had been used for biofuel production. They had very different growth patterns whereas the
vegetable fields got planted and harvested at irregular dates. Therefore, biofuel and vegetables were not included in the analysis. Spring barley had been planted along the border of
some corn fields. Due to their small size, all spring barley fields got eliminated once the buffering algorithm had been applied.
The data set had previously been separated by Höber (iii) into reference and verification
fields. The same reference fields were used to fit the curve parameters and the verification
fields were used to test the accuracy of the classification approach. Date of sowing was
known for most crop types, except for the fields that were left fallow. Thermal time requirements (iv) were used to calculate the time from sowing to crop emergence. No images from
fall of 1999 were available. It was possible to monitor crop growth after spring green-up only,
which was estimated to have started on February 29. Thus, for the fall and spring planted
crops, the development curves were fitted for the spring and summer periods only.
We are assuming that the crop specific development curve of any vegetation index (VI) can
be expressed with the same mathematical equation, i.e., it is generic. What separates the
crops are the parameters used in the function describing the curve. Crop specific VI development curves (Figure 1) were fitted for each crop in question using a similar approach as the
one described by Clevers et al. (v). They had fitted development of leaf area index (LAI) vs.
calendar days. The use of calendar days as the time axis is suitable for comparing crop development among several treatments planted at the same time. However, temperature can
greatly influence the rate of crop growth, i.e., warm weather generally accelerates growth and
cool weather slows it down. In order to make the curves applicable across different environmental conditions such as regions, years, and sowing dates, they were fitted against thermal
time instead of calendar days. Two vegetation indices were used to depict the development
curves: NDVI and WDVI. The former is relatively insensitive to calibration errors, while the
latter is linearly correlated with ground cover. Base temperature for thermal time differs
among crops. For simplicity, the crops were split into two groups: Crops planted in the fall,
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(barely, canola, rye, triticale, and wheat), and in early spring (peas, sugar beet, and potato)
were assumed to have a base temperature of 0 °C. Corn was the only crop with a base temperature of 8 °C.
To classify the crops, the observed VIs of a field are compared to the crop specific standard
development curves. The crop type with the closest match is then assigned to the field. The
software program eCognition was used to implement the algorithm. It allows for the use of
object-oriented classification methods and inheritance (vi). Thus, it is possible to define
classes from which information can be inherited. To separate the crops, two classes, WinterCrop and SummerCrop were created. Once a crop has been classified as belonging to one
class, it cannot fall under another one. This reduces the risk of misclassification, i.e., a summer crop such as potato (SummerCrop) cannot be confused with a winter crop such as canola (WinterCrop). Apart for the separation between fall and spring planted crops, date of
emergence was also used to refine the classification within each of these two types. The
range for dates of crop emergence was assumed to be within +/- 2 standard deviations of the
average date reported by Noehles vii. However, for barley, corn, and sugarbeet a wider range
was required. Otherwise, some fields would have been misclassified because they fell outside
of the predefined range.

Parameter
M
a
ti
b
ts

Estimate
Approx StdErr
0.91
0.053
0.007
0.0017
174.8
23.83
0.004
0.0006
1655.8
74.1

NDVI = M*(1/(1+EXP(-a*(tt-ti)))-(1/(1+EXP(- b*(tt-ts)))))

Figure 1: Example of fitted NDVI development curve of winter wheat. Parameters shown in
red are the ones that were fitted. ΣDTT stands for cumulative thermal time from date of emergence or spring green-up.
As mentioned earlier, the crop specific development curves of NDVI and WDVI are the centre
piece of the classification system. They were used as follows: Starting from the date of emergence, cumulative daily thermal time was calculated for each image date. These values were
then used to calculate the growth curve values for NDVI and WDVI for each crop. Next, the
differences between these values and the field averages were calculated and weighted with a
function as shown in Fig. 2 to calculate the classmembership values for each image date.
Classmembership value was one if the difference between the field average of NDVI and the
fitted NDVI curve was zero. The classmembership value declined with increasing difference.
It reached zero when the difference between the field average of NDVI and the modelled
NDVI curve exceeded +/- 0.2 NDVI units (with NDVI ranging from 0 to 1). For WDVI, the
boundaries were set to +/- 10 WDVI units (with WDVI ranging from 0 to approximately 50).
These classmembership values based on the comparison between the field measured and
fitted growth curves were then averaged separately across all applicable image dates for
NDVI and WDVI. Final classmembership was calculated as the mean of the classmembership
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values calculated for date of emergence and the NDVI and WDVI based averages. For each
field, classmembership values for all classes were obtained. Each field was then assigned to
the crop with the highest classmembership value.
RESULTS & DISCUSSION
Mark Twain popularized the following statement: “There are three kinds of lies: lies, damned
lies and statistics”. Certain crops such as peas, barley, and potato were represented with few
fields only (Table 1) and the accuracy results might be biased.
Some crops were very similar. Especially triticale, a cross between wheat and rye, is difficult
to separate from the two parent crops. These three crops are typically planted at the same
time and are almost impossible to separate because they have very similar growth habits.
However, Itzerott (viii) had reported that these crops have a somewhat different growth pattern during winter and it might be possible to separate them with additional images. Canola

Figure 2: Membership function used to calculate class membership value based on difference
between ideal and field observed NDVI.
Table 1: Overview of the classification results. The group of winter cereals consists of rye,
triticale, and winter wheat.

Observed

Classified as
Croptype

Barley

Barley
Canola
Corn
Fallow
Pea
Potato
Sugarbeet
Winter Cereals

4

Canola

Corn

Fallow

Pea

Potato

Sugarb
eet

2

1

5

2
8

Winter
cereals

8
33
16
3
5
4

50
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could be very well separated from the other small cereals planted in the fall. Barley had a
somewhat higher ground cover in the spring than the other cereals. It usually precedes the
other small grains by about two weeks in maturity.
Among the spring crops, peas and sugarbeets were generally well separated, although they
are planted at around the same time. Initially, there was a problem separating corn from
sugarbeet and potato. Using texture, it was possible to better separate the three crops. Corn
is planted at a wide distance between the rows and there are no tramways. Thus, its surface
looks smoother than that of peas or potato for the two dates on June 9 and August 1. Ideally,
a fitted curve of texture vs. time should be used. However, there were only two images available that had a high resolution and a sufficient amount of ground cover for all crops. The biggest remaining challenge is the separation of potato and corn. A rather high percentage of
potato fields were misclassified as corn. This issue will need some more refinement using
more frequent imagery. Potato and peas, unlike winter cereals, often get harvested before the
foliage naturally senesces. This information can be used as an additional classification criterion in a future version.
Spring in 2000 was rather dry. A few fields were irrigated, while the majority was not. No distinction was made in the analysis and it seems that the algorithm is rather stable in that respect. Consumers and producers accuracies were around 85% (Table 2). With a larger data
set, it will be possible to establish accuracy results with a higher level of confidence.
Table 2: Statistical analysis of the accuracy of the field based classification results.
Croptype
Producers accuracy [%] Users Accuracy [%]
Barley
66.7
50.0
Canola
100.0
100.0
Corn
91.7
86.8
Fallow
100.0
100.0
Pea
100.0
100.0
Potato
41.7
71.4
Sugarbeet
100.0
72.7
Winter Cere92.6
96.2
als
Average
86.6
84.6

CONCLUSIONS
In general, the generic classification approach described in this document provides a good
base to run crop classifications under different conditions. There is room for additional improvement, such as a finer separation of the winter cereals with the additional use of imagery
from fall and winter. With the data from the RapidEye satellites it will also be possible to better
use texture as a classification criterion.
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ABSTRACT
The Boreal and Tundra ecosystems of the mid-high latitudes provide sensitive indicators of
environmental impacts both of climate change and human activities. A number of studies
have emphasized changes and trends in Eurasia due to drivers of natural and human induced
land cover dynamics, in particular for the period 1982-1999. The investigations of this study
focus on the very recent years of 1998-2005 and cover the whole boreal ecosystems of
Northern Eurasia with its geographical dimensions of 42°N to 75°N and 5°E to 180°E. The
study focuses on linear trends from 1998-2005 using inter-annual and inter-seasonal trends
in the SPOT-VGT mosaics.
Significant trends could be detected in the NDVI and NDWI time series from 1998-2005. The
trends differ by season (spring, summer, fall), land cover type and latitude. The spring trends
show significant positive NDVI regression slopes and strong negative NDWI slopes over the
evergreen needleleaf-, needleleaf/broadleaf-, and mixed forests of the Russian and Scandinavian boreal zone, which indicates an onset of the vegetation green-up dates (NDVI trends)
over eight years linked with earlier snowmelt (NDWI trends). Similar vegetation dynamics can
be exposed in the fall. Positive NDVI slopes over nearly all vegetation classes indicate a
longer durance of the vegetation period. Contrary trends were detected in the tundra. The
tundra ecosystems of the northern Eurasia latitudes seemed to be affected by trends of negative NDVI and positive NDWI slopes. The significant trends could be acquired in the prostrate
shrub tundra followed by sedge and shrub tundra. This may be explained by earlier snowmelt
from higher temperature anomalies since the last eight years. The estimates over these
mainly climate controlled processes can be consolidated by analyzing the surface temperature anomalies from 1998 to 2005. In comparison with the base from 1951 to 1998, positive
surface temperature anomalies are observed particular in spring and fall season. The analysis of the summer NDVI trends with GLC2000 cropland classes on Oblast level in Russia
point at hot spots of agricultural land changes in the south-western part of Russia.
INTRODUCTION
Northern Eurasia is a hot spot in global environmental change. There are significant temperature anomalies [1], [2], [3], and there is no doubt that climate change is the major force of environmental change [4]. In addition, land dynamics are driven by socio-economic changes in
the Former Soviet Union (FSU). Decreasing agricultural subsidies [5], [6], cause wide natural
succession and afforestration processes potentially acting as carbon sinks [7]. Cross-border
comparisons of landscape pattern in Eastern Europe [8], and European Russia [9], the analysis of fire frequency and pattern [10], [11], and logging pattern [12], have recently emphasized
the human impact on Northern Eurasia’s land cover characteristics.
Despite such major processes, their effects and representation in distinct land cover characteristics are still not suffienctly understood. Of particular interest are their temporal character-
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istics, their comprehensive nature and consistency for the whole of Northern Eurasia, and to
have an up to date for the very recent years. Building upon previous analysis using long-term
NOAA-AVHRR satellite time series data [13], [14], [15], the aim of this paper is to present the
most recent indicators of land-cover change in Northern Eurasia for 1998-2005. We apply
seasonal SPOT VGT mosaics and a regression technique to observe linear trends in the
NDVI and NDWI and use them as change indicators. The trends are discussed and analyze
using a suite of ancillary remote sensing data products, i.e. a land cover map, a digital elevation model, a burnt area database, and a freeze-thaw product. The investigation area covers
the boreal ecosystems of Northern Eurasia with its geographical extent of 42°N to 75°N and
5°E to 180°E.
DATA AND METHODS
The satellite data have been provided through the TerraNorte Information System
(http://terranorte.iki.rssi.ru). Seasonal averaged mosaics from 1998-2005, derived from
maximum NDVI images of SPOT-VGT S-10 products [16] for the seasons spring (March-May,
begins in 1999), summer (June-August) and fall (September-November) were used for a
multi-annual trend analysis. Land-cover data were provided from the SPOT-VGT derived
Global Land Cover Map of the year 2000 (GLC2000, [16]). Surface temperature data
(GISTEMP) from the NASA Goddard Institute for Space Studies (GISS) were used to compare land cover change trends with recent temperature anomalies in Northern Eurasia. Global
datasets with a cell size of 2°×2° degree grid are available on the GISS website
(http://data.giss.nasa.gov/gistemp/maps, [3]. The study did focus on trend analysis, however,
used a SPOT VGT based Burnt Area Inventory Database for Boreal Ecosystems 2000-2005
(BIS) [11]. The fire activity assessed by the Burnt Area Inventory Database for the Boreal
Ecosystems [11] should be mentioned as major land cover change process in Northern Eurasia. Forest fires which are often triggered by human activities cover large areas of forest
cover. Fire events cause temporally abrupt land disturbances and areas burnt 2000-2005
were excluded from the trend analysis.
Data from Shuttle Radar Topography Mission (SRTM) from the Global Land Cover Facility
(GLCF, available at http://glcf.umiacs.umd/data) were used to analyze the NDVI/NDWI trends
in terms of height dependence. Data of the duration of the thaw/freeze alternation period over
the SIBERIA-II region derived by the operational scanning dual spot beam scatterometer onboard the QuikSCAT satellite using diurnal difference indicator [17] were used to analyze
SPOT-VGT trends in terms of climate controls on snow melting onset in the Siberian tundra
and taiga ecosystems.
To detect significant positive and negative trends in the SPOT-VGT seasonal mosaics from
1998 - 2005, a temporal trend analysis using the ordinary least squares (OLS) regression
technique on the basis of a linear regression model (Y = a + bX + ε) as presented by Fuller
[18] and Zhou et al. [15] is applied on the dataset. The trends are analyzed on a confidence
level of 95% using standard t-test. NDVI (λNir – λRed / λNir + λRed) and NDWI (λNir – λSwir /
λNir + λSwir) were computed and regressed over eight years time (1998-2005). For each
pixel slope of the linear regression (in NDVI or NDWI unites) and R² values (in %) were extracted. Only the significant trends of either increasing or decreasing NDVI or NDWI signals
were compared with the GLC2000 to see land cover types are most affected and susceptible.
Comparisons with temperature anomalies, digital elevation models, and changing freeze/thaw
patterns were performed to visualize seasonal patterns of NDVI/NDWI trends and provide a
deeper understanding of processes ongoing.
RESULTS AND DISCUSSION
Significant trends appear as sub-continental and regional patterns differing with season and
land cover type. Figure 1 summarizes the eight years SPOT-VGT NDVI time series reflect the
main land change indicators in Northern Eurasia. Positive NDVI trends on croplands in sum-
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mer indicate socio-economic driven processes of land cover change. The Northern Eurasia
boreal forest ecosystems show significant positive NDVI trends in spring and fall. Increasing
temperatures trigger an onset of vegetation greening in the major forested land cover types
and at least a lengthening of the active photosynthetic period of vegetation. In the entire tundra ecosystems significant trends in spring were mapped indicating earlier snow melting and
an onset of daily thaw and freeze alteration period. Increasing surface temperatures in the
high latitudes are the main trigger for this process. The fire activity assessed by the Burnt
Area Inventory Database for the Boreal Ecosystems [11] should be mentioned as major land
cover change process in Northern Eurasia.

Figure 1: Recent land-cover trends in Northern Eurasia 1998-2005 derived from SPOT-VGT
seasonal mosaics.
Climate Controls on Vegetation Phenology
It is evident that there is a direct relationship between recent temperature anomalies and the
vegetation activity within the recent eight years. The comparison of GISS surface temperature
trends derived from global stationary data by season from 1998-2005 with SPOT-VGT NDVI
trends shows similar spatial patterns from both temperature anomalies and SPOT-VGT
trends. A temperature-response of the whole Russian Taiga and Scandinavian boreal forests
is visible for spring. The same development can be recognized in the fall season, where the
strongest NDVI trends follow the high-temperature pattern in central Siberia. Negative NDVI
trends, in relation to temperature increase in spring, are visible in all tundra ecosystems in
Northern Eurasia. Negative NDVI trends are apparent due to decreasing temperatures as
observed in spring for Western Russia, Mongolia, and China. A positive summer NDVI trend,
corresponding to areas with negative temperature trends, can be seen in the European Russia. This change perhaps reflects more socio-economic driven processes of land cover
change and will be discussed in more detail later.
All boreal forest types of Eurasia exhibits positive NDVI trends in spring and fall. The zonal
mean GLC2000 land-cover trends, as shown in Figure 2, help analyzing the NDVI/NDWI
trends in terms of land-cover and ecosystem dynamics. Most affected are needle-leaf forests
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classes and broadleaf/needle-leaf mosaic classes with mean annual NDVI increase of 0.0006
– 0.0022. NDWI shows reverse slopes within the forest classes. Similar trends with a slighter
bias of the NDVI/NDWI trends were recognized in the wetland classes bogs and marshes,
palsa bogs and riparian vegetation. Positive NDWI in conjunction with negative NDVI slopes
were detected in the entire circum-polar tundra regions in northern Siberia and Scandinavia
as well as the mountain tundra regions.
Higher temperatures and earlier snow melting are responsible for a longer growing season in
high latitudes [13], [19]. The NDVI data derived from NOAA-AVHRR showed an increased
biosphere activity in latitudes about 35°N. Myneni et al. [13] describes the NDVI increase in
Eurasia for a geographical band extending from Spain across Asia to the western Pacific
Ocean, which is comparable with the summer trends in this study. Further studies done by
Zhou et al. [15] were able to manifest the long-term NDVI trends in the northern hemisphere.
The correlation of the most recent SPOT-VGT trends with long term NDVI time series data
reinforces the hypothesis that climate is the major driver of land cover change.
Climate control mechanisms on vegetation phenology using NDVI datasets on a global scale
has been estimated by a number of studies [20], [21]. As a consequence of increasing temperatures the vegetation greening moves northwards and the onset of the phenological dormancy moves in a southern direction. The use of SPOT-VGT data by Delbart et al. [22]
proves to be advantageous to detect the timing of the biospheric activity of different vegetation types.
Mean GLC2000 Land cover Trends Spring 1999-2005
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Figure 2: Land-cover trends in Northern Eurasia (42°N to 75°N and 5°E to 180°E) derived
from zonal mean values of NDVI and NDWI regression slopes (points) and R² (bars) for
GLC2000 land cover classes: ENF=Evergreen Needleleaf Forest, DBF=Deciduous Broadleaf
Forest, NBF=Needleleaf/ Broeadleaf Forest, MF=Mixed Forest, BNF=Broadleaf/Needleleaf
Forest, DNF=Deciduous Needleleaf Forest, BDS=Broadleaf Deciduous Shrubs,
NES=Needleleaf Evergreen Shrubs, HG=Humid Grasslands, S=Steppe, BM=Bogs and
Marshes, PB=Palsa Bogs, RV=Riparian Vegetation, PST=Prostrate Shrub Tundra,
SET=Sedge Tundra, SHT=Shrub Tundra, C=Croplands, FNM=Forest-Natural Vegetation
Mosaic, FCM=Forest-Cropland Mosaic, CGM=Cropland-Grassland Mosaic.
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Agricultural abandonment as driver of Land Cover Change
Significant positive NDVI trends in the summer season over the mainly agricultural used
Chernozem Zone in Russia as well in the former Soviet Nations like Ukraine, Belarus, and the
Baltic states indicate land use changes originated through post-Soviet land use change.
Large-area agricultural land abandonment processes are causing re-naturation and natural
afforestration transitions in former agriculture dominated regions. The comparison of the
summer NDVI trends with the loss of arable land (1997-2003) derived by agricultural statistics
[23] on Oblast level shows a correlation of up to 45% (Figure 3). Comparisons with multitemporal Landsat data showed natural succession on former agricultural land is in particular
located at remote areas, along river lines, forests and along the state and Oblast borders.
Cross-border comparisons of post-Soviet land-use change as well as affects on biodiversity,
as done by Kümmerle et. al. [8] and Radelov [9] for Eastern Europe have demonstrated such
processes and should to be analyzed on coarse scale analysis.
Indication of Snowmelt onset in the Tundra
The negative NDVI and positive NDWI trends within the northern hemispheric tundra ecosystems may be related to temperature effects and an earlier onset of snow melting. The trends
in spring give averaged information between March and May; the time where the vegetation
period begins for the Taiga region. The main time of intensive snow melting for the Tundra is
from May to July and thus the observed spring trends do no represent vegetation activity.
Earlier snowmelt raises the surface water content causing a stronger NIR and SWIR channel
absorption and a positive NDWI and negative NDVI trend. Figure 4 shows a clear dependence of NDVI/NDWI trends and topography. The scatter plots of NDVI regression slope versus height based on SRTM-DEM show a correlation between elevation and trends. The NDVI
shows a linear relationship of decreased trend occurrence with higher elevation. The more
prominent in the low elevation floodplains confirm the presence of surface water as driver of
the observed trend signal.
According to McCloy et al. [24], further studies have to set their focus on data synergies between existing coarse scale global NDVI data products like Pathfinder, FASIR, and GIMMS.
Also in terms of accuracy assessment and harmonization purposes multiple data use can be
useful. The comparative analysis of trends derived from SPOT-VGT and other coarse scale
satellite data would minimize systematically errors and inaccuracies. The transmission of data
inaccuracies within multiple data applications should be avoided in future global change studies.
The recent calibration problems concerning the VEGETATION-2 instrument should be mentioned. The over-estimated calibration coefficients of the RED and NIR bands for the VGT-2
sensor, used for sensor degradation correction can affect an NDVI decrease of up to 10%
within three years [25], which potentially influences NDVI time series estimates. However, the
SWIR band calibration coefficient is well estimated compared to the other bands. This study
uses averages values over three month both from the VGT-1 and VGT-2 sensor. We observe
positive and negative trends over eight years that vary for different seasons. A significant effect of the calibration error would be of “global nature”. Thus the global calibration problem
will not impact whether there is a trend or not but may have an effect for the strength of the
trend (i.e. overall NDVI increase) without change the relative change pattern.
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Figure 3: Positive NDVI trends between 1998-2005 derived from SPOT-VGT on croplands
indicate the succession of natural vegetation on former agricultural fields as a post-soviet
process. The comparison between the area loss derived by agricultural statistics [23] on
Oblast level shows a correlation of up to 45%.
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Figure 4: Significant trends were detected in the northern Siberian Tundra. Positive NDWI
trends (a) and an lengthening of the period of daily thaw and refreeze between (b) 2000 and
2003 [17] indicate an onset of the snowmelt season. The dependence of NDVI trends and
topography are displayed in the subset of the Verkhoyansk Range and the delta of the Lena
River between 123°E-128 °E and 75°N-71°N (c) and the scatter plot of spring NDVI regression slope vs. SRTM-DEM elevation data (d).
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ABSTRACT
In this paper we present the preliminary results of an ongoing study that aims to develop a
land cover classification for mainland Portugal based on a multi-stage classification approach
using the spectral and temporal pattern analysis of MERIS Level 2 full resolution data. First,
our methodology uses unsupervised classifications and time-series analysis in an intraannual set of MERIS images, for the production of a 5 class stage one map. In a second
stage, supervised classifications were applied for those classes that still could be more specified, producing a final map with 19 land cover classes. In order to apply and test the classification procedures we have used a set of samples collected for the 19 classes. The sampling
process was performed by visual interpretation of high spatial resolution Earth Observation
data, namely SPOT5-XS images acquired during the year of 2003. The final map has a global
accuracy of 79%.
INTRODUCTION
Nowadays, precise, reliable and up to date information on land cover and land use is of the
greatest importance in environmental studies and in support of decision making for a wide
variety of policies. With the recent launch of high temporal resolution earth observation satellites, such as Envisat, carrying high spectral resolution sensors (e.g., MERIS) with interesting
spatial resolutions, new approaches in land cover classification methods that produces
cheaper, faster and more accurate results and more accurate results may be available. One
can now take advantage of the multi-spectral and multi-temporal patterns analysis to enhance
automatic classifications in land cover mapping and improve considerably land cover information, when comparing to previous available data obtained from more antique and less sophisticated sensors, like the AVHRR sensor for example. It is known that the availability of a large
number of spectral bands makes possible the identification of more detailed land cover
classes with higher accuracy than would be possible with the data from earlier sensors (i).
Also, several studies have proved the advantages of performing a land cover classification
based on multi-temporal satellite imagery data (ii, iii, iv, v).
In this study we try to take advantage of the MERIS (MEdium Resolution Imaging Spectrometer) enhanced spectral and temporal resolutions. This sensor is one of the payload components of ESA’s Envisat-1, which was launched in March 2002. It measures the solar radiation
reflected by the Earth at a maximum ground spatial resolution of 300m, in 15 programmable
spectral bands, ranging from the visible to the near infrared (390 nm to 1040 nm) radiance,
offering complete global coverage in 3 days and providing the most radiometrically accurate
data on Earth surface that is currently acquired from space (vi).
In order to derive a land cover cartography for mainland Portugal, we propose a methodology
that is composed of two stages. First, our methodology uses unsupervised classifications and
time-series analysis in an intra-annual set of MERIS images, for the production of a 5 class
stage one map, and in a second stage, supervised classifications are applied for those
classes that still can be more specified, producing a final map with 19 land cover classes.
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With this study we also intent to assess the advantages of the exploitation of spectral and
temporal characteristics of MERIS imagery data for the improvement of land cover spatial and
thematic characterization, since it has not been yet broadly stated. Presently, few research
studies and operational programs are focused on the analysis of MERIS data for land cover
cartography production (vii, viii, ix). The results presented here are preliminary and were obtained in the framework of an on going research work that aims at developing a systematic
classification methodology for the regular production of land cover cartography from medium
spatial resolution satellite imagery.
METHODS
The methodology used to obtain a land cover classification for mainland Portugal (Figure 1)
consisted in a multiphase strategy. We used both unsupervised and supervised classifications with temporal analysis over the input data but applied at two different stages. First, unsupervised classifications and time-series analysis were performed in an intra-annual set of
MERIS images, for the production of a 5 class stage one map. In the second stage, supervised classifications were applied in a mask based approach in order to obtain more detailed
land cover classes. The images used in this second stage were the ones that proved by logic
and trial to be the best for specific land cover class discrimination. The main objective of this
strategy was to take advantage of the annual phenologic variety that is present in many land
cover types, in order to decrease inter-class confusion that often result from one date classifications, and derive at the end a land cover map with 19 classes according to a specific nomenclature. To carry out the classification procedures, a collection of land cover samples was
used in order to train the classifiers and test the results.
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Figure 1: Methodology for the production of a 19 class land cover classification for mainland
Portugal.
Data pre-processing
In this study we exploited the Level 2 Full Resolution MERIS imagery. These data consists of
calibrated surface reflectances in 13 spectral bands (original bands 11 and 15 were removed
from this product since they address O2 content and water vapor) that are atmospherically
corrected for Rayleigh scattering, ozone, water vapour absorption and aerosol content. We
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made use of an intra-annual set of MERIS images (one image a month) that were acquired
through the year of 2005. Later, we have excluded the March and September image because
they presented large areas covered by clouds.
The pre-processing of the MERIS original data was done using the BEAM VISAT 3.4 ® software application. Images were first orthorectified, using the getasse30 digital elevation model,
co-located and projected into Hayford-Gauss, Datum Lisboa map projection, in order to allow
multi-image analysis and to combine them with already existing auxiliary information. This
was easily accomplished since MERIS Level 2 imagery are already geolocated. Finally, images were exported from raw format and converted to GeoTIFF.
Land cover nomenclature
The land cover nomenclature used was developed by the Remote Sensing Unit of the Geographic Portuguese Institute (IGP) (Table 1). The nomenclature classes were defined through
the Land Cover Classification System (LCCS) from Food and Agriculture Organization (FAO)
(x). This nomenclature was developed in order to: (1) to be representative of the landscape
types existent in regions with characteristics similar to the Portuguese mainland, and (2) to be
compatible with established ones (e.g., CORINE Land Cover, Global Land cover and the International Geosphere-Biosphere Programme nomenclatures) in order to make possible the
comparison of our maps with others.
Table 1: Land Cover nomenclature and classes description.
Land Cover Class
Continuous Artificial Areas
Discontinuous Artificial Areas
Rain fed Herbaceous Crops
Irrigated Herbaceous Crops
Rice Crops
Permanent Evergreen Crops (Trees or Shrubs)
Permanent Deciduous Crops (Trees or Shrubs)
Broadleaved Closed Trees
Broadleaved Open Trees
Needleleaved Closed Trees
Needleleaved Open Trees
Mixed Closed Trees
Shrubland
Natural grassland
Sparse Vegetation
Recently Burnt (Trees or Shrubs)
Permanent Wetlands
Barren
Water Bodies

Code
11
12
21
22
23
241
242
311
312
321
322
331
351
371
38
310
5
6
7

Sample collection
In this study we used of a set of predefined samples collected for the present 19 class nomenclature for the year of 2004 by means of visual interpretation of high spatial resolution
Earth Observation data, namely SPOT5-XS images acquired during the year of 2003 and
orthorectified colour infrared aerial photography of 1995. This set of samples was collected in
order to evaluate several supervised land cover classification techniques in MERIS imagery
(ix).
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Each sample represents a specific land cover class covering at least 90% of the area covered
by a MERIS 300-by-300 m pixel (same as the nominal resolution of used satellite images).
The goal was to have, for each land cover class, the samples distributed all over the mainland
territory in order to obtain a high-quality representation of possible regional within class differences. For each class 40 samples were collected (ix).
With the purpose of determining if any of the 2004 collected samples still corresponded to the
same land cover class in the year of 2005 (year of the study) annual NDVI profiles were analysed and erratic or misclassified samples were removed from the sample set. As very few
samples were removed, we understood that there was no need for additional sample collection.
Classification
The first stage of our methodology consisted in the unsupervised classification of each of the
10 images separately. We used the K-means algorithm in order to derive 20 clusters for each
image. The objective was to classify each image into 3 classes (water, vegetation and soil) by
labeling the spectral classes. This procedure was done with the help of the entire set of samples (Table 2), ancillary information and by means of visual interpretation.
Table 2: Labeling of the clusters for the August image. Rows are related to clusters and columns are related to the samples.
11 12 21 22 23
1
2
3
4
5
6
7
8
9
10
11
12
13
14
15
16
17
18
19
20
Sum

24
1

24
2

7
17
1
3
2

1
3 7
27 28

1
12
1
14
10
1
1

1
6
4 6
1
12
6 18
5
4 10
2 3
1

4

3

1

1
8
3
1
5
7
5
5
4

1

40 40 39 36 39

31
1

1
1
3
9
3
4
12

7
2

31
2

32
1

34
5
1

3
21
1
10

32
2

10
9
9

33
1

35
1

22

14

12

17
2

1

2

8

37 38
1

3
16
1

3
4
5
4

9

7
10
8 1
1

1

6

14

12
10

1

7 Sum
21
19

9

7
5
4
2
2

1
1
1

5

39

5

15
23
1 1

2
2
1
1

1
5
2
1
1

1

39

31
0

40

40

39

36

35

35

39 36

39 40 39 40

Label

36 Water
42 Water
56
Veg.
75
Veg.
56
Soil
47
Veg.
59
Veg.
48
Soil
55
Veg.
32
Soil
31
Soil
34
Soil
22
Veg.
33
Soil
50
Soil
16
Soil
26
Soil
9
Soil
3
Soil
0
Soil
730

Note that not all clusters were captured by the sample set (in this specific case, cluster 20).
These clusters were label only with the help of ancillary information and by means of visual
interpretation.
After all images were classified we began with the temporal analysis process. At this point,
with the help of the training samples, a suite of decision rules were defined in order to produce the stage one 5 class map. This complex set of rules tries to capture the annual
phenologic variety that is present in many land cover types using it to separate those classes
that wouldn’t be simply differentiated by other means. For example, non irrigated land can
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easily be mistaken by bare soil if a summer image is used. Likewise, irrigated land can also
be confused with bare soil if a winter image is used. Using an entire year of satellite imagery,
these confusions can be reduced. Non irrigated land will present vegetation in winter time and
irrigated land will present vegetation in summer time. Bare soil will present no vegetation during the whole year. In Figure 2 we present the created rules in the form of a decision tree.
In the second stage of our methodology, supervised classifications using the maximum likelihood algorithm were performed individually for each class (masks) of the intermediate map.
The images used for the classification were the ones that proved by logic and trial to be the
best for specific land cover class discrimination. For each of the created masks, we defined a
different set of training samples. This definition was accomplished considering two different
situations: (1) by selecting from the training sample set all samples whose class was expected to exist inside the considered mask and (2) by selecting from the training sample set
all samples that were found inside the considered mask.

Figure 2: Map algebra expressions applied to the set of the 10 month maps in order to derive
the Stage one Map.
RESULTS & DISCUSSION
Results regarding the stage one map and final map can be observed in Figure 3. The global
accuracy of this map is 90%. Concerning our 19 class final map, the confusion matrix presented in Table 3 shows a global classification accuracy value of 79%. In general, individual
classes also present very good accuracy values, illustrating the success of the classification
and developed methodology.
A closer view to the User’s Accuracy (UA) (commission errors) shows that the worst values
belong to forest classes, namely Broadleaved Closed Trees (311), Neddleleaved Open Trees
(322) and Mixed Closed Trees (331). As expected, the major confusions for these classes
appear to be between the same forest types but with different percentages of cover (Closed
or Open). This resulted in low Producer’s Accuracy (PU) (omission errors) for classes Broadleaved Open Trees (312) and Neddleleaved Closed Trees (321).
The Water class was slightly overestimated (low UA value), mainly because of confusions
with wetlands. This later class was, as consequence, underestimated (low PA value). One
possible justification for this confusion is that the wetlands class represents land cover occupations that are usually flooded with water continuously.
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Figure 3: Land cover maps. The stage one map is on the left side and the final map is on the
right side.
Table 3: Confusion matrix for the 19 class final map. The produced map classes are in table
rows while the table columns are the classes of the reference map.
11
19
11
1
12
21
22
23
241
242
311
312
321
322
331
351
371
38
310
5
6
7
Sum 20
PA(%) 95

350

12 21 22 23
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1 18
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3
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Classes 38 (Sparse Vegetation) and 241 (Permanent Evergreen Crops) showed as well to be
of difficult mapping. The former was mainly confused with the Barren (6) class and the later
was mainly confused with the Permanent Deciduous Crops class (242) and with the Broadleaved Open Trees class (322).
All classification results we report in this section were obtained using the collected non random sample set. Therefore, it is only related to the accuracy of the classifiers, and not to the
accuracy of the final map. Because we didn’t follow a true statistically valid approach concerning the sample collection (no truly random selection was produced), there is a chance
that results can be some how biased. In order to test this idea, we decided to compare our
final map with the most accurate data that we could access, i.e. the CORINE Land cover
(CLC) database for the year 2000 (CLC2000) (xi). The overlapping of these two maps, after
nomenclature harmonisation, showed a disappointing 44% agreement value. This low value
contrasts with the high accuracy expressed by our validation procedure. This evidences the
fact that the used sample set is not as representative as it should be.
We also have produced statistics for the final map (Figure 4). These showed that our final
map clearly overestimate the presence of Permanent Crops (241 and 242). The former map
comparison revealed that Permanent Crops of our map are appearing in CLC Non Irrigated
Crops areas. This could be consequence of the fact that many of the permanent crops present non irrigated crops as understory systems.
18
16
14
12
10
8
6
4
2
0
5

6

7

11

12

21

22

23

38 241 242 310 311 312 321 322 331 351 371

Figure 4: Statistics of percentage cover for the 19 class final map
From the map comparison we could also realize that the Rice Crops (23), Barren (6) and the
Natural Grasslands (371) classes are overestimated. While the former is mainly mixed with
the Irrigated class the later is generally mixed with all natural vegetation classes and essentially with the non irrigated crops class. This last class confusion may be explained by the fact
that these non irrigated crops and natural grasslands have an annual similar behaviour
(green in winter and dry in summer).
A different approach in the classification methodology that could have been used in order to
diminish these misclassifications was to have used a maximum likelihood classification algorithm with area-weighted priors. Literature has showed that the use of this algorithm instead
of the standard maximum likelihood classification algorithm (used in this study) in land cover
classification procedures leads to more accurate results (xii). These area-weighted priors
could be calculated based on the CLC2000 contributing for a better and truer result of our 19
class final map.
Also, the use of a strong statically valid collection of samples that would grant a better representativeness of reality, would lead to greater confidence in the results.
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CONCLUSIONS
The main goal of the current study was to develop a land cover classification for mainland
Portugal based on a multi-stage classification approach using the spectral and temporal pattern analysis of MERIS Level 2 full resolution data. As a final result it was produced a 19
class land cover map with an estimated accuracy of 79%, suggesting that the proposed
methodology is effective in land cover characterization. Although, there were some misclassifications that the used validation didn't captured. Thus, for greater confidence in the results, a
statistically valid collection of samples that can grant a better representativeness of reality is
required in the future. Also, the use of more sophisticated classifiers, like the maximum likelihood classification algorithm with area-weighted priors, may lead to results improvement.
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ABSTRACT
Portugal’s environment has dramatically changed since its accession to the EC in 1986.
Numerous steps forward have been made due to the effects of European environmental
policy – however, not always European legislation leads to favourable conditions in land
change scenarios. For example, the Common Agricultural Policy (CAP) leads to a conversion
of formerly rangelands into farming land, thereby largely disregarding the physio-geographic
boundary conditions. On the other hand, forestations of large areas mainly with pines (Pinus
pinea) and eucalyptus (Eucalyptus globules) are established due to available subsidies.
Again, negative impacts on the environment, such as land degradation as a result of
increased soil erosion, water resources depletion, and the loss of biodiversity, can be the
consequence. The research question of this study is, how Land Use/Cover Change (LUCC) in
affected areas can be quantified based on moderate resolution satellite imagery to serve as a
basis for subsequent modelling.
The district of Mértola in the Alentejo served as a reference. It is dominated by agriculture,
both traditional agro-silvo-pastural land-use systems (Montado) on rolling hills and wheat
production in the plains. Besides, forestations are interspersed in otherwise predominant
rangelands. We utilized two Landsat TM scenes acquired in 1985 and two Landsat TM/ETM+
scenes from 2000/2001 for the change analysis. The data sets were ortho-rectified and
radiometrically corrected in a parametric way to minimise pseudo-change and to allow for
quantitative analyses. A hierarchical analysis scheme was applied based on combined image
stacks and principal components with subsequent classification of change areas. The change
analysis based on multitemporal and multidate imagery yielded a precise image of changes in
the region.
Results exhibit the major differences between the time of EU accession and today. These
include invasion of agricultural areas in original rangelands, set-aside areas, the increase of
forest plantations, and the construction of numerous water supplies to foster irrigated
agriculture. It is apparent that not all of these developments are in line with a sustainable
development strategy of the region. We close with an outline of future research on the
coupling of agent based models with satellite based LUCC results. These will lead to a
deepened knowledge of the underlying driving forces of land change in the South of Portugal.
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LAND COVER CHANGES IN THE REGION OF ROSTOCK
Al-Hassideh, A. & Grenzdörffer, G.
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Rostock; Tel. +0049 0381 498 2025 , Fax . +0049 0381 498 2188, e-mail
hassideh@hotmail.com, goerres.grenzdoerffer@uni-rostock.de
ABSTRACT
Remote sensing techniques are widely used to study and monitor land resources for example
land use and land cover, especially the temporal changes that might occur within these
resources, due to human activities or natural processes. In this work land cover (agricultural,
forest, beach, water, and urban area) of Rostock region was monitored by analysis of multitemporal Landsat TM images over the period 1973-1999.
STUDY AREA
The region of Rostock is located in the federal state Mecklenburg-Vorpommern in the north of
Germany. The study area covers 1553 km².
DATA
Images: Landsat MSS 29.05.1973, Landsat TM 12.06.1989, Landsat ETM 03.08.1999, Maps:
ATKIS 1999, Corine 1990
METHOD
The data analysis was carried out with the software eCognition from the Definiens AG. The
three images were classified with a supervised object oriented approach, based on the
standard nearest neighbour method in five classes (urban, agricultural, coast, forest, and
water). For accuracy assessment of the classification results a TTA mask with independent
samples was built in ArcGIS. The multi-temporal analysis is a process to detect the changes
which occurred on an area. Temporal detections have been undertaken by going backwards
to 1973, 1989 and 1999. Using GIS-intersections the changes can be detected and
quantified.
ACCURACY STATISTICS
An accuracy assessment was performed on the classification results. A confusion matrix of
the TTA sites with the classification was produced. The overall classification accuracy is
95,9% for 1973, 98,95% for 1989, and 98,45% for 1999.
CHANGE DETECTION
During the investigation period, for the primary types of land cover, distinct changes have
occurred: urban areas increased by 50 % between 1973 and 1999 (~ + 3.000 ha),
agricultural land decreased over time (~ - 3.600 ha). Forested areas increased in the time
frame 1973 – 1989, and remained constant since then. Water bodies remained approximately
the same during the whole time period. The strong increase of the urban land use /
impervious area is realtied to two different processes. In the years between 1973 and 1989
the city of Rostock has undergone a strong growth in population and industrial areas. In the
years 1989 to 1999 suburbanisation in the vicinity of the city of Rostock and around many
villages and towns is the main driving force for construction of new houses and commercial
areas.
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CORINE LAND COVER DATA
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ABSTRACT
Image and CORINE Land Cover 2000 database is one of the most contemporary and comprehensive sources of information for the regional analysis and planning in Bulgaria. The aim
of this study is to identify and analyse the spatial distribution of the land cover and land use
changes over the Bulgarian territory. GIS technology and I&CLC2000 database are used to
extract information about the detected changes by administrative units and landscape parameters.
Assessment and analysis of the regional differences are performed. The results obtained for
the whole territory show that the main changes are observed in forest and agricultural areas.
Comparative analysis with other CLC countries range Bulgaria in the group of countries with
smallest land cover and land use changes in Europe
INTRODUCTION
The CORINE Land Cover 2000 (CLC2000) database is a valuable source of harmonized information for the land cover changes in the greater part of the European territory. This 1:100
000 scale database with CLC1990, CLC2000 and CLC Change layers is used in many studies to asses the land cover changes for the period 1990-2000 on European and national level
(1). Buttner et al. (2) made the first comparison of the CLC changes for 7 European countries.
The examination of land cover changes provides the possibility of evaluating landscape development. Definitions of categories of landscape changes based on land cover changes are
presented by Stott and Haines-Young (3) and by Feranec еt al. (4). Assessment of landscape
changes based on CORINE Land Cover data are presented at national and regional level (4,
5, 6, 7, 8).
The aim of this study is to identify and analyze the spatial distribution of the CORINE land
cover/land use changes for Bulgaria, to create and evaluate the landscape changes database
for the 6 planning regions (NUTS2) in Bulgaria, and to compare the national and regional Top
5 CLC changes with that of the other CORINE European countries. The spatial landscape
changes database can be used in combination with other thematic information (socioeconomic factors, spatial environmental databases, etc.) for regional planning and environmental management.
METHODS
The main source of information used in this study is the CORINE Land Cover 2000 database
for Bulgaria. The CLC Change layer comprises the land cover/land use changes in Bulgaria
for the period 1990-2000. The data are obtained by computer aided visual interpretation of
Landsat 5 and Landsat 7 ETM+ orthorectified multispectral images applying the methodology
and nomenclature of the IMAGE&CORINE Land Cover 2000 Project (9, 10, 11). The CLC
changes are registered when the following criteria are met: minimum width of 100 m and

356

Center for Remote Sensing of Land Surfaces, Bonn, 28-30 September 2006

minimum changed area of 5 ha in an existing polygon, and minimum changed area of 25 ha
for a new – “island” type polygon.
GIS technology is applied for the transformation of land cover changes into landscape
changes. Seven types of landscape changes, defined by Feranec et al. (4, 5, 6), are used for
this purpose. The land cover changes according to the CORINE nomenclature are reclassified into the following types of landscape changes: 1. Intensification of agriculture – change of
pastures or forests to arable land, as well as the change of arable land to permanent crops
(vineyards, orchards), greenhouses and hothouses; 2. Extensification of agriculture – change
of permanent crops (vineyards, orchards) to arable land or pastures, as well as the change of
arable land to pastures (abandoning arable land); 3. Urbanization/industrialization – change
of agricultural lands and forests to urbanized landscapes (construction of buildings for residential, educational, sport and recreation purposes) and industrialized landscapes (industrial/commercial, transport and construction sites); 4. Enlargement/exhaustion of natural resources – change of agricultural lands, forests and other land cover classes to areas for mineral mining (quarries and open pit mines), and their enlargement or exhaustion in corresponding localities; 5. Afforestation – natural or human-induced afforestation after forest hewing, as
well as changes of agricultural lands (pastures, arable land) to forests at a different growth
stage; 6. Deforestation – change of forests to transitional woodland-scrub as a result of human activities (hewing), natural disasters, etc.; 7. Other changes – re-cultivation; construction
of dump sites, irrigation channels and dams; burnt areas, etc.
The spatial landscape changes data for the all country are overlayed (intersected) with the 6
planning regions boundaries in GIS environment for the extraction of the landscape changes
on NUTS2 level. The relative share of all landscape changes and Top5 changes are extracted and calculated for the 6 planning regions.
For the comparison study of the Top5 changes in 24 European CORINE countries the data
available at the ETC TE website (1) are used. The boundaries of the planning regions
(NUTS2) of Bulgaria are extracted from the publicly available boundaries of the administrative
districts.
RESULTS & DISCUSSION
The assessment of the land cover changes in Bulgaria for the period 1990 – 2000 shows that
their total area covers 123 080 ha or 1.1 % of the country area (12). The most significant
changes are observed in the forest and semi-natural areas and agricultural areas. The landscape changes data obtained by the transformation of land cover changes are summarized in
Table 1 and Figure 1.
Table 1: Landscape change types in Bulgaria (1990-2000).
Landscape Change Types
Urbanization
Industrialization

Area (ha)

Area (%)

173
3 338

0.14
2.71

Intensification of agriculture

10 635

8.64

Extensification of agriculture

36 568

29.71

Afforestation

41 707

33.89

Deforestation

29 626

24.07

1 033

0.84

123 080

100.00

Other changes
Landscape changes TOTAL
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The forest landscape changes include 71 333 ha (58 % of the total changed area in the country). They are classified in two types of changes – afforestation and deforestation (Table 1
and Figure 1). The afforestation represents the biggest share of total changes – 41 707 ha
(33.9 %). It includes mainly the transformation of transitional woodland scrub into broad
leaved, coniferous and mixed forests, as well as burnt areas and natural grassland into transitional woodland scrub. The deforestation spreads on 29 626 ha (24.1 % of the total changed
area) and includes mainly the transformation of broad leaved, coniferous and mixed forests
into transitional woodland scrub, as well as coniferous forests into burnt areas. The afforestation and deforestation (natural and human-induced) are primarily related to forestry management (regulated logging and planting) and calamities (forest fires, wind spouts, etc.). The afforested territories are with about 10 % larger than the deforested ones, which is a positive
fact characterizing the 10-year investigated period of changes in the ownership and use of
forests in Bulgaria.

Landscape Change Types 1990-2000 in Bulgaria
0,8%

0,1%

24,1%

2,7%

8,6%

29,7%

33,9%

Urbanization - 173 ha

Industrialization - 3 338 ha

Intensification of agriculture - 10 635 ha

Extensification of agriculture - 36 568 ha

Afforestation - 41 707 ha

Deforestation - 29 626 ha

Other changes - 1 033 ha

Figure 1: Landscape Change Types in Bulgaria during the period 1990-2000.
The rural landscape changes comprise 47 203 ha (38.4 % of the total changed area). They
include two types of changes – extensification and intensification of agriculture (Table 1 and
Figure 1). The extensification of agriculture includes 36 568 ha (29.7 % of the total area of
changes) and consists mainly of transformation of rice fields, fruit tree plantations and vineyards into arable land as well as arable land into pastures. The opposite process of intensification of agriculture spreads on 10 635 ha (8.6 %) and includes mainly the transformation of
pastures into arable land as well as arable land into vineyards. The extensification exceeds
more than three times the intensification of agriculture during the years 1990-2000. This reflects the significant changes in the ownership and use of agricultural lands in Bulgaria during
the 10 years period of significant political and socio-economic transformations.
The urban landscape changes comprise 3 511 ha (2.8 % of the total area of change). They
are related primarily to enlargement of natural resources exploitation and cover 3 338 ha or
2.7 % (Table 1 and Figure 1). This includes mainly the transformation of arable land, pastures, broad leaved forests and transitional woodland scrub into mineral extraction sites. The
transformation of pastures, heterogeneous agricultural areas and arable land into dumps, as
well as of arable land into industrial or commercial units follows next. The other changes are
connected with urbanization, which comprises 173 ha (0.1 %), including mainly the transformation of arable land and pastures into settlements.
The other landscape change types occupy 1 033 ha (0.8 % of the changed areas). They comprise mainly recultivation of dumps and their transformation into arable land, as well as
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changes related with wetlands and water bodies. It has to be pointed out that some important
wetland and water bodies changes are smaller than 5 ha and could not be included in the
CLC Change database following the CORINE methodology.
Asessment of the CLC Changes in Bulgaria is performed for the 6 planning regions – NUTS2
level. Overlay operation in GIS environment is used to extract the landscape changes data for
the regions (Figure 2) from CLC Changes database.

Figure 2: Landscape Changes (1990-2000) in the 6 planning regions (NUTS2).
Data for the absolute and relative areas of CLC Changes 1990-2000 and Top5 CLC Changes
by these regions are presented in Table 2 and Table 3. Three groups of change rates are
observed:
• low rate – less then 0.70 % – 2 regions (North-West and South-West);
• medium rate – in the range 0.70 %÷1.10 % – 3 regions (North-East, North-Central
and South-East);
• high rate – above 1.10 % – 1 region (South-Central).
The highest rate of the Top5 CLC changes is observed in the South-Central region (0.126 %
per year). It is due primarily to the extensification of agriculture (49.4 %), afforestation (27.1
%) and deforestation (23.5 %) – data shown in Table 3. Three regions have medium annual
rate of changes - North-East (0.076 %), North-Central (0.074 %) and South-East (0.070 %).
Low changes annual rate is observed in the North-West (0.055 %) and the South-West (0.045
%) regions. The changes in the North-East and South-East regions comprise afforestation,
extensification of agriculture and deforestation, while in the North-Central and North-West
regions it contains the intensification of agriculture also (Table 3). The Top5 CLC changes in
the South-West region include only afforestation and deforestation.
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Table 2: CORINE Land Cover changes (1990-2000) in the 6 planning regions (NUTS2).

Planning Region (NUTS2)
Name

Area (ha)

CLC Changes
1990 - 2000
Area (ha)

Top5 CLC Changes
1990 - 2000

Area (%)

Area (ha)

Top 5 CLC
Change rate

Area (%)

(% per year)

North-West

1 021 048

6 901

0,68%

5 659,3

0,55%

0,055%

South-West

2 017 829

13 940

0,69%

9 017,3

0,45%

0,045%

North-East

1 981 981

17 596

0,89%

15 080,1

0,76%

0,076%

North-Central

1 804 557

17 606

0,98%

13 435,4

0,74%

0,074%

South-East

1 448 281

15 255

1,05%

10 203,6

0,70%

0,070%

South-Central

2 701 239

50 024

1,85%

34 146,0

1,26%

0,126%

Table 3: Top5 CLC Changes (1990-2000) in the 6 planning regions (NUTS2).
Planning
Region

NorthCentral

Landscape Change Types

Top5 CLC Changes
1990 - 2000

Area
(ha)

Area (%)

Afforestation

324-311

6 053

45,0%

Extensification of agriculture

211-231; 221-211

2 572

19,1%

Deforestation

311-324

2 468

18,4%

Intensification of agriculture

231-211

2 343

17,4%

13 435

100,0%

TOTAL

North-West

Afforestation

324-311

2 507

44,3%

Deforestation

311, 313-324

1 922

34,0%

Intensification of agriculture

231-211

706

12,5%

Extensification of agriculture

211-231

524

9,3%

5 659

100,0%

TOTAL

SouthCentral

Extensification of agriculture

213, 222-211

16 864

49,4%

Afforestation

324-311, 313

9 244

27,1%

Deforestation

311-324

8 038

23,5%

34 146

100,0%

TOTAL

North-East

Afforestation

324-311

7 675

50,9%

Extensification of agriculture

222, 221-211; 211-231

4 153

27,5%

Deforestation

311-324

3 252

21,6%

15 080

100,0%

TOTAL

South-East

Afforestation

324-311, 313

5 082

49,8%

Extensification of agriculture

221, 222-211

2 708

26,5%

Deforestation

311-324

2 414

23,7%

10 204

100,0%

TOTAL
South-West

Afforestation

324-313, 311; 321-324

4 938

54,8%

Deforestation

311, 312-324

4 080

45,2%

9 017

100,0%

TOTAL
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To compare the main CLC changes in Bulgaria with that of the other European countries the
Top 5 changes data for the 24 CLC countries published by the European Topic Centre on
Terrestrial Environment (1) are used. In Table 4 the normalized change data are presented.
The sum of Top 5 changes area is divided by the country territory and than – by the time span
period. In the ETC TE website published materials the 10 years period (1990 – 2000) is
stated. Time span data about the three Baltic countries (5 and 6 years) and for the Netherlands (14 years) are published by Butner et al. (2). In many of the countries the image data
for 1990 and 2000 are acquired in the range of ±1 year. For others this range is wider, for
example in Italy the 1990 images are registered in the range of ±3 years. This circumstance
makes the comparison more qualitative than quantitative. Figure 3 shows the distribution of
the change rate for the 24 European countries.
Table 4: Top5 CLC Changes in 24 European countries.

Country

Country Area
(km2)

Top 5 change
Area (km2)

Top 5 change
area (%)

Time span
(year)

Change rate
(% per year)

Austria

83 850

194,53

0,23%

10

0,02%

Italy

301 270

13,67

0,45%

10

0,05%

Poland

312 685

15,20

0,49%

10

0,05%

Belgium

30 520

190,54

0,62%

10

0,06%

Romania

237 500

16,40

0,69%

10

0,07%

Bulgaria

110 993

772,75

0,70%

10

0,07%

Greece

131 990

10,69

0,81%

10

0,08%

Denmark

43 090

3,62

0,84%

10

0,08%

Croatia

56 542

5,10

0,90%

10

0,09%

Luxembourg

2 590

0,27

1,05%

11

0,10%

Germany

356 910

39,61

1,11%

10

0,11%

Netherlands

41 253

6,69

1,62%

14

0,12%

Great Britain

244 880

29,07

1,19%

10

0,12%

France

551 500

69,43

1,26%

10

0,13%

Spain

504 780

71,09

1,41%

10

0,14%

Slovakia

49 035

10,90

2,22%

10

0,22%

Hungary

93 030

26,54

2,85%

10

0,29%

Estonia

45 226

9,94

2,20%

6

0,37%

Lithuania

65 200

13,24

2,03%

5

0,41%

Portugal

92 390

45,18

4,89%

10

0,49%

Czech Republic

78 864

45,04

5,71%

10

0,57%

Ireland

70 283

43,70

6,22%

10

0,62%

Latvija

63 700

24,56

3,85%

5

0,77%

Slovenia

20 273

16,76

8,27%

10

0,83%
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0,77%

0,9%

0,05%

0,05%

0,06%

0,07%

0,07%

0,08%

0,08%

0,09%

0,10%

0,11%

0,12%

0,12%

0,13%

0,14%

Italy

Poland

Belgium

Romania

Bulgaria

Greece

Denmark

Croatia

Luxembourg

Germany

Netherlands

Great Britain

France

Spain

0,3%

0,1%

0,02%

0,2%

0,22%

0,4%

0,29%

0,41%

0,5%

0,37%

0,6%

0,49%

0,62%

0,7%

0,57%

0,8%

0,83%

Change rate (% per year)

Latvija

Slovenia

Ireland

Czech Republic

Portugal

Estonia

Lithuania

Hungary

Slovakia

Austria

0,0%

Figure 3: Top5 CLC change rates in 24 European countries.
Three groups of change rates could be observed:
• low rate – less then 0.15 % per year – 16 countries;
• medium rate – in the range 0.15 % - 0.45 % per year – 4 countries;
• high rate – above 0.45 % per year – 5 countries.
Bulgaria is in the 16 countries group with small changes for the period of 10 years.
CONCLUSIONS
The CORINE land cover/land use changes in Bulgaria for the period 1990 – 2000 cover an
area of 123 080 ha or 1.1 % of the territory of the country. The most significant changes refer
to the forest landscape (58 % of the total changed area). The afforested territories are with
about 10 % larger than the deforested ones. This is a positive fact for the transition period of
significant political and socio-economic transformations in Bulgaria. The rural landscapes
changes (38.4 %) indicate that during the 10-year period of changes in the ownership and
use of agricultural land in Bulgaria, extensification predominates over intensification of agriculture more than three times. The changes of artificial surfaces (2.8 % of the total area of
change) include mainly industrialized territories and some urbanized areas.
The assessment of the landscape changes data for the 6 planning regions (NUTS2) in Bulgaria shows low rates for all of them. The South-Central region contains the largest changed
area and the South-West region includes mainly forestry changes - afforestation and deforestation
The comparison of the CLC Top5 land cover changes for the 24 CORINE countries places
Bulgaria among the 16 countries with small rate of changes for the period 1990 – 2000 (under
0.15 % per year). Four countries have a medium rate of change (0.15 % - 0.45 %) and five
countries are with the highest rate of change (above 0.45 %).
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ESTIMATING TROPICAL DEFORESTATION IN THE CONGO BASIN BY
SYSTEMATIC SAMPLING OF HIGH RESOLUTION IMAGERY
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ABSTRACT
The use of high resolution remotely-sensed imagery to detect fine change in land cover within
large forested environments is limited by the amount of data that has to be processed and
interpreted. Deforestation being spatially concentrated where forest accessibility and population density are high, random sampling is likely to commit gross estimation errors at a local
scale. However, systematic sampling based on a large number of small units may grasp local
spatial variability without requiring a complete wall-to-wall coverage of entire scenes. By
combining a systematic sampling scheme with object-based unsupervised classification techniques, this study designed and implemented a new cost-effective survey approach to estimate deforestation accurately at a regional scale. Furthermore, national and ecosystemspecific deforestation figures (such as gross and net deforestation rates) can be derived from
the results. The survey was composed of 10 ×10 km sampling sites systematically distributed
every 0.5°, corresponding to an approximate sampling density of 3.3%. For each site, data
was extracted from both Landsat TM and ETM+ imagery acquired in 1990 (±2 years) and
2000 (±2 years) respectively. The gross deforestation rate for the entire basin is estimated at
0.21% per year.
INTRODUCTION
Tropical forests, although covering less than 10% of the land area, represent the largest terrestrial reservoir of biological diversity, from the gene to the habitat level. They suffer from
rapid land use changes (i). Agricultural expansion, commercial logging, plantation development, mining, industry, urbanization and road building are all causing deforestation in tropical
regions (ii). These land-use changes, in respect of other factors like climate, nitrogen deposition, biotic exchange or carbon concentration, are the most significant processes that impact
in biodiversity reduction (iii).
Although tropical forest monitoring has already greatly benefited from remote sensing at
global scale, the major challenge is yet to accurately capture local forest change dynamics at
sub-continental scale. Such detailed land cover change, detected over very large extents, are
necessary to derive regional, national and sub-national figures for multilateral environmental
agreements and sustainable forest management. Currently, deforestation estimates are derived either from coarse to medium resolution imagery or from wall-to-wall coverage of limited
area. Whereas the first approach cannot grasp small forest changes widely spread across a
landscape, the operational costs limit the mapping extent in the second approach. Sampling
high-resolution imagery could be a reasonable compromise. The Forest Resources Assessment (iv) realized a pan-tropical survey of forest cover changes using a stratified random
sampling over the world’s tropical forests using 117 sampling units each corresponding in
size to a Landsat scene. Deforestation being spatially concentrated where forest accessibility
and population density are high, random sampling is likely to commit gross estimation errors
at a local scale. However, systematic sampling based on a large number of small units may
grasp local spatial variability by significantly increasing the sampling efficiency. Furthermore,
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this approach is considered by the FAO for the next global assessment of the FRA programme.
Surveying a vast region through sampling high spatial resolution imagery requires intensive
processing of the image extracts in order to detect change at every sample site. For this type
of processing visual analysis remains a preferred approach due to the complexity of land
cover change, combined with the potential effects of sensor differences, atmospheric conditions, vegetation seasonality, etc. This technique is very time-consuming and subject to a
potential lack of objectivity due to interpreter's bias. However, these disadvantages can be
amended by integrating object-based techniques such as image segmentation and objectbased unsupervised classification to assist visual interpretation.
This research presents accurate estimates for deforestation and other forest cover changes
over the entire Congo Basin countries. They are obtained through a survey using a systematic sampling scheme to extract Landsat data at two different dates. The processing of these
samples is realized through a visual analysis assisted by object-based unsupervised classification techniques.
METHODS
The survey of the Central African tropical forest consists of 571 sample sites of 10 x 10 km
separated by 0.5° intervals and regularly distributed over the forest domain in the Congo
River basin. This represents a sampling density of 3.3%. A Landsat TM image extract and a
Landsat ETM+ image extract, acquired respectively in the years 1990 (±2 years) and 2000
(±2 years), are available at every sample site. The objective of the survey is to measure, on
every site, the forest cover using the most recent image extract. For the sites where forest
cover change can be observed between both dates, the change trajectory has to be identified
and the concerned surface must be measured. In order to do so, the sample extract pairs are
first screened visually in order to separate the changed samples form the rest. The extracts
are processed in order to obtain two classifications (1990 & 2000) for the changed set of
sample sites and a single binary forest mask for the unchanged samples. Change is then
quantified for the changed set of sample site by comparing the two classifications (figure 1).

Figure 1: Brief illustration of the methodology applied on the 571 image extract pairs of the
Congo Basin survey.
The 571 image pairs were screened by a first visual inspection whose main objective is to
identify the sample sites where change has occurred between the two dates. The analyst
decides, by looking at both images side by side, whether forest change has occurred or not.
This visual screening sets a land cover change detection threshold taking into consideration
image differences that can arise from other effects than land cover change (i.e. differences of
instruments (TM vs. ETM+), atmospheric conditions, vegetation seasonality, etc.). This preliminary visual inspection not only serves to identify the images where change in the forestcover is observed between the two dates, but also to filter out those where the image quality
is insufficient for a proper processing and interpretation.
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Forest cover change is estimated by applying a dedicated processing chain to a population of
image extracts that constitute the sampling units of the survey. The processing chain can be
decomposed into three steps. First, a multi-date objects segmentation is obtained for every
pair of extracts. In this step, groups of adjacent pixels that show a similar land cover change
trajectories between the 2 dates are delineated into objects. In a second step, the objects of
every extract are classified by unsupervised procedures. Finally, visual interpretation is conducted to label the classes and edit possible classification errors. The time required to interpret each extract is significantly reduced since a whole group of objects, considered as similar by the automatic classification, is treated simultaneously. Ten land cover classes are
used: "dense forest", "degraded forest", "long fallow & secondary forest", "forest-agriculture
mosaic", "agriculture & short fallow", "bare soil & urban area", "non forest vegetation", "forestsavannah mosaic", "water bodies" and "no data".
The land cover classifications of 1990 and 2000 can be confronted to identify and quantify the
land cover change and to compile transition matrices for each image extract pair. The main
change process of interest for this study is deforestation. Deforestation is here defined as the
conversion from the classes "dense forest" and "degraded forests" to any other class. However, since 10 thematic land cover classes are considered, several other change processes
can be analysed to identify into what the forest is converted and understand the dynamics of
tropical forest change. For example, an idea of the intensity of deforestation can be obtained
by dividing the resulting classes into two groups. In this way, deforestation is considered low
if the resulting class is either “long fallow & secondary forest”, "forest-agriculture mosaic" or
“forest-savannah mosaic” and high if the forest is converted into “agriculture/short fallow”,
"bare soil & urban area", "non forest vegetation" or "water bodies". Some processes represent a unique trajectory such the passage from a “dense forest” to “degraded forest” which is
described as forest degradation. The reverse process of forest degradation was called forest
regeneration, and reforestation opposes deforestation.
RESULTS & DISCUSSION
Important cloud coverage limited the processing to 390 image extract pairs out of the initial
571 sample sites. Forest cover change was observed and measured on 165 sites while the
remaining 225 samples did not show any forest change. The general transition matrix of the
changed sites (table 1) shows that dense forest composed 70.2% of the total area of changed
samples in 1990 and only 65.5% in 2000. For the other 225 sites, only the recent forest cover
extent was measured. These measures are integrated with those of the changed sites to
have a total forest cover for all the sampling area. In this case the classes "dense forest" and
"degraded forest" are considered equivalent to the forest mask for the non-changed samples.
Annual rates of change for the different processes are calculated by dividing the concerned
changed area by the total forest area. Gross deforestation between 1990 and 2000 for the
study zone is estimated at 0.21% (table 2). Subtracting the estimated annual reforestation
rate leaves a 0.16% of net deforestation.
A high proportion of unusable sample sites are found on the coastal countries (Gabon, Equatorial Guinea and Cameroon) which render the national estimates hardly reliable. Equatorial
Guinea is a drastic example where the national figures are based on a single site which happened to undergo more reforestation than deforestation. The national figures can only be
considered as robust for Congo and for the Democratic Republic of Congo. The latter has
undergone a forest cover change which is significantly more important than the first. The annual net deforestation rate in D. R. Congo amounted to 0.20% for 0.02% in Congo.
The systematic survey approach enables to display the spatial repartition of deforestation and
reforestation over the Congo River basin (figure 2). Not surprisingly, deforestation is accentuated along the Congo River and on the eastern border of the Central African forest.
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Dense Forest
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Forest
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Long Fallow /
Sec. Forest

Forest-agri.
Mosaic

Agri. / Short
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Bare soil /
Urban

Non Forest
Veg.

Water Bodies

No Data

Total 1990

% of total land
area

Table 1: Transition matrix for the 165 changed samples. The values are in squared kilometres.
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Table 2: National figures for annual gross and net deforestation rates between 1990 and
2000 as obtained by this survey. The number (n) of used samples where change was observed is mentioned next to each country. The figures are in italic when the number n is considered too low for the estimates to be reliable on their own.
Country
Cameroon
Congo
Gabon
Equatiorial Guinea
Central African Republic
D. R. Congo
Central Africa (n =164)*

(n = 8)
(n = 15)
(n = 5)
(n = 1)
(n = 6)
(n = 129)

Gross
Deforestation

Reforestation

Net Deforestation

0.21%
0.07%
0.12%
0.31%
0.13%
0.25%

0.06%
0.05%
0.03%
0.69%
0.06%
0.05%

0.15%
0.02%
0.10%
-0.37%
0.07%
0.20%

0.21%

0.05%

0.16%

* The total number of changed sample is 165 but one of them is actually in Nigeria which is not considered as a Congo Basin
country
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(a)

(b)

Figure 2: Spatial distribution of deforestation (a) and reforestation (b) in the Congo basin. The
circle size is proportional to the concerned changed surface for each corresponding process.
CONCLUSIONS
The results of this study demonstrate that the proposed operational methodology is applicable to estimate forest cover, deforestation and other forest cover change processes at a local
scale over a vast region. In this case, which concerns tropical forest monitoring, an important
amount of samples had to be discarded due to intense cloud covering. Perhaps the incorporation of SAR imagery could help achieve more satisfying national estimates for the coastal
countries. Thematic discrimination might be improved with a clear-cut definition of the land
cover typology. Furthermore, a reduced number of land cover classes should render the estimates more robust. In any case, the lessons learned thanks to this large scale forest change

368

Center for Remote Sensing of Land Surfaces, Bonn, 28-30 September 2006

estimation are of great interest for any global initiative related to forest monitoring and land
cover change.
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INTRODUCTION
Human land use is an important driver of global environmental change and has resulted in
widespread degradation and loss of ecosystem structures and services (Foley et al. 2005).
Monitoring land-cover change and assessing its drivers is therefore of great international
concern (Gutman et al. 2004; Lambin and Geist 2006), but the understanding of how people
influence land change is still far from complete (Rindfuss et al. 2004). Remote sensing is the
most important tool to provide information on where land changes occur (Lambin and Geist
2006). Traditional methods to quantify land change from multitemporal remote sensing images often rely on classifying the image into discrete land cover classes, or alternatively into
change classes (Lu et al. 2004). Although these methods are useful to assess land cover
conversions such as deforestation or urbanization, they potentially overlook changes in
within-class heterogeneity (Coppin et al. 2004). This is unfortunate, because modifications of
land-cover are widespread. Consequently, there is an urgent need to develop robust and repeatable change detection methods that rely on continuous rather than discrete data, and
thus allow for the monitoring of land cover modifications (Southworth et al. 2004).
Following the fall of the Iron Curtain in 1989, Eastern European countries have been undergoing transition from planning economies to market oriented systems. This transition has drastically affected land management and land use decisions, and resulted in widespread land
cover changes, such as the abandonment of farmland (Peterson and Aunap 1998), and
changes in forest cover (Augustyn 2004; Bicik et al. 2001). Moreover, the transition has triggered modifications of land cover and changes in landscape pattern, particularly concerning
farmland. Before 1990, most of Eastern Europe’s farmland was managed by the state in
large-scale agricultural co-operatives. Since 1990, all Eastern European countries have implemented land reforms to break up the large-scale farming structures and to privatize the
agricultural sector (Lerman et al. 2004). These land reforms, in combination with inheritance
practices and the underlying ownership pattern, resulted in a split-up of the large socialistic
fields into smaller parcels and have led to the physical fragmentation (hereafter called parcelization) of farmland in many areas (Sabates-Wheeler 2002; van Dijk 2003). Land reform
strategies differed strongly among Eastern European countries, ranging from restituting land
back to former owners, to the auctioning of land. However, not much is known on the extent
and spatial pattern of post-socialist parcelization, and it remains largely unclear how different
land ownership structures and land reform affected the parcelization of farmland in Eastern
Europe.
We selected the border triangle of Poland, Slovakia, and Ukraine because all three countries
had different land ownership patterns and land management in socialist times (Table 1),
which in turn led to different land reform strategies after the system change (Augustyn 2004;
Lerman et al. 2004). Moreover, the region was part of the Austro-Hungarian Empire for a period of around 150 years before 1914 with relatively homogeneous land management
(Turnock 2002). Differences in farmland parcelization among countries are therefore likely
due to either socialist or post-socialist land management (Kuemmerle et al. 2006a), making
the area particularly well suited to study the effects of land reforms on parcelization.
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Table 1: Land ownership of agricultural land and privatization strategy for the countries in the
study area (Lerman et al. 2004).
Country

Land Ownership
Before 1990

Potential
Private Land

Privatization
Strategy

Poland

Private and state owned

All

Sell state land (plots)

Slovakia

Collectivized (cooperatives)

All

Restitution (plots)

Ukraine

State owned

All

Distribution (shares)

Land market
Buy/sell,
lease
Buy/sell,
lease
Only lease until
2005

Monitoring and quantifying parcelization is challenging, because statistical or cadastral data
often do not exist, or data are of limited or unknown liability (Filer and Hanousek 2002). Using
remote sensing imagery is promising because consistent data from before and after 1990
exist, but studying parcelization requires the quantification of changes in the structural pattern
within farmland. Image texture measures are interesting to solve this challenge, because texture measures capture the spatial and structural arrangement of image objects by quantify the
spatial variability of grey levels within a local neighborhood (Haralick et al. 1973). As such
texture measures can be used to characterize heterogeneity within land cover classes (StLouis et al. 2006), and may be well suited to quantify the parcelization of farmland in Eastern
Europe.
In summary, we were interested in assessing the extent and spatial pattern of post-socialist
parcelization of farmland in the border triangle of Poland, Slovakia and Ukraine. Our specific
objectives were:
1.

To develop a method that allows for quantifying changes in the parcelization of farmland
using texture measures and Landsat Thematic Mapper (TM) and Enhanced Thematic
Mapper Plus (ETM+) data

2.

To compare the degree of parcelization among countries and to assess whether different
land reforms resulted in different parcelization rates.

DATA & METHODS
Our analysis was based on three Landsat images, representing spring, summer, and early
autumn, for each of the two time periods 1985-88 (before the system change) and 2000 (10
years after the system change). We used 4 Landsat TM images (30th April 1985, 2nd October
1986, 27th July 1988, and 21st August 2000) and 2 Landsat ETM+ images (6th June 2000, and
30th September 2000) from path 186 and row 26. All images were co-registrated and corrected for relief displacement using a semi-automatic method (Hill and Mehl 2003) and the
SRTM digital elevation model as a base map (Kuemmerle et al. 2006a). The TM and ETM+
data was atmospherically corrected using calibration coefficients and a modified 5S radiative
transfer model that incorporated a terrain dependent illumination correction (Hill and Mehl
2003).
Forests were masked out using unsupervised clustering (for details, please refer to
(Kuemmerle et al. 2006b)Kuemmerle et al. 2006b). The three images for each time period
were stacked and transformed into principal components to emphasize phenological differences between the images, to enhance the signal to noise ratio, and to reduce storage space
and computation time. We retained principal component 1-8 and carried out image segmentation on each image stack separately using a region-growing algorithm (Baatz and Schäpe
2000). Texture measures were calculated for each segment and we gathered a set of representative samples for the two classes “high parcelization”, and “low parcelization” based on
field visits and very-high resolution data (3 IKONOS images and 14 Quickbird images were
available for these purposes). The segmented images were then classified using texture
measures and the maximum likelihood classifier to derive parcelization maps for the two time
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periods. We used post-classification comparison of these parcelization maps to delineate a
change map and summarized parcelization changes for our study area.
RESULTS & DISCUSSION
Agricultural parcelization differed markedly among the countries Poland, Slovakia, and
Ukraine in socialist times, likely due to different ownership patterns that in turn led to different
land reforms. In Poland, much of the farmland was privately owned even before 1990, resulting in smaller farm sizes and parcels, and thus in a high share of highly parcelized land (Figure 1). Slovakia was dominated by large parcels, because all agricultural land was managed
in large-scale co-operatives. In Ukraine, a heterogeneous pattern of large-scale agriculture
was observed in the lowland areas. The mountain valleys showed a highly parcelized farmland pattern already before 1990 (Figure 1), because population density is high in these areas and many people depend on subsistence farming (Augustyn 2004; Turnock 2002).

Figure 1: Changes in the parcelization of farmland in the border region of Poland, Slovakia,
and Ukraine (UTM reference system with WGS84 datum and ellipsoid).
Concerning changes in parcelization in the post-socialist period, Poland did not experience
much change, because the ownership did not change substantially (Lerman et al. 2004), except for some areas close to the border to Slovakia where state farms managed the land. On
the other hand, the farmland parcelization changed considerably in Ukraine and Slovakia. In
Slovakia, the share of large parcels was still very high in 2000, suggesting that the large-
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scale agricultural enterprises still manage most of the land, although co-operatives were
transformed into private enterprises (Lerman et al. 2004). Most of the farmland was restituted
to former owners; yet, these owners often chose to lease their land back to the cooperatives
(Lerman et al. 2004). Some parcelization occurred, mainly close to settlements in the south of
the study area. In Ukraine, where land was distributed among the workers of the cooperatives
much of the land became parcelized in post-socialist times, in particular farmland close to
settlements and especially land close to the cities of Uzhgorod, Mukacheve and Sambir (Figure 1). Decreases in parcelization occurred mainly in mountain valleys and are possibly connected to the abandonment of farmland due to outmigration from these regions.
SUMMARY & OUTLOOK
This research demonstrated that image texture can be a useful tool to map the parcelization
of farmland and to quantify changes within land cover classes. Our results show distinct differences in the parcelization of farmland among the three countries in our study region. In
Poland, not much has changed, because private land ownership existed before 1990. Where
land reforms were implemented, they led to marked changes in parcelization. Changes were
strongest in Ukraine, where land was distributed among the people, whereas restitution in
Slovakia partly preserved the large-scale farming sector because many owners leased their
land to agricultural enterprises.
Further research is required to quantitatively link parcel size and texture measures, and to
validate parcelization changes based on high-resolution remote sensing data, aerial images,
or cadastral maps.
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ABSTRACT
During the last 50 years, severe air pollution has been induced by gaseous (SO2, NOx, O3)
and particulate matter (heavy metals) emissions in Central and Eastern European countries
(CEEC). In consequence, the chemical composition of ground water and soil changed and
toxic substances are accumulated by vegetation and introduced into geochemical cycles.
Before mentioned factors have a strong negative influence on the forest health in large
regions of the CEEC.
Forest decline, particularly concerning Norway Spruce (Picea abies), received public attention
since the 1980s. As a result of the political changes in CEEC in 1989 and the acceptance of
the Kyoto Protocol, some industrial and socioeconomic transformations took place to improve
the overall environmental situation. Due to these approaches, air and water pollution
gradually decline. Hence, a general improvement in vegetation health and particularly in
forests conditions is expected. The research focus of this study is hence to answer the
question in how far the industrial transformation and related environmental changes have
influenced the forest decline during the last 20 years.
The training area covers the mountainous Silesian and Zywiecki Beskids in the Western
Carpathians, Poland. The test side is located close to large industrial agglomerations of the
Czech Republic (Orava, Karvina, Triniec) and Poland (Silesia, Cracow). These industrial
centers were developed very fast during communistic times, but without sufficient financing
and sustained planning. Therefore, the Polish agglomerations of Silesia were modified and
modernized over the last 20 years to enhance the lacking environmental protection. While
emissions were clearly reduced, effects in the forest stands can hardly be observed, which is
due to the long duration of toxins in vegetation and soils.
In the presented study, two Landsat TM and ETM+ images from 1985 and 2000 were used to
perform retrospective studies by applying qualitative and quantitative analysis techniques. A
digital elevation model (DEM) derived from Shuttle Radar Topography Mission (SRTM) data
was utilized for a parametric pre-processing and subsequent processing steps. The final
analysis was based on a combination of field measurements, e.g. Leaf Area Index (LAI) and
canopy closure, with image derived classification and vegetation analysis results.
The results are presented in form of a land cover change map and a forest damage grade
map. The first map describes on the one hand differences in the forest cover and composition
of species in the training area, on the other hand the direction of change between 1985 and
2000. The second map combines indicators of forest stand volume with elevation data. The
derived information layers are a useful basis for sustainable forest protection and
management programs. Furthermore, observations of general change trends will provide the
basis for future forest damage prognosis.
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MOUNTAIN LAND COVER MAPPING BY REMOTE SENSING DATA:
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ABSTRACT
The soil mantle research and space mapping of the Armenian Upland were made by the
using remote sensing data (“Meteor”, “Landsat TM”, “Salute”).
The watersheds of four large basins like the Black sea, the Caspian Sea, the Mediterranean
Sea and the Persian Gulf were represented on the territory of the Armenian Upland and also
the confined basins of Van and Sevan lakes form special watershed basins. It helps to
characterize them as major geosystems with definite predominant direction of substance
displacement and with climatic peculiarities also (i).
According to space images such forms of landscape as folded, volcanogeneons and
tectogeneons-volcanic are clearly seen. For soil mantle deciphering it was suggested to use
such characteristic as types of morphostructures as the means of the largest taxon and
mapping element. It is suggested to point out 3 types and 7 subtypes of morphostructures
showing geologic – geomorphological peculiarities of the mountainous country being under
research: folded and blocky-folded mountain structures;volcanic massifs;intermountain
depressions, troughs, and river valleys. Soil mantle deciphering of the major
morphostructures were executed within the types and subtypes.
The scheme of soil mantle research and mapping on the space images deciphering materials
can principally be represented by a set of major positions: sea basin → basic
macroexposition; climate conditions → morphostructural type → morphostructural subtype →
vertical zonality (sequence) → predominant soils and landscapes.
The peculiarity of folded mountains is defined by the way the watershed basins are formed on
their slopes. The mountains soil mantle formation occurs under the conditions of interaction of
the two biospherical processes - high vertical zones and river litho drainage basins (ii). That’s
why the slopes of folded and blocky-folded mountains are subjected to different changes
connected with the advanced dynamics of such basins which leads to the soil vertical
sequence degradation.
The vertical zonality is not so clearly expressed here, especially in the boundaries of mediummountains. The soil mantle composition is defined by the size and vertical zonality of the
mountain massif, its affiliation to a certain sea basin and macro exposition. The phenomena
of soil zones interference, inversion and migration often occur here. So land cover inside
mountain river basins has original structure.
The Armenian Upland Soil mantle space map was compiled according to the results of
deciphering using 1:800000 scale.
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ABSTRACT
In steady development concept the necessity of land use structure assessment aimed at its
rational arrangement is pointed out. Observations from space permit this process
optimization. The research objective was to assess the soil cover, land use structure,
phytomass stock and various lands fertility, anthropogenic load distribution on the researched
territory using remote probing, and to compare the informational ability of space shots in
ecological research with the informational ability of the previously available map materials.
The research has been carried out for the Vladimir region situated in the central part of the
Russian plain along the Klyazma river basin (i). The area refers to the industrially developed
regions with the limited amount of agricultural lands being therefore of greater value. The key
plots were represented by a part of the Vladimir Opolye and the Peksha river basin,
characterized by inhomogeneous landscape structure, various soil and vegetation cover.
The space shots made by Russian satellites Resource ant Meteor of the area have been
used in the research. The images of geoinformational systems Erdas Imagine and Arc View
have been used for digital processing. To process images the methods of graphic analysis of
natural objects spectral brightness in combination with spatial analysis of joint cluster and
thematic maps have been suggested (ii). For thematic interpreting topographic maps, land
use structure and soil cover maps and published data have been applied.
According to the spectral brightness curves nature major natural objects (water surface,
diversified forests, open and almost open soils, rope crops fields, grassy and bushy areas),
anthropogenic objects have been distinguished, river basins borders have been defined and
landscape regionin has been executed. The vegetation indices allowed to divide the fields of
various sowing density, forests by their composing elements and also the surfaces under
vegetation by their erosion level.
On the basis of space images decoding, the map of the Peksha river basin area has been
compiled with such clearly distinguished objects as forests, meadows, agricultural lands,
water objects, settlements and roads. The comparison of the decoded materials and the
existed land use structure map allowed specifying the lands borders, correcting their size
characteristics. So it can be stated that space images permit actual tracing of land use
structure changes.
The received results promoted the assessment of major lands conditions and agricultural load
distribution within the Peksha river basin. Size characteristics of major lands, received as the
result of space images analysis, have been used for phytomass stock and land productivity of
the Peksha river basin computation, applying the suggested methodology. Finally the data
concerning phytomass stock and land productivity for both separate lands and the entire
basin have been received.
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ABSTRACT
Many changes can be detected in surrounding environment. Various different approaches for
changes detection are used in practice. Remote sensing is one of the most popular methods
for land use/land cover changes detection. In our work, we are classifying the changes into
several categories according to the theme, frequency of changes, data source, and applied
method of remote sensing. To complete this purpose, we studied many technical information
sources and papers describing different case studies from all around the world in last ten
years. The resulting output served us for another research in the grant - Sustainable management in the micro economy and its socially legal aspects, awarded to Department of
Economy and Management of the Faculty of Civil Engineering, CTU in Prague. Our goal was
to detect changes around new highways in the Czech Republic, since the road network is an
important phenomenon creating the landscape. The original purpose of the road network was
to allow connections among urban areas and other places of interest, e.g. – forests, fields,
mines, etc. Due to long distances, few rest stations were established within the decades in
order to make travelling possible or more pleasant. The 20th century brought a new feature.
Large business/industrial areas were built up alongside main roads, or highways. Based on
the previous study of different changes and methods of their detection, we established our
own procedures for analysing these questions. CORINE data were used for selecting areas
with changes after the construction of new highways – showing the development mostly near
big cities as an enlargement of them and other localities. Within the scope of the above mentioned grant, the selected places will be compared with the areas untouched by human activities even though situated also along the highways. The second step of the analysis continued
using the remote sensing data. Areas with important changes in buffer zones around highway
exits are covered by two time level SPOT scenes. Aerial orthophotos as more detailed remote
sensing data will be processed for the final change detection forming the third, last and most
detailed data level.
INTRODUCTION
At the beginning of our study, we created a complex overview and summary of existing
change detection techniques and methods used to distinguish variety of Earth’s surface objects and features and their temporal changes at first. We also encompassed evaluation of
feasibility of applying different remote data sources and remote sensing methods for land use
(land cover) change detention. Many technical information sources and papers describing
different case studies were used to complete this purpose. Such an extensive research of
change detection techniques has not yet been published in the Czech Republic (i).
There are nearly 30 hypotheses analyzed during the project Sustainable management in the
micro economy and its socially legal aspects. One of them is the road network as a presumption of the land development and as a condition of the economical growth where the growth is
calculated according to the road network.
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The goal of the project is to define relations among various civil constructions, their prices,
life, maintenance costs and other features connected to constructions. Motivation of the project comes from different conception of benefit, usage, sustainability from the economic point
of view and engineering point of view. Interaction of these two points of view is not unambiguous due to the information loss in the input data preparation and creation for resulting economical information. The road network influence was changed to highway influences after
discussions with economists and civil engineers. The Czech Republic owns about 400 km of
highways. The first of them connected Prague and Brno (and Bratislava in the previous
Czechoslovakia) as two largest towns of the country in 70ies. This highway is an exception
among highways having been constructed as a completely new connection route unlike other
highways copying already existing roads. There are two periods in the country – one of them
represented by the state planned economy (till 1989), the second one after 1989. It was decided to study only the period since 1989.
The final project goal was divided into following steps (ii):
1. to choose data suitable for the time change detection
2. to find changes in a certain distance from highway exits (highway buffer zones)
3. to detect new industrial units, business areas, and other human activity localities in the
highway buffer zones from all found changes
4. to compare anthropogenic changes with neighbour urban areas, with already existing
neighbour industrial or business enterprises, with neighbour waterways
5. to compare price map values with the anthropogenic changes
6. to determine causes of changes
7. to assess whether the highways neighbourhood was the only necessary condition for the
new highways development
METHODS
In our remote sensing survey, we evaluated common attributes of thematical groups of
changes. We focused on change detection methods and their results effectiveness, we also
focused on outputs and using the GIS tools. We found that approximately only one fifth of
studied projects were worked out with the GIS tool support with results in the vector format.
From the above mentioned results we can estimate that GIS tools represent a significant part
of the remote sensing data evaluation process in the temporary change detection. The results
of remote sensing are only a part of the wide information collecting process.
In the frame of the above mentioned project, we used combination of GIS tools and remote
sensing methods. The data selection was based on three level data sets – CORINE data,
SPOT data and aerial photographs.
CORINE data (1:100 000 scale) were the first data sets. CORINE data are the land use data
determined by individual European countries according to the same list of hierarchical set of
classes. Two time level data were used for – data from the beginning of 90ies and 2000. The
changes were determined in relations to highways. The buffer zone was defined as 15 kilometers distance around highway exits. The smallest mapped units are 25 hectares. If expressed as a square area, it is 500 by 500 sq. meters. Smaller object information is excluded
from the result. This fact caused that the second step of the analysis continued in other data
– remote sensing data. Areas with important changes in buffer zones around highway exits
were applied for two time level SPOT scenes.
SPOT data as the remote sensing data were used for the larger scale analysis. Multispectral
data with 20 m/10 m resolution were selected for the evaluation. The SPOT data selection
was selected for similar seasons to avoid seasonal expected changes (vegetation, water bodies) changes. We ordered 21 images covering all places of our interest. Image processing for
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change detections allows choosing final areas with pre-defined conditions: distance from
highway exits, land use change where the change is from agricultural areas or areas with
vegetation to industrialized areas or areas used for business purposes or housing.
The SPOT data will serve as a tool for the final data selection – aerial photographs/orthophotos.
Aerial ortophotographs as the most detailed remote sensing data will be processed for the
final change detection and form the third most detailed data level.
The methodology comprises both GIS evaluation, and remote sensing image processing. The
GIS tool was used for the two time level CORINE data where changes were determined from
overlaid areas. Resulting areas were areas with changes from agricultural land or vegetation
to urban areas. The second condition for the selected areas was based on their size which
had to be larger than 25 hectares and therefore equal to the smallest mapped unit in the
CORINE data. The second condition was combined with the third condition limiting optional
land use shapes to shapes whose minimal width had to be longer then 30 meters (according
to the CORINE mapping tools)
Image processing approach is used for the remote sensing data represented by the SPOT
image data and aerial ortophotographs. All received SPOT images are radiometrically and
geometrically corrected. Change detections in the paper are tested by several map algebra
methods that are used and mutually compared, and by image classification methods.
RESULTS & DISCUSSION
The results of our Technical information sources study is that the most used change detection
method is the post classification comparison (using exactly maximum likelihood classification
method, image substation method, image dividing method and principal component analyse)
iii.
Generally the methods for the change detection can be divided into two main groups (preclassification methods and post-classification methods) where both of them are being used
approximately equally in practice. The first group of methods is focused mostly for changes in
risk areas (flood, land slide, fire, etc.), the second group of method is focused on general land
cover changes. Eventually there might be also the third group of methods based on the
mathematical models, but this group of methods is being used only in approx. 5% of the projects in practice.
Concerning the used data sources, the changes were mostly detected in the Landsat data
(approx. 2/3 of all cases in practice). SAR data were also very frequently used for change
detection (mostly for changes in the surface water, risk areas and global and climate
changes). As a supporting data, aerial photographs, historical topographical, thematic maps
and ground truth data, digital elevation models and GIS were used in all thematical groups
except the global and climate changes. The supporting data were mostly useful for land
use/land cover changes and then for surface water changes.
The result of our work with CORINE data was the first data selection survey, serving for other
selection of more detailed remote sensing data SPOT. By the help of CORINE data we found
changes in land use around the highways, changes included in 15 km buffer zones from highways exits between 1993 and 2000.
We identified 15 territories around the highways where significant changes in the land use
were detected. We found 362 areas in these territories in total where we identified changes
from agricultural areas, forest and semi-natural areas and water bodies to urbanized areas.
Most changes were from the non-irrigated arable land to the discontinuous urban fabric (156
changes) and from the non-irrigated arable land to the industrial and commercial units (56
changes).
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Figure 3: Regions of the SPOT data to be ordered at the first step of choice. Map sheets with
land use changes between 1993 and 2000.

Figure 4: A region in detail with changes in the land use in the 15 km buffer.
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Figure 5: Selected detail of changes around the highway from Prague to the northern Bohemia (from the non irrigated arable land to the industrial and commercial units). Sources:
CORINE data (left), Spot data (right).
We started testing several map algebra methods and image classification methods along the
highway connecting Prague and the northern Bohemia. The best of them will be applied for
other remote sensing data to obtain the complete result of the new industrial units, business
areas, and other human activity localities in the highway buffer zones from all found changes.
CONCLUSIONS
The results of image processing will be implemented in GIS where relations among other data
and detected changes will be studied – neighbourhood of towns, of other industrial or business areas, unemployment percentage, previous land use and prices from price map etc.
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DIGITAL MAP OF RURAL COUNTRYSIDE IN THE FRAME OF THE
ILUP - POMORAVÍ PROJECT
Trojáček, P., Kadlubiec, R., Ausficír, J., Plaček, K. & Trantinová, M.
Centre for Environment and Land Assessment EKOTOXA OPAVA, Horní nám. 2, 746 01
Opava, Czech Republic; Telephone: +420 553 696 131, Fax: +420 553 628 512, e-mail:
pavel.trojacek@ekotoxa.cz
ABSTRACT
Digital map of rural countryside is a unique geographic database covering the study area of
the ILUP – Pomoraví international project which has been carried out by the company
EKOTOXA OPAVA in close co-operation with other project partners. The project is financed
by the European Regional Development Fund (ERDF) in the frame of the INTERREG IIIB –
CADSES programme. It is a four-year scientific project that will be finished by the end of
2006.
The project is focused on integrated land use planning and river basin management using
optimization models for water management in the landscape and prevention against floods.
Project outputs will be used as proposals for measures with impact on sustainable rural
development focused mainly on farmers and forest companies. The project covers the area of
upper and middle parts of the Morava river basin (3 600 sq km).
An original methodology of the Digital Map of Rural Countryside has been developed and
implemented in the frame of the project. Subsequently the geographic database itself has
been created. The nomenclature consists of 51 hierarchically structured land cover classes
plus selected attributes. The method of visual photo interpretation of aerial orthophoto maps
has been selected for the database creation. Area, line and point features were digitized and
attributed. The corresponding scale of resulting database is 1:5 000.
The database has been used as a powerful tool for various spatial analyses, e.g.
fragmentation of the land, analysis of linear features (water-courses, roads, vegetation, treerows) or modelling of anti-erosion measures in the countryside. Additionally, the comparison
with cadastral data as well as historical analyses using archive aerial photographs has been
performed.
The paper presents the methodology, resulting data and examples of applications developed
and implemented in the frame of the project.
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SPATIAL IMPACT OF CONSERVATION SITES (NATURA 2000) ON
LAND COVER CHANGES
Sander Mücher 1, France Gerard 2, Konstantin Olschofsky 3, Gerard Hazeu 1, Sandra Luque4,
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ABSTRACT
This paper presents the research carried out for the spatial analysis of historic land cover
changes in relation to the exact location of Natura 2000 sites within the framework of the
BIOPRESS project. The project has been implemented within the EC-FP5 framework to support GMES ‘Global Monitoring for Environment and Security’. It was the only GMES project
realized under the priority theme "Land cover change in Europe”. The BIOPRESS consortium
consisted of eight international partners and aimed to provide the EU-user community with
quantitative information on how changes in land cover and land use have affected the environment and biodiversity in Europe. Our main stakeholder was the European Environment
Agency, through its Topic Centres on Biological Diversity (ETC-BD) and the Terrestrial Environment (ETC-TE). The project produced consistent and coherent sets of historical (1950 –
1990 – 2000) land cover change information in and around ca. 100 Natura-2000 sites located
from the boreal to the Mediterranean, and from the Atlantic to the continental zones of Europe
(http://www.creaf.uab.es/biopress/). The paper will focus on the discussion of the results obtained from analysing historic land cover changes in relation to the distance to Natura 2000
sites in order to determine the relevance of protecting precarious habitats. This papers shows
that the amount of land cover changes at CORINE level one (eg. from agriculture to urban)
increases with the distance outside Natura 2000 sites and decreases with the distance inside
Natura 2000 sites. But shows at the same time that this relationship is not valid at CORINE
levels 2 and 3 (eg. change from heathland to forest). Furthermore, the of land cover changes
types differ much between inside and outside the Natura 2000 sites.
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INTRODUCTION
Since the last millennium people are adjusting their environment at an increasing rate for their
needs. This human interference, read land use, resulted in an environment that is changing
dramatically and has led to positive and negative changes in the environment and its biodiversity. Many people are not directly noticing these land use and environmental changes
since they occur at a slow and steady rate such as the recent loss of agricultural land in
Europe. The clearest indication of a change in the environment is when the land use or land
cover has changed. Land cover changes can be measured and monitored directly in an objective manner by means of Earth Observation data (F. Gerard et al. 2006). To protect our
environment, ensure sustainable use of its natural resources and maintain an acceptable
level of biodiversity several national and international legal mechanisms (e.g. Bird , Habitats,
Nitrate and Water Directive) have been set up. Protection requires monitoring to see how
effective these nature conservation programmes and Directives are. Information on land
cover and land cover change is believed to be one of these benchmark datasets which requires a common approach in recording across countries because of its value as an environmental change indicator.
This paper is based on the results of the BIOPRESS project which had as its major objective
to measure historic land cover changes inside and outside Natura 2000 sites and to assess
the impact of the land cover changes on the habitats present. As this background, the following hypothesis are made in this paper:
- Protection has a spatial influence on land cover changes;
- More land cover changes are expected outside than inside conservation sites;
- Many of the changes outside Natura 2000 sites occur on the border of the sites;
- Conservation sites have a spatial influence of the types of land cover changes.
The BIOPRESS project is strongly linked to CORINE Land Cover project (CLC90 and
CLC2000) and its methodology, using the 44 CORINE land cover classes with three hierachical levels. Projects that used also a similar approach with regard to historic land cover
changes were LACOAST, MURBANDY and the LEAC (Land and Ecosystem Account system) activities of the EEA. But what made BIOPRESS unique is its focus on determining historical changes (1950 – 1990 – 2000) in land cover across Europe for the purpose of measuring changes in habitats and their biodiversity (F. Gerard et al. 2006; Hazeu & Mucher, 2005).
METHODS
This paper concentrates especially on the spatial location of the land cover changes derived
from the transects over the period 1950-2000, which are the most detailed, in relation to distance from the Natura 2000 sites. The primary outputs from BIOPRESS consisted of estimates of land cover change that were statistically representative for change dynamics in the
different bio-geographical regions of Europe. The pre-selection of samples was made by EU
experts in such a way to ensure that the selected sites were representative of the diversity of
European bio-geographical regions with an emphasis on forests, grassland and wetlands.
BIOPRESS interpreted aerial photography from 1950, 1990 and 2000 for 59 transects of 15
by 2 km and for 73 windows of 30 by 30km (F. Gerard et al. 2006). Once again the interpretation aimed to generate output that corresponds to level 3 of the CORINE Land Cover classification. However, whereas the interpretation of the windows is to the standard CORINE scale
of 1:100.000 (corresponding to a minimum mappable unit of 25ha), the transects, are being
mapped at a more detailed scale of 1:20.000 (minimum mapping unit of 0.5ha).
PROCESSING AERIAL-PHOTOGRAPHS
For the georeferencing of the AP’s we used digital elevation models, eg. the Dutch digital
elevation model AHN and available topographical maps, eg. the Dutch digital Top10-vector at
scale 1:10.000. The AP’s were georeferenced to the national reference systems, using a
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Figure 1 The stratification and selection of the BIOPRESS sample sites was based the Biogeographical Regions Map of Europe (BRME) and the Natura 2000 database. Concerning the
habitat types there was a focus on four specific habitat groups: (i) Freshwater habitats, (ii)
Natural and semi-natural grass land formations, (iii) Raised bogs and mires and fens and (iv)
Forests. The final results was a selection of 73 windows (30 by 30 km) and 59 transects (15
by 2 km), see also http://www.creaf.uab.es/biopress.
minimum of ten well distributed ground control points (GCP’s), with a RMSE of 2–5 m. In
ERDAS Imagine 8.7 we used the “Camera” option as the geometric correction method, which
offers the possibility of creating a custom geometric correction model for a specific camera.
The procedure for geometric correction started with aerial photographs from the reference
year 2000. These AP’s were georeferenced using the above mentioned method. Subsequently, the AP’s of the reference 1990 were geometrically corrected to the georeferenced
AP’s of 2000 (mother-slave transformation). Finally, the AP’s of the reference year 1950 were
geometrically referenced to the corrected AP’s of 1990. This procedure of retrogressive georeferencing guaranteed a maximum fit between the AP’s of respectively the reference years
2000, 1990 and 1950. Finally, the mosaics of all georeferenced AP’s were produced and
clipped with the transect boundaries before the on-screen interpretations started (Hazeu &
Mücher, 2005; Hazeu et al. 2005).
CHANGE DETECTION METHODOLOGY
The change detection procedure was set-up in such a way that only really existing land cover
changes were detected. To start with, the B&W aerial photographs of 2000 were interpreted
according to the CORINE land cover nomenclature. After the CORINE land cover interpretation for 2000, the AP’s of the reference year 1990 were overlayed with the land cover polygons from 2000 and were used as the basic objects to identify the changes over the period
1990-2000. In other words, we used an object-oriented change detection method. As a result,
only newly digitized polygons were interpreted using a new attribute code for the specific reference year. This step was repeated for the interpretation of the B&W AP’s of the 1950’s. The
final result is a set of polygons completely covering the area of interest at a scale of 1:20.000
for the transects (1950, 1990 and 2000). Field work was sometimes carried out to verify the
interpretation (Hazeu & Mücher, 2005; Hazeu et al. 2005).
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OBJECT RECOGNITION
Object recognition was based on the rules and guidelines described in the photo-to-photo
interpretation manual (Feranec et al., 2004). On-screen aerial photo interpretation was facilitated if necessary with a stereoscopic view of the area in question. The following criteria were
used in the object recognition process of the transects interpretation (Figure 1):
- areas of land cover objects were identified by means of aerial B&W aerial
photographs displayed at a 1:20.000 scale. When necessary the interpreter could
zoom in on the aerial photographs to improve the capacity to identify the object.
However, all delineations should be done at a scale of 1:20.000;
- the minimum size of the objects (polygons) is 0.5 ha (at a scale of 1:20.000 this corresponds to 3.5mm by 3.5 mm);
- the minimum width of a linear element is 20 m (this is 1 mm at scale of 1:20.000).
When summarizing the BIOPRESS results of all transects together one can observe a general net decrease in agricultural land (e.g. crops, orchards, pastures) and a net increase in
artificial surfaces (e.g. built- up and road networks) and forest and semi-natural areas (e.g.
natural grasslands, moors and heathlands). Wetlands (e.g. salt marshes and intertidal flats)
and water bodies (e.g. rivers and lakes) although showing local decreases and increases,
have overall more or less retained their total areage (Hazeu & Mücher, 2005; Hazeu et al.
2005).
MEASURING DISTANCE OF LAND COVER CHANGES TO NATURA 2000 BORDERS
However, at this point we still do not know how land cover changes are influenced by conservation or protection sites. Therefore a further analysis was performed to analyse spatial impact of spatial impact of conservation sites (Natura 2000) on land cover changes. For this
purpose we used the Natura 2000 database with it’s polygons (version 2, 2005), which contained 7,766 conservation sites according the Habitat Directive for 12 EU countries. Currently,
there are already 20,582 conservation sites for the EU25 according to the Habitat Directive
identified but the polygon data are not yet available or no permission can be obtained yet for
I’ts use). The database has been obtained with permission of the ETC/BD. Except for
Slowakia and a large part of Germany the database covered our BIOPRESS transects. The
Natura 2000 sites were buffered with multiple rings, twenty in total, at a 500 meter distance.
The bufferszones were created inside as well as outside the Natura200 sites and borders
between bufferszones were dissolved. After this the bufferzones were clipped to the
BIOPRESS transects, see also figure below.

Land cover changes
in the BIOPRESS
transects.

Figure 2 Natura 2000 sites buffered with multiple rings at 500 m distance and clipped to the
BIOPRESS transects that contained all land cover changes over the period 1950-2000.
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RESULTS & DISCUSSION
Now the spatial impact of conservation on historic land cover changes could be analyzed. For
simplicity it is assumed in this paper that the Natura 2000 sites had already some kind of protection since the fifties, from which point we started to measure land cover changes in the
BIOPRESS project. An intersection (as a GIS analysis) was made between the Natura 2000
bufferzones and the historic land cover changes in the transects. In total the land cover
changes from 43 transects were analyzed, distributed over 6 countries (Belgium, Finland,
Germany, Spain, the Netherlands and the United Kingdom). These results were analyzed as
pivot tables in Excel. In former publications of BIOPRESS it was already found that much
more land cover changes took place outside than inside Natura 2000 sites. From the recent
analysis it was found that respectively 80.6%, 78.5% and 78.5% out the land cover changes
took place outside the Natura 2000 sites aggregated to respectively CORINE level 1, 2 and 3.
However, the largest part of the transects was also located outside Natura 2000 sites. If we
look more close at for example level 1, see table below, we see that the amount of changes
inside and outside Natura 2000 areas are relatively very close to the areas insides and outside the Natuar2000 sites.
Table 1 Number of hectares of land cover changes (1950-2000) inside and outside Natura
2000 areas at CORINE level 1 and the total area inside and outside Natura 2000 sites within
the BIOPRESS transects.
Natura 2000
Inside
Outside

Ha Changed
7463.9
31027.0

% Changed
19.4
80.6

Total Area (ha)
15285.5
51963.0

% Total Area
22.7
77.3

If we divide the amount of changes (in ha) by the total area inside or outside, we see that
48.8% of the area inside Natura 2000 sites and 59.7% of the area outside Natura 2000 sites
has changed. In other words, inside as well as outside Natura 2000 sites an enormous
amount of land coverchanges took place. But the question now is were these land cover
changes spatially regularly distributed inside and outside Natura 2000 sites or did these
changes take place especially at the border of the Natura 2000 sites?
What strikes first is that in table 2 most of the changes took place just outside the Natura
2000 sites (with 8091 ha) and just inside the Natura 2000 sites (3203 ha), both very close to
the Natura 2000 borders. The further the distance from the Natura 2000 the less land cover
changes we notice. However, here we have to be very cautious, since table 2 also indicates
that the total area of the buffer zones just inside and outside the Natura 2000 sites are the
largest. So, the amount of changes (in ha) have to be to be divided by the total area of the
relevant buffer area. In this way the index is calculated in table two and has been multiplied
by a factor 100. So an index of 60 means that 60% of the buffer zone has changed.
The index in figure 3 gives another view than what we first expected from table 2, namely that
the relative amount of land cover changes (at CORINE level 1) increases with the distance
outside the Natura 2000 sites and decreases with the distance inside the Natura 2000 sites.
This means that the Natura 2000 sites have a very positive influence on the land cover
changes at level 1. Corine level one land cover changes are the most significant changes. It
means for example a change from agriculture to urban or from wetlands to forests (at
CORINE level one there are five classes: 1) artificial areas, 2) agricultural areas, 3) forests
and semi-natural areas, 4) wetlands, 5) water bodies, see also the CORINE website at
(terrestrial.eionet.europa.eu/CLC2000). The same analysis can be made at CORINE level 2
and 3. At these two levels it is surprising to see that the relative amount of changes (see the
index) are more or less stable in relation to the distance from the Natura 2000 borders. Now a
lot of changes, like the change from heathland to broad-leaved forest, are considered. In
other words, many land cover changes that can be been seem as a “natural” vegetation succession are now considered and are of course happening much more within Natura 2000
sites.
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Table 2 Spatial distribution of all the land cover changes at CORINE level 1 at various distances from the border of the Natura 2000 sites (inside as well as outside) over the period
1950-2000.
Natura 2000

Inside

Outside

BUFFERDIS
-9999
-5000
-4500
-4000
-3500
-3000
-2500
-2000
-1500
-1000
-500
500
1000
1500
2000
2500
3000
3500
4000
4500
5000
9999
Grand Total

Unchanged (ha)
27.5
146.8
186.9
266.7
288.5
171.9
402.8
763.2
1103.5
1592.0
2871.8
5402.3
2992.4
2154.9
1682.7
1174.2
877.8
549.9
490.0
501.2
323.7
4787.2
28757.6

Changed (ha)
0.0
4.7
47.1
56.8
167.8
359.0
454.0
592.7
937.8
1640.9
3203.1
8091.4
5851.1
3739.2
3110.0
2428.2
1844.1
1402.9
1121.2
621.5
547.5
2269.9
38490.8

Total Area (ha)
27.5
151.5
234.1
323.5
456.3
530.9
856.8
1355.9
2041.3
3232.9
6074.8
13493.6
8843.4
5894.1
4792.6
3602.4
2721.9
1952.8
1611.2
1122.6
871.2
7057.1
67248.5

Index
0
3
20
18
37
68
53
44
46
51
53
60
66
63
65
67
68
72
70
55
63
32
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Figure 3 Land cover changes at CORINE level one in relation to their distance of Natura 2000
border. The x-axis indicates the distance in meters inside (left) and outside (right) the Natura
2000 sites. So the value 0 indicates the borderline. The percentage change (blue symbol) is
the amount of changes (in ha) divided by the total amount of changes (in ha). The relative
area (green square symbol)is the area of the relevant bufferzone (in ha) divided by the total
area (ha). The index (red triangle symbol) is the amount of changes (in ha) divided by the
total area of the relevant buffer area. An index of 60 means that 60% of the buffer zone has
changed in land cover over the period 1950-2000.
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Figure 4 Land cover changes at CORINE level three in relation to their distance of Natura
2000 border.
Table 3 Types of land cover changes at Corine level 1 from 1950-2000 inside as well as outside Natura 2000 sites.
LCC type

Area
(ha)

1-2

338

1.5

25.7

74.3

From artificial to arable

1-3

922

4.1

5.1

94.9

From artificial to agriculture

1-4

111

0.5

16.3

83.7

From artificial to wetlands

1-5

106

0.5

0.6

99.4

From artificial to water

2-1

8597

38.2

2.6

97.4

From arable land to artificial

2-3

4468

19.9

24.2

75.8

From arable land to forest*

2-4

97

0.4

18.1

81.9

From arable land to wetlands

2-5

873

3.9

3.9

96.1

From arable land to water

3-1

2085

9.3

13.8

86.2

From forest* to artificial

3-2

1270

5.6

24.7

75.3

From forest* to arable land

3-4

317

1.4

98.8

1.2

3-5

226

1.0

62.4

37.6

From forest* to water

4-1

24

0.1

2.4

97.6

From wetlands to artificial

4-2

278

1.2

7.4

92.6

From wetlands to agriculture

4-3

1431

6.4

28.6

71.4

From wetlands to forest*

4-5

186

0.8

85.2

14.8

From wetlands to water

5-1

259

1.2

6.5

93.5

From water to artificial

5-2

43

0.2

8.3

91.7

From water to agriculture

5-3

144

0.6

54.3

45.7

From water to forest*

5-4

720

3.2

75.5

24.5

From water to wetlands

22495

Area %

% Inside

100.0

* Here is meant forests and semi-natural areas.
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So, if we have a closer look at the types of changes that occur inside and outside Natura
2000 sites, we can see that the types of land cover changes are very much influenced by the
conservation sites.
For example, if we look at the major land cover change (LCC) types, such as from arable to
artificial, we see that 97.4% of that LCC type occurs outside Natura 2000 sites. While a
change from forest to wetland occurs for 98.8% inside Natura 2000 sites.
CONCLUSIONS
This papers showed that amount of land cover changes at CORINE level one (eg. from agriculture to urban) increased with the distance outside Natura 2000 sites and decreases with
the distance inside Natura 2000 sites. But at the same time that this relationship is not valid at
CORINE levels 2 and 3 (eg. change from heathland to forest). Besides, we saw that the types
of land cover changes are very different inside from outside the Natura 2000 sites. Therefore,
we may conclude that protection has a very positive influence on the type of land cover
changes and their acreage. But at the same time it is unfortunaly to see that the conservation
sites are more and more isolated and that we should be concerned also with the land cover
changes outside protected areas to maintain sustainable populations.
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INTRODUCTION
Forest ecosystems provide many structures and services that are essential for humanity, including the protection of high biodiversity and carbon sequestration rates (Goodale et al.
2002; Randolph et al. 2005), yet, they are increasingly threatened by human land use (Foley
et al. 2005; Lepers et al. 2005). Monitoring the extent of forest cover change (Skole and
Tucker 1993) and understanding its underlying causes (Geist and Lambin 2002) are therefore
of growing international concern. Eastern Europe still harbours large and relatively wild forest
ecosystems. The Carpathian Mountains represent Europe’s largest continuous forest ecosystem, potentially constitute a large carbon sink due to the high productivity of these forests,
and are a hotspot of biodiversity, with a large proportion of endemic species. Moreover, the
Carpathian Mountains provide habitat to many flagship species that have become extinct in
many areas of Western Europe including brown bear (Ursus arctos), wolf (Canis lupus), lynx
(Lynx lynx), and European bison (Bison bonasus) (Webster et al. 2001).
Eastern Europe has experienced drastic changes in political, societal, and economic structures following the fall of the Iron Curtain in 1990. The transition from command economies to
market-oriented economies had powerful impacts on land management and land use, with an
increasing emphasis on economic rather than political influences. This has resulted in widespread forest cover change (Augustyn 2004; Bicik et al. 2001). In areas where socialist forest
management overexploited forests, forest cover has partially increased since 1990 (Turnock
2002). Conversely, privatization of forests may have increased harvesting rates and illegal
clear cutting has occurred in some areas (Nijnik and Van Kooten 2000). Little quantitative
information on post-socialist forest cover changes in Eastern Europe is available. Monitoring
and understanding the consequences of post-socialist landscape dynamics in Eastern
Europe’s forest ecosystems is therefore of great importance, especially in the Carpathian
Mountains, where biodiversity is potentially threatened due to deforestation, fragmentation
and degradation of forests.
Our research question was how forest cover changed in the Carpathians in the post-socialist
period and whether forest changes differed among neighbouring countries in border regions.
We decided to study the border region of Poland, Slovakia, and Ukraine, because these
countries display marked differences in forest management and forest ownership, both, in
socialist and post-socialist times. These differences manifested in land cover (Kuemmerle et
al. 2006), yet, the question remains whether the countries are converging or diverging in
terms of forest cover since 1990. The specific objectives of our study were (1) to quantify forest cover changes for the period 1988-2000 using Landsat Multispectral Scanner (MSS),
Thematic Mapper (TM), and Enhanced Thematic Mapper Plus (ETM+) images, and (2) to
compare forest cover changes among the countries Poland, Slovakia, and Ukraine.
DATA & METHODS
We used 5 Landsat TM and ETM+ images (path/row 186/26: 10th June 2000, 4th July 1994,
2nd June 1994, 27th July 1988, and 2nd October 1986), and 4 Landsat MSS images (path/row
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200/26: 30th July 1977; 200/25: 16th May 1979; 201/25: 2nd September 1979; and 201/25: 2nd
July 1979). All images were co-registrated and corrected for relief displacement using a semiautomatic method (Hill and Mehl 2003) and the SRTM digital elevation model as a base map
(Kuemmerle et al. 2006). The TM and ETM+ data was atmospherically corrected using calibration coefficients and a modified 5S radiative transfer model that incorporated a terrain dependent illumination correction (Hill and Mehl 2003).
Forest cover changes in our study region were assessed using the recently developed forest
disturbance index (Healey et al. 2005). The index assumes that forests are characterized by
high Greeness and Wetness components, whereas disturbances will display low Greeness
and Wetness, but high Brightness. The index requires masking out all non-forest areas. After
normalizing the individual Tasseled Cap components to a mean of zero and a standard deviation of one, the disturbance index is calculated as Brightness minus the sum of Greeness and
Wetness. Categorical change maps result from multitemporal classifications of the disturbance index images (Healey et al. 2005).
To derive a forest / non-forest map for the initial situation (late 1980s), we used unsupervised
clustering of the autumn image (2nd October 1986). Ambiguous classes were subclustered
based on the summer image (27th July 1988). The MSS data from 1977-79 were only used to
determine if forest openings in the 1986-88 imagery were clear-cuts (and forested in 1977-79)
or permanent openings. To study how forest cover changed in the post-socialist period, the
disturbance index (Healey et al. 2005) was calculated for the years 1988, 1994, and 2000.
The disturbance indices were stacked into a composite image and a hybrid classification
(Kuemmerle et al. 2006) was used to identify “unchanged forest”, “disturbance 2000-1995”,
“disturbance 1994-1989”, and “disturbance before 1988”. Validation was carried out based on
1,347 control plots, 587 mapped in the field, 430 from ancillary datasets such as forest inventory maps, and 330 mapped directly from the Landsat data (larger clear cuts in inaccessible
areas of the study region).
RESULTS
The change classification based on the forest disturbance index yielded a precise forest
change map with an overall accuracy of 94.8%. Our results show marked forest cover
changes in post-socialist times in all three countries. In total, 510km² of forest were disturbed
(2.89% of the total forest area), and 353km² (2.00% of the total forest area) of the disturbances occurred after 1988. In all three countries, disturbance rates were relatively moderate during the last years of socialist management, however, increased markedly in 1988-1994
(Table 1). Between 1994 and 2000, yearly disturbance rates declined below pre-1990 values
in all three countries (Table 1).
Table 1: Yearly forest disturbance rates per country and time period. Disturbance rates were calculated by dividing
the changed area per time period by the number of years (6). Changes mapped in 1988 were referenced to a six
year period for better comparison.

before 1988
between 1988 and 1994
between 1994 and 2000

Poland
0.12
0.20
0.05

Slovakia
0.35
0.45
0.23

Ukraine
0.33
0.57
0.22

While the general forest cover change trends of the three countries were comparable, our
analysis revealed distinct differences in the extent and the rate of forest disturbances. Annual
forest cover change rates were lowest in Poland (e.g., annual change rate from 1994-2000 of
only 0.05). In Slovakia and Ukraine the annual change rate was higher by a factor of 1.5–4
(Figure 1), and the change rate highest in Ukraine (up to 0.57. In total, only 2.2% of the forested area was affected in Poland compared to 6.2% and 6.7% in Slovakia and Ukraine, respectively.
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DISCUSSION
Extensive forest cover changes occurred in the border region of Poland, Slovakia, and
Ukraine in post-socialist times. Large-scale natural disturbances are not common in the region and most forest cover changes detected in our analysis therefore are likely to represent
clear cuts. Harvesting increased in all three countries after the system change in 1990, at
least partly due to the changes in forest ownership (Turnock 2002), worsening economic
conditions, and weakening of institutions (Eronen 1996; Webster et al. 2001). In Poland,
ownership pattern did not change substantially after 1990 and most forests remained stateowned. Forest institutions were reformed relatively quickly and forest management already
focused on selective logging before 1990. Together with the low population density in the
region (Turnock 2002), this explains higher forest cover, and low forest cover change rates
that were found in Poland. Forest disturbance rates in Slovakia and Ukraine were considerably higher. In Slovakia, about 43% of forests were restituted to former owners and this led to
increased harvesting in the early 1990s (Eronen 1996). Reforming forest institutions and policies was a very slow process and forests remained intensively managed, thus explaining
higher change rates and the overall decrease in forest cover. In Ukraine, all forests remained
stated owned. However, a low level of institutional control and the still available means of
production (machines, fuel, funds) possibly led to increased harvest rates in the early 1990s.
In the late 1990s, the economic situation worsened considerably, possibly resulting in decreased harvesting. Forests were already heavily exploited in socialist times and young
stands now dominate in many areas. Moreover, corruption and illegal logging are a problem
in Ukraine and increased in the transition period (Nijnik and Van Kooten 2000).
In summary, Poland, Slovakia, and Ukraine have clearly diverged in terms of forest cover and
forest fragmentation in post-socialist times. Forest ownership or changes in ownership do not
solely explain increased harvesting rates, similar to what has been found in tropical regions
(Tucker and Ostrom 2005). Differences in broad-scale socio-economic determinants, management practices, forest policies, and the strength of institutions appeared to be related to
forest cover change trends in our study region, and these factors may be equally important in
other regions of the world.
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ABSTRACT
By finishing the Image & CORINE land cover 2000 (I&CLC2000) Project, the Slovakia’s and
Bulgaria’s land cover database at scale 1:100 000 for the periods of 1990 and 2000 were
completed. Existence of this database represents a compatible tool applicable to the assessment of short-term development in land cover changes for the substantial part of Europe.
Regional context of the database also provides the opportunity to present regional particularities of the ten-year development of the landscape in the selected territories of Slovakia and
Bulgaria. The aim of the paper is to demonstrate land cover changes on case studies (Bratislava and Plovdiv regions), to compare essential differences in the landscape dynamics and
to explain regional specific features in development of the rural landscape as determined by
different natural and positional conditions and traditions of the social and economic development of both countries.

398

Center for Remote Sensing of Land Surfaces, Bonn, 28-30 September 2006

FLOOD INDUCED LAND COVER CHANGE DETECTION
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ABSTRACT
Flash flood triggered by torrential rain in August 2001 damaged many agricultural fields and
forest areas of Golestan national park located in north of Iran. Mapping the extent of flooded
areas and detecting the flood-induced land cover changes are essential for flood damage
reduction by means of improved land use planning. Different approaches for detecting land
cover changes using remotely sensed image data have been developed. This article compares the utility of different change detection approaches using remotely sensed image data
to map land cover changes induced by the flood. For image pre-processing, two cloud-free
ETM+ images of the study area were used. Raw data of the pre-flood and the post-flood images were first transformed to radiance, and then corrected for atmospheric and geometric
effects. Various image-differencing techniques (radiance/reflectance differencing, NDVI differencing, Change Vector Analysis and post-classification comparison) were employed. For
image thresholding, modelling-based, matrix-portioning and post classification differencing
approaches were used. Results show that among image-differencing techniques, Change
Vector Analysis produces more correct change/no change map of the flooded area. Results
also demonstrate that thresholding is the most crucial step in change detection process and
needs more close investigation.
INTRODUCTION
In August 2001, a flash flood affected three provinces in northeastern Iran, resulted in many
casualties, and damaged many forest areas and agricultural fields nearby. Devastating floods
are a periodic occurrence while historical data reveals an increase in the number and severity
of floods over the past few years. Flood monitoring, is increasingly a priority policy issue requiring quick access to accurate information about the location, extent, and the identification
of changes induced by flood.
Remote sensing data can potentially be used to estimate the extent and in some degree the
severity of land cover changes (damages) induced by flood. Researchers have developed
procedures to detect and label changes in multi-spectral image sets taken at two or more
different times (i). Change detection is a process of identifying differences in the state of objects or phenomena by observing them at different times (ii).
When monitoring natural environment and land cover change, three aspects are focused (ii,
iii): The extent of the change, measuring the magnitude of the change; The nature of the
change, measuring the temporal trajectory of the change; Spatial pattern of the change,
measuring spatial distribution and relationship of the change. Numerous works have been
reported in these fields (iv, v, vi, vii, viii, ix, x, xi).
Automatic change detection methods share similar sequential steps: preprocessing to create
a multi-temporary dataset; image differencing and thresholding to derive change/no change
information. Geometric correction and relative radiometric correction are widely accepted as
necessary preprocessing steps. There are many options for creating differencing image,
among which image radiance/reflectance differencing, NDVI differencing, and Change Vector
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Differencing (CVD) are widely used (xii); However, the last step i.e. threshold used to determine whether a detected change is indeed a real change, is far more difficult and only few
studies have investigated this problem. Some researchers have introduced a model-based
thresholding approach by plotting the calculated number of changed regions for each threshold against thresholds. Fitting a decaying exponential curve to the data produces a corner
that can be considered as a suitable threshold (i).
Regardless of the technique used, the success of change detection from imagery will depend
on both the nature of the change involved and the success of the image pre-processing and
classification procedures; However, as Milne (xiii) points out, if the nature of change within a
particular scene is either abrupt or at a scale appropriate to the collected imagery then
change should be relatively easy to detect; problems occur only if spatial change is subtly
distributed and hence not obvious within any one image pixel.
Due to both the extent and the abrupt nature of changes produced by the flood in the study
area, it is an opportunity to compare; the success of different change detection approaches in
better estimating the extent of flooded area using ETM+ images.
METHODS
Study area
Study area covers southern part of Golestan national park and is located in Golestan province, Iran. It geographically
extends from 55.25° to 56.125° longitude
and from 37.3125° to 37.4375° latitude.
The Study area includes Madarsoo river
that experienced a torrential flood in August 2001. It ends up to the Golestan
Dam (Figure1). The Golestan flood occurred on 10th of August, 2001.The two
closest and available cloud free ETM
images belong to the date 2000/07/20 as
pre flood and 2001/09/09 as post flood
images (path/row 162-34) were acquired.

Figure 1. The study area

Three sequential steps: preprocessing to create a multi-temporary dataset, image differencing
and thresholding were followed to derive change/no change map of flooded area.
Preprocessing
Geometric correction was performed on pre flood image 2000 using 15 GCPs obtained previously by filed measurements using GPS. Image 2001 was geo-registered to the first image
using 35 GCPs. Both corrections were made using first order polynomial transformation
model and nearest neighbor method for resampling. The total RMS error of 7.4 meters was
achieved which is suggested as acceptable for change detection.
Radiance/reflectance conversion
ETM+ 2000 image was selected as base scene (or reference scene). The DN values of both
scenes were converted into radiance using the equation introduced by the Landsat-7 Science
Data User's Handbook (xiv).
The base image converted to reflectance by simple dark pixel subtraction. Dark pixel subtraction is perhaps the simplest yet most widely used image-based absolute atmospheric correction approach for classification and change detection applications (xv). Scene 2001 was then
normalized to the base image by converting from radiance to reflectance directly by means of
histogram matching.
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Image differencing
Four widely used approaches were used: image radiance differencing, normalized reflectance
differencing, NDVI differencing, Change Vector Differencing (CVD) (see e.g. (xvi and xvii) and
post classification differencing which is commonly employed in land cover change detection
studies (v, xviii, xix, xx, xxi). Post classification differencing was performed on both pre and
post flood images separately using Isodata Clustering method to yield two contrasting dark
and bright classes associated with exposed gravel, sand and bare soil as bright and vegetated area as dark.
Table 1. The summary of the change detection approaches used in the research
Methods

Preprocessing

1

4

Equation used

Radiance/reflectance
band differencing

(2000_Band4)- (2001_Band4)

Radiance/reflectance
Normalizing

2

3

Image Differencing

Geometric
correction,
Radiometric
Normalization
by
histogram
matching

5

NDVI differencing
CVD
Post
classification
differencing

(2000 _ Band 4 − 2001 _ band 3)
(2000 _ Band 4 + 2001 _ band 3)
(NDVI_2000)- (NDVI_2001)

( A_b4 − B_b4)2 + ( A_b3 − B_b3)2 **
- ISO data Clustering on reflective
bands of 2000 image
- ISO data Clustering on reflective
bands of 2001 image

Method of
Threshold
Model
based*
Frequency
based
Model based
SD***_base
d
Matrix based

*Model based method was defined based on curve fitting, ** “A-b4”: denotes the band4 of
post flood image and “B_b3” denotes the band3 of pre_ flood image, ***SD: Standard deviation.
Thresholding
Thresholding was done by using frequency of values, standard deviation, matrix based and
by modeling the spatial distribution of signals (changes) (i). We also adopted a matrixportioning approach for thresholding of post classification differencing. Performing Isodata
clustering on both pre and post flood images yield two contrasting dark and bright classes.
Associating bright class with exposed gravel, sand and bare soil and dark class with vegetated area seems logical. Cross tabulation of the resulted dark and bright classes of the two
dates produces a matrix based of which the overlay of classified images can then be recoded
as change/no change classes. The summary of the change detection approaches used in the
research has been presented in table 1.
Accuracy assessment
Considering the fact that detected changes within the boundary of the river are drastic
enough to be representative of changes that can be based for comparison with other resulted
change/no change maps, accuracy assessment was made by comparing the percentage of
pixels correctly classified as change with corresponding flooded river map produced by onscreen digitizing the river boundary on displayed false color composite 4, 3, 2 image of the
scene 2001.
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RESULTS & DISCUSSION
As a result of applying different change detection approaches, performing different thresholding methods along with assessing different range of threshold values, numerous number of
change/no change thematic maps were produced. For the sake of brevity, only some of
threshold values have been presented in table 2.
Among different change detection approaches, the highest obtained overall accuracy belongs
to CVD with 87.12 percent. Increasing the threshold value from 0.3 to 0.6 reduces the accuracy linearly (Figure 2).
All produced change/no change thematic maps via CVD method were consistent and did not
misclassify those not-changed pixels especially in protected forest areas. The lowest observed accuracy belongs to NDVI differencing; regardless of the range of threshold values
applied. Out of 22 change/ no change images produced using NDVI differencing approach,
the least (thresholding based on 2 percent of data), the most (thresholding based on 60 percent of data) and the optimum percentage of threshold obtained applying model-based
thresholding method, namely 16 percentage, were presented in the table 2.
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Figure 2. Plotting selected range of CVD values with produced accuracies.
We should note that the same thresholding method was applied to define the optimum
threshold range for radiance/reflectance band differencing. The accuracy of Radiance/reflectance normalizing is also considerable. Although its accuracy for threshold of 0.3
is 98.89, visual speculation of its change/no change image shows that it over classifies other
pixels as change while other methods unanimously consider them as no change. Those pixels belong mostly to forest part of Golestan National Park that neither visual speculation of
images nor after flood site visit of authors complies with it. It also shows that minor shifting
the range of threshold from 0 to 0.3, results in significant improvement in accuracy, which
practically proves its inconsistency.
It should be noted that, the boundary of flooded area was drawn visually, some vegetated
islands are yet being observed in the river. We cannot expect that all bounded areas of the
river have been changed especially that part of the river that has been covered by water. All
possible known and unknown sources of errors in defining river boundary delimit us to consider the river as pure evidence of change. It is therefore wise that the relative accuracy of
methods been taken into consideration not their absolute value.
Based on what was explained in previous paragraph, authors were convinced that CVD is
capable of producing higher accuracy even with lower threshold values. The range of CVD
thresholds used is well bounded between +1σ and +2σ.
As it was pointed out in introduction section, thresholding is the most crucial step in change
detection. Due to its difficulty, any introduced quantitative methods for thresholding can im-
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prove the full automation of change detection techniques to reach to their maturity. As the
result, the model based thresholding approach introduced by Hu et al.,(i) was applied in two
image-differencing methods. We plotted the number of produced changed patches applying
simple radiance/reflectance band differencing and NDVI differencing against percentage of
enough number of selected thresholds to find threshold range by fitting an appropriate exponential curve and finding the range of threshold where the curve starts to decline sharply.
Table2. Accuracy assessment of applying different change detection methods with reference
to the river boundary and associated representative thresholding values applied.
Method Used

Change Vector Differencing

Radiance/reflectance Normalizing

NDVI Differencing
Post Classification
Radiance/reflectance Band Differencing

Thresholding value*
0.30
0.35
0.4
0.45
0.50
0.55
0.60
0.0
0.3
Min
0.02
Model based
0.16
Max
0.60
Reclass
Min
0.02
Model based
0.22
Max
0.50

Accuracy%
87.12
74.32
67.41
59.79
51.92
43.50
35.07
63.12
98.89
0.99
0.43
0.00
38.50
58.10
0.30
0

* Values less than threshold were classified as change.
As it is depicted in Figures 3, none of those expectations apply. Neither the data follow declining exponential curve nor they reach to any asymptotic end point. It is therefore impossible to
define a point by this method. Fitting other curves and finding the point of maximum deviation
from the line between the end points of the curve, does not produce a change/no change map
with a significant accuracy. Independent from the image differencing methods applied, Model
based thresholding approach does not improve the accuracy of final change/no change map.
Note that the accuracy of produced change/no change maps should be checked for both
changed and unchanged pixels. To accomplish this, an expected area of unchanged forest
within the scene was selected to check no-change accuracy of applied approaches.
Combining the result of changes detected by different methods and of visual inspection of pre
and post flood changes observed, the area of flood induced changes for 3 main land cover
classes and their estimated accuracy were estimated and has been presented in table 3.
The highest proportion of damage was occurred on agricultural fields that extended along
both sides of the riverbank. The severity of change is directly proportional to the range of selected threshold value. All selected thresholds, are considered to be of highly changed category in terms of land cover change classification scheme that was adapted from the operational USDA Forest Service, California Department of Forestry change monitoring program
(xxii), quoted in (xxiii).
In the case of flood induced change detection, due to pronounced loss of vegetation, exposed
gravel, sand, and soil in post flood image, the task was easy to find an increase in reflectance
of river bed and flooded area in all bands comparing its predecessor image.
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Figure 3. Exponential (a) and Polynomial (b) curve fitting on plotted number of observed
changed patches produced by applying simple radiance/reflectance band differencing as well
as Exponential (c) and Logarithmic (d) curve fitting on plotted number of observed changed
patches produced by applying NDVI differencing against percentage of selected thresholds to
find an appropriate threshold range based on Model suggested by Hu et al. (i).
Table 3. Estimated proportion of changes induced by flood for three main land cover classes
and their associated accuracy using CVD method.

Agriculture
Area (hectare) 3,579
Percentage% 87.14
Accuracy %
82.23

Forest
253
6.16
95.69

Rangelands
275
6.69
83.45

Total
4,107
100
87.12

CONCLUSIONS
Among different change detection approaches, Change Vector Differencing was the best in
detecting the changes induced by flood occurred in the Golestan Province. The model based
thresholding approach did not produce satisfactory results. Regardless of the technique used,
the success of change detection from imagery will depend on both the nature of the change
involved and the success of the image pre-processing and classification procedures. How-
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ever, if the nature of change within a particular scene is abrupt, change should be relatively
easy to detect. In the case of flood induced change detection, due to the pronounced loss of
vegetation, exposed gravel, sand, and soil in post flood image, delimiting changed area was
easy. Knowledge based approach amalgamated with CVD change detection method, as an
ancillary help seems the most appropriate method to detect such an abrupt change.
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ABSTRACT
The estimation of continuous vegetation fields, such as proportional cover or leaf area index,
is a central component of land degradation and desertification assessments with remote
sensing systems. This is due to the fact that most definitions of desertification involve the loss
of biological productivity as a key variable for defining the state of ecosystems. In this line,
satellite-derived vegetation abundance estimates have been assessed in combination with
climate ad terrain variables, or as a stand-alone variable in the context of process-related
changes over long time periods.
In many studies, simple vegetation indices have been used as a surrogate for biological
productivity, or for inferring vegetation cover or structural vegetation characteristics through
empirical relations, primarily because they can be straightforwardly derived from a large
variety of optical instruments. These simple indices, however, tend to overestimate the
vegetation abundance in drylands, owing to the high proportion of soil and non-photosynthetic
vegetation typically exposed in dry ecosystems. This study explores the use of a coupled leaf
and canopy reflectance model to provide improved assessments of vegetation cover in a
typical arid ecosystem of SE Spain. The model used in this work is known under the acronym
GeoSail; it combines the coupled Prospect and Sail models with a geometrical component
that allows its application to irregularly shaped canopies.
The method has been tested on atmospherically corrected hyperspectral HyMap imagery.
With reference to field measurements of proportional vegetation cover it could be
demonstrated that the model performs largely superior to the use of simple vegetation
indices. While this advantage is gained at the expense of more demanding data processing
and analysis procedures, it should be acknowledged that vegetation indices, and thereby
even global satellite archives, might be biased over arid regions. This affects in particular that
type of studies which involve the use of existing generic relationships between vegetation
indices and vegetation variables such as the fraction of absorbed photosynthetically active
radiation or above-ground net primary productivity. The bias is less significant for analysing
long-term trends.
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ABSTRACT
In this paper we evaluate the usefulness of Landscape Metrics in the context of land degradation studies. We selected a set of metrics to analyze multitemporal variations of a Mediterranean landscape affected by land degradation processes. The analyzed land covers were obtained from classifications of two Landsat-TM subscenes of about 50.000 km2 (13-061987,14-06-2002); they include a wide area characterized by badland formations that is contoured by agricultural areas and, from west to south, by forested areas. At landscape level,
the heterogeneity of the studied area provides quite good levels of evenness (SHEI~0.8) and
diversity (SHDI ~2.2) for both the years. Interesting results were obtained from metrics at
patch and class levels, particularly from indexes related to patch dimension (MPS) and complexity (Frac). For the 1987 map, the badland areas showed a high shape complexity (Frac
1.50-1.55) associated with a medium-high patch dimensions (4-5 ha). These values can be
interpreted as signs of process in expansion. Such a hypothesis was confirmed by the increased extension of the areas classified as badlands in the 2002 map. The surrounding forested areas showed patches quite compacted (MPS >5 ha) with a generally low Frac values
(1.30-1.45). By taking into account that such covers are mainly natural, the strong patch regularity indicates an anthropic influence. This regularity decreases in the 2002, but it is associated with a patch contraction showing signs of fragmentation.
INTRODUCTION
The assessment of land degradation phenomena and desertification processes is one of the
main global issues for the adverse impact on biomass productivity and environmental quality
(i). In Northern Mediterranean environments, soil becomes unproductive in response to synergic effects of climatic and anthropogenic factors. Inappropriate soil management practices,
such as the intense use of monocultures and fertilizers, overgrazing, deforestation, the heavy
water extraction along the coast favoring salty water intrusions, are the principal causes of
land degradation, which is exacerbated by the irregular precipitation regime (long-term
droughts, heavy rains) typical of Mediterranean climate (ii). The complexity of interaction of
such factors at different spatio-temporal scales makes the characterization of land degradation processes quite arduous.
Landscape ecology can be a powerful tool for this particular purpose by considering its topical
interest for the study of landscape patterns and their changing in time. This discipline mainly
focuses on the spatial dimension (texture and levels) of the ecological processes and on the
relationship between natural environment and human environment not considering human
activities as a separate component, but as a part of the system (iii). Many studies have underlined the advantages of such an approach for purposes of environmental management and
planning, mainly if supported by remote sensing techniques (iv,v,vi and ref. therein).
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In order to evaluate the usefulness of Landscape Metrics in the context of land degradation
studies, we analyzed multitemporal variations of a Mediterranean landscape affected by land
degradation processes by applying a set of landscape metrics on land cover maps obtained
from classifications of two Landsat-TM/ETM imagery.
METHODS
The study was conducted over an area heavy affected by land degradation processes in
Southern Italy (ii) (Figure1). The selected landscape of about 50.000 km2 includes a wide
area characterized by badland formations that is contoured by agricultural areas; from west to
south, there are forested areas, which are partially included in a National Park, and eastward
the eco-mosaic is delimited by the Ionian coast. Climate is typically Mediterranean with
maximum precipitations and low temperatures during fall and winter and with dry and warm
summer.

Figure 1: Study area location and a frame (TM 321) of the studied landscape.
Two subscenes acquired on 13-06-1987 from Landsat-TM and on 14-06-2002 from LandsatETM were used for analyzing the selected area. The imagery in UTM projection on WGS84
were elaborated to obtain land cover maps for the two period. The classification was performed by applying a hybrid approach (unsupervised-supervised). As a first step, the unsupervised Isodata algorithm was applied for pre-classifications. For the second step, the best
signature carried out from these classifications, integrated with field surveys, were used as
training for the supervised classification performed by applying the Maximum Likelihood algorithm. In particular, the classification of badland areas was performed by combining information on terrain morphology as shown in Liberti et al. (vii). Then, in order to refine the classified
maps we applied a 3x3 median filter. In post-classification step further field surveys were performed to verify some doubtful areas. The achieved classification accuracy (overall) is 82%
for 1987 and 83.5% for 2002 land cover map.
The characterization of landscape patterns and their dynamics was based on the computation
of Landscape Metrics that can be summarized as quantitative measurements of the environmental condition or vulnerability of an area (e.g., ecological region or watershed). By applying
such indices, it is possible to analyze the fragmentation level of the involved covers (vi).
Fragmentation processes, i.e. the subdivision of continuous cover into smaller patches, can
be linked to three components: direct removal, reduction in patch size, and increasing isolation of the remaining patches (iii,vi). The analysis of fragmentation degree can be fruitfully
exploit in the context of land degradation studies since the scattered decrease of vegetation
cover is one of the principal effects of land degradation phenomena (viii).
Among the different metrics devised for the characterization of landscape patterns, the set of
indices selected for this preliminary study was reported in Table 1. The computation of such
indices was performed by using FRAGSTATS tools (ver.3.3), the widest diffused program for
calculating landscape metrics (www.umass.edu/landeco/research/fragstats/fragstats.html).
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Table 1: Set of Landscape Metrics selected for the study.

Landscape metric

Description

m

SHDI = −∑ (Pi ln Pi )

Shannon’s Diversity Index: Measure of relative patch diversity. It is zero
when there is only one patch in the landscape and increases with the numm number of classes,
ber of patch types and as the proportional distribution of patch types inPi percentage of the landscape creases.
occupied by class i
i =1

m

− ∑ (Pi ln Pi )

SHEI =

i =1

ln m

m number of classes,
Pi percentage of the landscape
occupied by class i

Shannon’s Evenness Index: Measure of patch distribution and abundance.
It is zero when the observed patch distribution is low and approaches one
when the distribution of patch types becomes more even.

PLAND

Percentage of Landscape: Measure of landscape composition. It quantifies
the proportional abundance of each class in the landscape

NP

Number of Patches: Measure of the extent of subdivision or fragmentation
of a class. NP is the total number of patches of the same type.
n

MPS =

∑ AREA

ij

j =1

Mean Patch Size: The average of the patch size (ha) calculated at class
level

ni

ni number of patches of class i
n

EMNN =

∑h
j =1

ij

ni

ni number of patches of class i
⎡⎛
⎞ ⎛
⎢⎜ e ⎟ ⎜ e
ik
⎜
⎟ ln⎜ ik
−∑⎢ m
⎜
⎟ ⎜ m
⎢
k =1
⎢⎜ ∑ eik ⎟ ⎜ ∑ eik
⎣⎝ k =1 ⎠ ⎝ k =1
IJI =
ln(m − 1)
m

⎞⎤
⎟⎥
⎟⎥
⎟⎥
⎟⎥
⎠⎦
(100)

Euclidean mean nearest neighbour distance: Measure of patch isolation.
At class level, it is the mean distances to the nearest neighboring patch of
the same type, based on nearest edge-to-edge distance (metres), for each
patch of the corresponding class.

Interspersion Juxtaposition Index: Measure of relative interspersion of
each class. It approaches zero when the distribution of unique patch adjacencies becomes uneven and 100 when all patch types are equally adjacent.

eik total length of edge between class i and k.
m number of classes
Fractal Dimension Index: Measure of shape complexity at patch level. It
approaches one for shapes having simple perimeters and approaches two
FRAC =
when shapes are more complex. The measure is weighted by individual
ln aij
patch area. Since larger patches tend to be more complex than smaller
pij perimeter of patch ij, aij area patches, this has the effect of determining patch complexity independent of
of patch ij
its size

2 ln(0.25 pij )
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RESULTS & DISCUSSION
Land cover maps obtained from satellite data classifications highlight the high heterogeneity
of the selected landscape (Figure 2). In such a preliminary analysis, we directly applied landscape metrics to classification products without any texture manipulation mainly because we
were interested in evaluating changes of landscape indices from multitmporal approach.

Figure 2: Land cover map obtained from 1987 TM (left) and 2002 ETM scene (right).
At landscape level, the heterogeneity of the studied area provides quite good levels of evenness and diversity for both the years (Table1). Only a slight reduction for both the indices was
revealed.
Table 1: Shannon Diversity Index (SDI); Shannon Evenness Index (SEI)
SDI
Landscape

1987
2.264

SEI
2002
2.181

1987
0.799

2002
0.787

By analyzing results at class level (Figure 3), we can note a reduction of the extension of
more structured vegetation (Beech, Broad-leaved, and Conifer Forests) (PLAND decrement);
moreover, the decrease of NP and interspersion index (IJI) testify that these classes tend to
collapse on the respective core area inducing an increase of the distance between the
patches (EMNN) particularly for beeches and conifer stands. On the contrary, bushes are
involved in a consolidation/expansion processes showing for 2002 an higher value of PLAND
and a lower number of patches (NP) that are closer (EMNN) (consolidation); at same time,
the increased IJI (about 8%) suggests the presence of new patches that are in contact with
different type of classes (expansion). By evaluating the image of changes between the two
land cover maps, we verify that patches close to broadleaved forests became bigger, substituting some patches of this class; whereas new patches are mainly localized close to river
banks. This phenomenon can be essentially linked to the application of legislation regulating
on the buffer limits from rivers that allowed the regeneration of riparian vegetation along the
banks (see Figure 4). Concerning grasslands and sparsely vegetated areas, we found a general reduction of these covers (reduction of PLAND, NP and IJI with an increase of EMNN)
that, as we derived from the change map, were mainly converted in a non vegetated class;
these last one, in fact, which shows an opposite trend for all the indices. This conversion is
physiologic since it is principally due to the particular meteoclimatic conditions of 2002, that
was characterized by a severe drought (data from National Institute of Agricultural EconomyINEA). For the badland class, we found an enlargement of its extension coupled with an in-
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creased patch number (about 50%) that favoured the interspertion with the other classes increasing the vulnerability of surrounding vegetated covers.

Figure 3: Landscape Metrics at class level.

Figure 4: Comparison of 1987 and 2002 frames for a segment of Agri River. The red ellipses
highlight changes of riparian vegetation.
A better interpretation of the suggested processes can be done by evaluating maps of mean
patch size (at class level) and fractal dimension index (at patch level) (Figure 5). For 1987, we
can note that forested areas show the highest value of MPS (in yellow) coupled with a relatively low Frac index (1.3-1.4). This sign of shape regularity can be related to a low level of
naturality for these patches, thus it can be linked to a high human influence inducing a compaction towards larger patches. By analyzing Frac and MPS maps for 2002, the critical situation for forested areas was in general confirmed; even if a slight increase of patch complexity
was found (higher Frac) with some exceptions. Beeches show a little increase in MPS due to
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the disappearance of some small patches mainly located close to Pertusillo dam. In these
area (red box in Figure 5) some oil well were implanted during the period between the two
Landsat acquisitions; thus it could be possible a stress in the local phenological answer of
forests stands. At present the production is a full regime: about 20 million barrels for JanuaryJuly 2006 (data from Basilicata Authority). By analyzing the changes in land cover between
the two years for this area, we noticed that also the remaining patches show a reduction of
their extent, which make thinner some part of them arising the Frac values, such a particular
condition seems to suggest a fragmentation process. For the other beech forests in the rest
of the landscape, we found some areas that maintain a status similar to 1987 and others
showing a sign of improvement (increased Frac and extent); these areas are mainly located
into the Pollino National Park (blue box in Figure 5). An important consideration that has to be
taken into account is the peculiarity of Beech stands that are not pure forests. Therefore the
changes pointed out cannot really considered as a severe modification of the territory, but
might be linked also to a natural evolution of the forested areas.
Non vegetated areas and badlands in 1987 maps show patches having very complex shapes
(the highest Frac 1.50-1.55) and a medium-high size (MPS 3-4 ha). In particular, the consistence of badland patches rather sprinkled over the territory can be interpreted as a sign of an
expansion processes as it was confirmed by 2002 data (PLAND, NP, Frac). In particular, the
fractal index for 2002 shows increased values for this class combined with a slight increase
also for MPS that suggest a diffusion of areas affected by erosional processes. Such results
are in agreement with other studies performed in the region that were mainly based on in situ
measurements and ortophoto analyses (ix,x).

Figure 5: Maps of Fractal Dimension Index (Frac) and Mean Pach Size (MPS).
CONCLUSIONS
In our preliminary investigations, the application of Landscape Metrics provided good results
in the context of land degradation studies. We found that the selected indices are capable to
highlight ongoing processes not only in relation to forests dynamic, that are already widely
proved (iv,v,vi and ref. therein), but also for cover severely affected by degradation processes
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such as badlands. In particular, we found that at the investigated scale (Landsat-TM/ETM)
class and patch level metrics are the most useful for evaluating the vulnerability of the investigated covers. Moreover, the combined analysis of maps of land cover changes and landscape indices (such as MPS and Frac) allows for identifying patches more vulnerable to degradation phenomena. Nevertheless, further investigations are required to better link pattern
dynamics to land degradation processes.
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ALTERNATING POLARISATION IMAGES
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ABSTRACT
Envisat ASAR Alternating Polarisation images acquired at different dates during the flooding
cycle, with different polarisations and incident angles, were used for studying the flooded
grassland vegetation of the Waza-Logone floodplain. Based on fieldwork data, different vegetation classes, characterized by dominant species, plant height, stem density, and flooding
condition, were delineated. First, backscatter signatures for the acquired images were analyzed for each vegetation class. Next, the Jeffries-Matusita (JM) distance was used to calculate seperability between the different vegetation classes. When only one image is available,
a HH-polarisation image provides best separation. When two images are available a combination of cross- and like-polarized signals (HH/HV or VV/VH) provides better separation between classes than a combination of like-polarized signals (HH/VV). It was also found that a
higher incident angle (IS4) provides better separation than a smaller one (IS2). Finally, it was
found that images acquired at the middle of the flooding cycle resulted in higher separation
between classes compared to images acquired at the beginning and the end of the flooding
cycle. Once the radar signatures were investigated and interpreted, a classification map of
the area was produced. Due to the presence of speckle, performing a supervised classification based on pixel statistics lead to poor results. Another approach performing a segmentation before image classification was applied. This enabled classification to be performed
based on information provided by clusters of pixels rather than individual pixels. The different
classification images were evaluated both visually and by calculating the kappa index of
agreement.
INTRODUCTION
Sahelian floodplains are characterized by their seasonality and their extent. The highly dynamic hydrological cycle allows for a very high primary productivity (i). Local populations
strongly depend on the floodplains for their subsistence. Overpopulation and drought lead to
an increased need for irrigation water, which resulted in some big dam-construction-projects
in the ‘70s. These dams deprive large areas of their yearly provision of water and sediment
resources, resulting in floodplain degradation. As a result, the natural and more productive
perennial grasslands are invaded by annual grasses, limiting regrowth in the dry season and
reducing carrying capacity for wildlife and livestock (ii).
Monitoring the floodplain extent and its vegetation cover is a very important step, leading towards a sustainable management of these threatened ecosystems. A consistent way of monitoring could ease the evaluation of rehabilitation projects. Because of the inaccessibility, the
extent and the variability of wetlands, remote sensing is the only appropriate way to effectuate
this monitoring.
SAR (Synthetic Aperture Radar)-systems are often used for monitoring wetlands. These systems have an all-weather capacity. Depending on the height, the stem density and the dominant species of flooded vegetation, the backscatter can be higher or lower than that of nonflooded vegetation. The increase in backscatter is due to the double bounce-effect which occurs when standing vegetation interacts with the water surface as a double reflector. On the

415

Proceedings of the 2nd Workshop of the EARSeL SIG on Land Use and Land Cover

other hand the backscatter decreases if the signal is forward scattered off the open water
surface (iii). Radar signals with different polarisations (VV, HH, or VH) interact in different
ways with the vegetation structure. Consequently, data acquired at different polarisations can
improve the separation between the different grassland communities.
In this study, Envisat ASAR Alternating Polarisation images were used to study the WazaLogone floodplain vegetation. Images were taken at different dates during the flooding cycle,
at different polarisations and at different incident angles. In a first phase the backscatter
properties of the different vegetation types were investigated using various radar parameters.
Subsequently the images with the best separating capacity between vegetation classes were
selected. This type of selection is called “feature selection”. Finally a segmentation of these
selected images was performed, followed by a comparison of a pixel-based and a segmentbased classification method.
METHODS
Study site
The floodplain of the Logone river is located in the Lake Chad basin, with geographical coordinates between 10°50’N/14°00’E and 12°30’N/15°20’E. This study was carried out in the
Waza-Logone floodplain (Figure 1) which is situated in the Extreme North province of Cameroon, on the western border of the Logone river. The extent of the study area is about 4000
km² (ii).

Figure 1 The Waza-Logone floodplain in the geographical context.
The study site is situated in the Sudano-Sahelian climatic zone. The mean annual temperature is 28°C and the mean annual precipitation is approximately 650 mm (iv).The precipitation
is mostly concentrated in the rainy season from June to September and between September
and December, the plain is covered by a layer of water with a depth between 0.8 and 1.2 m
(iv). This seasonality is of high importance in the daily life of the 100000 inhabitants of the
floodplain. They use the floodplain for fishing, dry season grazing and agriculture (v).
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To intensify the rice cultivation, in 1954, the government started up the SEMRY-project. An
embankment along the Logone river was constructed, and in 1979 the Maga dam was built.
This dam caused an artificial lake to be formed, spanning 400 km². The constructions reduced the flooded area with 1000 km², and their consequences are mainly felt downstream.
Image material
High resolution images were taken with Envisat ASAR, Alternating Polarisation mode. In this
mode, two images with different polarisations are taken simultaneously. Table 1 lists the 12
images which were used in the analysis.
Table 1: An overview of the used Envisat ASAR Alternating Polarisation images.
Date
4/09/2005
28/10/2005
29/10/2005
1/11/2005
3/12/2005
6/12/2005

Polarisation
VV/HH
HH/HV
VV/VH
VV/HH
VV/VH
VV/HH

Range of incident angle
IS3
IS2
IS2
IS4
IS2
IS4

To allow for a quantitative approach, intensity values were converted into backscatter coefficients σ0. Radar images are highly subject to speckle, and before any interpretation of the
images can be made, speckle suppression is necessarily. In a first phase, four pixels were
averaged, what resulted in a final pixel size of 25 m. Secondly the images were filtered with a
Frost Filter, window size 5x5. To correct the deviation of geographical coordinates, the images were georeferenced, based on a Landsat ETM-image of 2001.
Delineation of vegetation classes
The fieldwork was performed in the middle of the flood season (October-November). Sampling points of the different spectral classes were collected, in and around the floodplain. For
the sampling points located in the floodplain (wetland points), the recorded parameters were:
vegetation height, cover percentage, flooding condition and dominant species. The dryland
sampling points were classified using preliminary defined land cover classes. A colour composite of Envisat images taken in 2003, was used to locate the different spectral classes on
the field. To allow for classification, based on the field work data, vegetation classes were
defined. For each class, polygons were delineated on colour composites. As far as field data
were available, it was attempted to point out sufficient and spatially dispersed polygons.
Feature selection
In view of continued monitoring of the Waza-Logone floodplain with Envisat ASAR data, it’s
important to select the images that provide the maximum separability between the different
vegetation classes. The Jeffries-Matusita distance is a very useful tool in this feature selection (vi)

JM = 2(1 − e Bcd )

(1)

with Bcd the Battycharya distance:

Σ + Σ d −1
1
1
Bcd = ( M c − M d ) T ( c
) ( M c − M d ) + ln
8
2
2

Σc + Σd
2
Σc Σd

(2)
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with Mc and Md the mean vectors of the classes c and d for the different images and ∑ c and
∑ d the covariance matrices.
When the JM distance is equal to 0, the classes c and d are impossible to distinguish, and
when it equals 2, the classes are completely different. Two classes might be considered as
completely separable with JM>1.9, separable with 1>JM>1.9 and inseparable with JM<1 (vii).
Segmentation and classification
The speckle effect complicates performing a pixel-based classification on the raw SARimages. This can be resolved by first segmenting the images and thereafter classifying the
segments (viii). In this case not individual pixels, but clusters of pixels are classified (ix).
The segmentation procedure described by (x) was used. In a first phase the edges of the filtered images were detected, based on the ratios of averages (xi). Subsequently the edges
were extracted by a watershed algorithm (xii) which resulted in a highly oversegmented image. The last step was a region merging segmentation (ix), which joins segments with comparable statistical properties.
The segments were classified based on the Batthycharya distance (x). With this method,
Bhattycharya distances between the segment to be classified and all training segments are
calculated. The segment is assigned to the class corresponding with the most similar training
segment (smallest Bhattycharya distance). For comparison, a Gaussian maximum likelihood
pixel-based classification was performed as well.
RESULTS AND DISCUSSION
Analysis of backscatter signatures
A three polarisations image (Figure 2 Vegetation classes corresponding with different zones
on the multipolarisation colour composite (blue: HH-band, 28th October; green: VH-band, 29th
October; red: VV-band, 29th October) was constructed, based on the HH-image of the 28th of
October 2005 and the VV- and VH-image of the 29th of October 2005. The HH-, VV- and VHimages were represented by the colors blue, red and green respectively. The flooded and
non-flooded area could easily be distinguished, because the non-flooded area was characterized by very low backscatter coefficients. In the flooded zone, where vegetation moisture content is much higher, the main backscattering mechanisms are double bounce interaction and
volumescattering (xiv). Vertically oriented (humid) vegetation and the water surface behave
as a double reflector, resulting in this double bounce interaction. This notably increases the
like-polarized backscatter. In similar studies, mostly the increase in the HH-backscatter is
more pronounced than the increase in the VV-backscatter (iii, xiii). This is contradictory to
what was found in this research, where a high HH-backscatter implicated a high VVbackscatter. In Figure 2 the effect of the double bounce interaction is clearly seen in the purple area, where a short (+/- 1 m), dense, vertically oriented and flooded vegetation class was
dominant on the field.
Along the riverside, the dominant vegetation species is Echninochloa stagnina. Leafs and
stem dimension of this grass are larger and the vertical orientation is much less pronounced.
Volumescattering is the main mechanism of this class, which can be noted by the green colour of the Echninochloa stagnina population on the map in figure 2. Cross-polarized signals
(HV and VH) only record the depolarized part of the signal, and this depolarisation only takes
place when volumescattering occurs (xiv). More upstream (below the purple zone) a green
area can be distinguished. The corresponding vegetation class is high (3m) and very dense.
Again, volumescattering is the main backscatter mechanism.
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Flooded. Dense, short vegetation

Riverside. Dense Echinochloa stagnina

Dryland. Shrub savannah

Flooded. Dense, high vegetation

Figure 2: Vegetation classes corresponding with different zones on the multipolarisation colour composite (blue: HH-band, 28th October; green: VH-band, 29th October; red: VV-band,
29th October).
Feature selection
The images which provide the best separability between vegetation classes can be used for
management purposes. The property of Envisat ASAR AP-mode to simultaneously make two
images at different polarisations, should be taken into account in this consideration.
The JM distances between different classes were calculated, based on the backscatter coefficients of the considered images. To evaluate the separating capacity of these images the
average JM distance was taken as the most important parameter. Beside this parameter, also
minimum JM distance and the proportion of JM-distances >1.9 were taken into account.
First, the period providing the best separability was selected. Because in the first period (September) only two images were available, the comparison was made between the two last periods (October/November and December). From Table 2 it can be found that the images
taken in the middle of the flood period, resulted in the best separability between vegetation
classes, as they show the highest values for the average and minimum JM distances.
Table 2: Separabilty of the different classes based on the VV- en VH-images of 29 October
and 3th December 2005 (IS2-incidence angle) and the VV- and HH-images of 1th November
and 6th December 2005 (IS4-incidence angle).
Period
OctNov
Dec

Average JM distance
1.71
1.48

Minimum JM distance Proportion >1.9 (%)
0.73
44
0.24

40

Secondly, the combination of polarisations providing the best separability was selected. It
was found that the difference in separability between HH- en VV-polarisations is negligible
(1.70 and 1.71 respectively). Contradictory to similar studies, no significant differences in
scattering mechanisms between HH- and VV-signals were notified. Subsequently, combinations of the two like-polarized signals and combinations of a like-polarized and a crosspolarized signal have been compared. The added value of a cross- and a like-polarized image were compared. From Table 3 it can been observed that the combinations with a the
cross-polarisation (HH/HV and VV/VH) resulted in the highest values for the JM distance, and
the combination of the HH- en HV-polarisation has the highest proportion of completely separable classes.
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Table 3 Separability between classes when HV- and the VV-image of 28 and 29 October
2005 are added to the combination of HH-images taken the 28th October 2005 and the 1st
November. The HH- and VH-images of 28th and 29th October are added to the combination
of VV-images taken the 29th October and the 1st November.
Polarisations
HH1.11-HH28.10-HV28.10
VV1.11-VV29.10-VH29.10
HH1.11-HH28.10-VV29.10
VV1.11-VV29.10-HH28.10

Average
tance
1.65
1.65
1.59
1.58

JM

dis- Minimum JM distance Proportion >1.9 (%)
0.45
0.56
0.37
0.18

40
36
36
40

The last radar parameter which has been examined, was the incident angle. Table 4 shows
that in the middle of the flooding period (October/November) images with larger incident angles (IS4) have higher JM values than images with lower incident angles (IS2). With larger
incident angles the extinction of the signal by the biomass where it pass through, increases.
This suggests that the double bounce interaction plays a less important role in distinguishing
vegetation classes than expected.
Table 4 Separability between classes for IS2- and IS4 angles of incidence. The first combinations are with the HH- and VV-images of 28-29th October and 1st November 2005. Subsequently the images with the same angle of incidence of 3rd and 6th December 2005 are
added, to exclude the influence of the period.
Polarisations

Average
tance
HH28.10-VV29.10 (IS2)
1.28
HH1.11-VV1.11 (IS4)
1.38
HH28.10-VV29.10-VV3.12 (IS2) 1.55
HH1.11-VV1.11-VV6.12 (IS4) 1.56

JM

dis- Minimum JM distance Proportion >1.9 (%)
0.10
0.26
0.52
0.32

20
26
34
34

It was also investigated which combinations of two, three, four and six images provide the
highest separability between vegetation classes. For further processing the best combination
of four images was used. Four images offer acceptable results in the trade-off between computing intensity and classification accuracy. This combination is: HH-image of 4 September
2005, HV-image of 28 October 2005 and VV-images of 1 November and 3 December 2005.
Classification results
In Figure 3 the segment-based classification result is compared with the pixel-based classification result. The pixel-based classification result is much grainier while the segment-based
is easier to interpret and more user-friendly. This is an important advantage when Envisat
ASAR AP-images would be used for monitoring the Waza-Logone floodplain. Furthermore the
delineation of the dense and sparse flooded vegetation classes is different for both classifications. The segment-based method provides an objective way to locate the edge between
classes, which is very difficult to point out exactly. Pixel-based classification results in errors
along the edges, which can be clearly seen on the detailed subscene along the border of the
Maga Lake and from the river mouth. On the other hand small spatial details are lost when
performing a segment-based classification.
When considering the segment-based classification, some classification errors can be observed, even though the training segments were pointed out accurately. When selecting training segments belonging to the Logone river for the class “open water”, it is possible that border pixels are included in this segment. This increases the mean backscatter coefficient of
this training segment compared to segments with only water pixels. In such case, confusion
with the dryland class with sparse vegetation is possible. Besides SEMRY-ricefields are nor-
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mally located above the Maga lake, but on this classification result they are also found elsewhere in the floodplain. The backscatter of this class is very likely with the backscatter of the
wetland classes with short vegetation. Nevertheless the general classification result is convenient.
One objective way to evaluate both classifications is the Kappa Index of Agreement (KIA).
The validation set used for pixel-based classification was extracted out of the training segments, while the validation set for segment-based classification consisted out of training pixels used for the pixel-based classification. The KIA was 0.72 for the segment-based and 0.50
for the pixel-based classification. This indicates that segment-based classification results in
more correctly classified pixels than pixel-based classification.

Flooded. Short, dense vegetation

Dryland. Sparse vegetation

Flooded. Short, sparse vegetation

Dryland. Shrub savannah

Deeply flooded. Echinochloa stagnina

Flooded shrub savannah

Partly flooded. Horizontal orientation.

Open Water

Partly flooded. High, dense vegetation

Humid clay-soil

SEMRY-rice fields

Figure 3 Comparison between the pixel- (left) and segment-based (right) classification. This
comparison is made on the total classification result and more detailed on the border of the
Maga Lake and the river mouth.
CONCLUSIONS
In this study, different aspects of using Envisat ASAR images for studying the grassland
vegetation of the Waza-Logone floodplain were investigated. Lower maximum backscatter
coefficients were reached, compared to studies in other floodplains, because of the less pronounced effect of double bounce interaction (iii,xiii). This might be explained by differences in
vegetation structure.
Envisat ASAR AP-images made it possible to distinguish flooded from non-flooded vegetation
classes and high biomass vegetation of the short, vertically oriented vegetation. To obtain the
highest separability between the vegetation classes defined in this research, it is recommended to use images taken in the middle of the flood period (October/November), combining cross- and like-polarisation. The best results were obtained when HH- and HVpolarisation were combined, and the IS4-range of incident angles was used. When Envisat
ASAR images would be implemented in the daily management of the Waza-Logone floodplain, segment-based classification provides the easiest interpretable and most accurate result.

421

Proceedings of the 2nd Workshop of the EARSeL SIG on Land Use and Land Cover

In further research, it might be interesting to investigate the added value of images from the
beginning of the flooding period. Also the influence of the incident angle on the HV- and VHbackscatter could be examined. Although more detailed field work might improve the understanding of the interactions between the vegetation and the radar signal, in practice it would
be almost impossible because of variability and difficult accessibility of the Waza-Logone
floodplain.
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ABSTRACT
In this study, classification of multispectral data with high resolution from urban areas by
combining hierarchical image segmentation and composite kernel Support Vector Machines
(SVMs) is investigated.
The pixel-based classification was conducted by incorporating structural information from
mathematical morphological profile. A mathematical morphological profile is constructed
based on the repeated use of geodesic openings and closings with a structuring element of
increasing size, starting with the original image. Since the profile includes a range of
increasing opening and closing by reconstruction operation, the resulting profile can be highdimensional. In order to effectively add structural information for image classification, the
composite kernel SVMs were selected as classifier, in which different kernel functions are
used for spectral and structural information, respectively.
After pixel-based classification, a technique that utilizes multichannel watershed
transformation with dynamic of the contours was used to segment the image to facilitate
further object-based classification. Traditional watershed segmentation defined for gray level
image was extended to multispectral image segmentation by computing multispectral gradient
image through a vector based approach, which uses extended dilation and erosion
operations. The hierarchical multispectral image segmentation was then conducted by
dynamic of the contours.
The obtained per-pixel classification results and hierarchical image segmentation results were
finally combined for object-based image classification by a multi-level overlay operation. The
proposed method was evaluated using QuickBird multispectral images over urban areas. The
results showed that the proposed classification method obtained higher image classification
accuracy, compared to per-pixel spectral classification.

423

Proceedings of the 2nd Workshop of the EARSeL SIG on Land Use and Land Cover

MODELLING OF URBAN BIOTOPE TYPES FROM HYPERSPECTRAL
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ABSTRACT
Urban biotopes are of high importance for ecological urban planning. In common practice,
area-wide mapping and monitoring of biotopes are based on visual interpretation of colourinfrared aerial photographs and field investigations. This kind of mapping results in complex
qualitative information about the constitution and state of biotopes. However, these qualitative
parameters are bound to visual estimation and are – up to a certain degree – subjective to the
observer. In addition, the area-wide application of this method for a city is time consuming
and costly.
The aim of this investigation is to develop a method for the identification of biotope types from
hyperspectral remote sensing data. This method is needed for an efficient system for selectively updating existing biotope maps. But biotopes, defined as areas of uniform environmental conditions providing habitat(s) for a specific community of plants and animals, cannot
be classified from remote sensing data by a pixel-based approach because they usually consist of different surface materials, which are not specific to a certain type of biotope. Models
of biotope types have to be developed based on all pixels of a biotope. These models are
built with regard to the composition of the biotopes of different surface materials and their
arrangement in the biotope. Derived from a land cover (LC) classification of airborne hyperspectral remote sensing data comprising 43 urban surface types (roof and construction materials, vegetation types, soils and water), the models consist of quantitative features, such as
the percentage of area of the constituent LC classes of a biotope type. Also included are features describing the location and distribution of the constituent LC classes in a biotope. The
models are implemented with a fuzzy logic approach with integration of human knowledge.
The analysis is carried out on hyperspectral HyMap data flown in 2004 over a test site in the
city of Dresden (Germany). The modelling process is shown for six selected biotope types
and demonstrates that prototype biotopes of the six biotope types can be distinguished with
90% overall accuracy.
INTRODUCTION
Cities are centres of human activity. The intensive use of land in urban areas by housing,
traffic or industrial areas leads to ecological impacts on the environment and to impacts on
man’s living quality as well. To reduce these impacts, municipalities give great importance to
ecological urban planning. Green spaces, for example, can serve several purposes: They are
habitats for fauna, act as regulators of micro- and meso-climate (i) and at the same time they
can be used as bio-indicators for pollution.
Urban biotope maps are an important information source for ecological urban planning (ii, iii).
They document the current state and quality of urban biotopes and are considered in landscape and town planning. Furthermore, they are accounted for in environmental impact assessments and in the impact regulation (regulated in the German Environmental Impact Assessment Act (UVPG) and in §§ 18, 19 of the German Federal Nature Conservation Act
(BNatSchG) as well as §1 of the German Federal Building Code (BauGB), respectively).
Area-wide urban biotope maps are produced by visual interpretation of colour-infrared photographs in combination with field investigations. Because this procedure is very time- and
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money-consuming many municipalities do not update their existing biotope maps regularly.
Thus, there is a need for a time- and cost-efficient update system that takes into account the
rapid changes in urban areas to ensure an adequate monitoring of urban biotopes.
Recently, investigations have been made to automate the mapping of biotopes with remote
sensing data in rural and urban applications. In rural applications often an unambiguous correlation between one land cover (LC) class and one biotope type can be found and thus there
are successful pixel-based classification approaches (iv, v, vi, vii). In urban applications biotopes, as they are defined in ii and viii, are complex spatially heterogeneous geo-objects and
thus investigations have remained on LC level (ix, x).
This investigation tries to close the gap between LC classes and urban biotope types by introducing LC-based fuzzy logic models of urban biotope types. These models are able to
identify the type biotopes from remote sensing data. In the following section the test site and
biotope types analysed in this study are described, followed by a brief description of the data
and preprocessing methods. After that, the concept of modelling biotope types is introduced
and explained in detail in the sections “feature development” and “development of biotope
type models”. First results, which show that the selected biotope types can be identified and
distinguished with 90% overall accuracy, are discussed at the end.
BIOTOPE TYPES AND TEST SITE
A biotope is a habitat of a community of organisms (biocoenosis) living in the same area. It is
a restrictable area on earth (e.g. a certain hedge, a certain wall, a certain pond) characterized
by similar ecological conditions. Biotopes are categorized into biotope types. Urban biotope
types are additionally defined by their anthropogenic use. A list of urban biotope types usually
used for a comprehensive biotope mapping is given in ii and viii. For this study six biotope
types – detached and terrace house development, block development, perimeter block development, row-house development, high-rise building development and lawn areas - were selected to show the capability of the developed method.
With the exception of the biotope type lawn (Fig. 1 c, EC), which contains mostly public, welltended lawns without or sparse tree presence, the selected biotope types are predominantly
housing areas. Detached and terrace houses are 1 to 3 floor buildings in a dispersed arrangement with private gardens (Fig. 1 a, BA). Perimeter block development is characterised
by surrounding line of buildings, with or without gaps, 2 to 8 floors (Fig. 1 c, BB_r). In the
backyard open spaces, gardens, parking sites and garages can be found. In the similar looking block development type buildings are loosely or densely spread over the whole block (Fig.
1 a/b, BB_b). Both types can contain some trading areas. Longish, parallel or orthogonal arranged buildings with spacious green spaces in-between characterises the row-house development (Fig. 1 d, BB_z). 2 to 8 floors are possible again. High-rise buildings are all buildings
with 9 floors and up (Fig. 1 c, BC), usually accompanied with green spaces.
The test site for this analysis is a 14.5 km2 area in the centre of Dresden. It will be extended
in the ongoing study. At present, 49 biotopes with detached and terrace house development,
45 with block development, 46 with perimeter block development, 28 with row-house development, 32 with high-rise buildings and 71 with public lawns were analysed for the definition
of the biotope type models.
PREPARATION OF INPUT DATA FOR THE MODELS
For the development of biotope type models three types of input data are needed: An existing
biotope map, which usually comes in vector format, hyperspectral images and a digital surface model (DSM). For this investigation a biotope map from the year 1999 was provided by
the Umweltamt Dresden and converted to raster format. The hyperspectral dataset used in
this study was collected by the HyMap sensor on the 07th of July 2004. The spatial resolution
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Figure 1: Urban biotopes in an aerial image: BA = detached and terrace houses, BB_b =
block development, BB_r = perimeter block development, BB_z = row houses, BC = high-rise
buildings, EC = public lawns
of 4 m complies with the high requirements for urban analyses. Further specifications of the
sensor are given in Table 1.
The used DSM was collected in the year 2004 by an airborne laser altimeter with a ground
resolution of 2 m. A digital terrain model (DTM) interpolated from contour lines was subtracted
from the laser DSM to get a normalized surface model (nDSM), which contains object
heights. The DSM was used for the atmospheric and geometric correction of the HyMap data.
The nDSM was taken as an additional input for calculating features.
Table 1: Technical specifications of the HyMap sensor
Sensor type
FOV
IFOV
Scanning Frequency
No. of pixels (cross
track)
No. of spectral bands
Radiometric resolution
Spectral resolution
Spatial resolution
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Airborne whiskbroom scanner
61.3°
2.09 mrad
6-24 Hz
512
128
16 bit
15-16 nm at 400-1800 nm
20 nm at 1900-2500 nm
3-10 m (depending on
height)

flight
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The atmospheric correction of the HyMap data was conducted with a MODTRAN-based software followed by an empirical line correction with use of field spectra. Geometric correction
was done with a parametric geocoding approach. The resulting RMS error of less than on
pixel allows an accurate overlay of the input data. As it will be described in the following section, the modelling of biotope types is based on surface materials. The appropriate input data
(material fraction layers) are produced by a classification and unmixing of the HyMap image.
The fully automated processing chain consists of a feature-based endmember identification
approach (xi, xii), followed by a maximum likelihood classification with a very small threshold
and an iterative linear spectral unmixing (xiii, xiv). The resulting image consists of n layers one layer per surface material -, which contain the fractions of endmembers per pixel as grey
values. At present, 19 different roof materials, 4 fully sealed and 4 partial sealed pavement
types, 2 bare ground types, 3 water types, 8 vegetation types and 2 types of shadow (on
vegetation, not on vegetation) are implemented in the classification and unmixing process.
Based on the unmixing result eight additional layers were generated, which contain the thematic class groups vegetation, trees, soils, roofs, metal roofs, tile roofs, flat roofs and traffic
areas. These layers were built by summing up the fraction values of the respective classes
per pixel. Thus, features for the identification of biotope types (explained in the following sections) can be computed either on the fraction layer of a single class or of a class group. Further input data for the computation is obtained from a segmentation of the class and class
group fraction layers.
CONCEPT OF MODELLING URBAN BIOTOPE TYPES FROM REMOTE SENSING DATA
From the remote sensing point of view urban biotopes contain different geo-objects (Fig. 2)
(buildings, roads, trees, lawns etc.), which consist of different surface materials. Thus, urban
biotopes, typically sized between 0,1 and 10 ha, comprise pixels of different materials in a
high-resolution remote sensing image. Consequently, the type of a biotope cannot be determined pixel-by-pixel. To exemplify this: If a pixel is classified as “deciduous tree” it does not
have to belong to the biotope type “deciduous forest” because a deciduous tree can stand in
biotopes of various types. Thus, the classification of biotope types, i.e. the determination of
the type of biotopes, is not a task for a pixel-based classifier. Models of biotope types have to
be developed based on all pixels contained in a biotope.

Figure 2: A biotope (dashed outline) of the type “block development” in an aerial image and a
HyMap image
Hyperspectral remote sensing data yield the potential of differentiation of urban surfaces on a
material level. Material-oriented fraction layers of urban surfaces and vegetation types can be
derived from hyperspectral images with the previously described unmixing approach. The
idea of this study is to use these fraction layers in combination with an existing biotope map
to develop models for biotope types. Therefore, by an overlay of the two kinds of input data
numerical features will be computed on the hyperspectral images to characterise the biotope
types (Fig. 3, box “Features”). The features are calculated for each biotope based on the material fractions of the pixels that belong to the biotope. The features describe the material
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composition of the biotopes and the arrangement of surface materials in the biotopes (section
“Feature Development”). All features are calculated for all biotopes. The biotopes of each
biotope type are analysed group by group to find features that show characteristic values for
distinguishing a biotope type from the others (“Feature Selection and Modelling” box in Figure
3, further described in section “Model Development”). These distinctive features are incorporated into a biotope type’s model.

Figure 3: Generation of feature-based models to identify the type of biotopes from hyperspectral images
FEATURE DEVELOPMENT
All features belong to one of the five categories shown in Figure 4, which address different
properties. The calculation of the features can be conducted on three different levels (Fig. 5):
The entire biotope, a single class in a biotope or a single segment of a class in a biotope.
Different biotope types have different properties. As it can be seen in the images of Figure 1,
for example, the building sizes of the type detached and terrace houses are generally smaller
than those of the other biotope types. Thus, a feature that calculates the area of the building
segments could help to distinguish detached and terrace houses from the others. Row calculates the angle between the class segments of a class (in this case the angle between the
class segments of the class group “roofs”). Biotopes of large-area and high buildings are

Figure 4: Categories for the calculation of numerical features.
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houses are defined as longish buildings that stand parallel or orthogonal to each other. Thus,
they can be identified with a class segment feature for oblongness and another one, which
characterized by high values in the nDSM for the roofs class group and by a high standard
deviation of the height values of all biotope pixels. All developed features have been discussed in detail in xv. The next section deals with the feature selection process, i.e. the decision whether a feature should be included in a biotope type’s model, or not. A description of
the resulting fuzzy logic models follows.

Biotope level

Class level

Class segment level

Figure 5: The figure shows a sample biotope. The objects to apply to the feature calculation
(the entire biotope; a single class in a biotope; a single segment of a class in a biotope) are
outlined in blue for each level. Class segments derived from endmember fractions by thresholding and clumping are displayed in different colours for each class (red and yellow: different
roof materials; grey: asphalt; green: different types of vegetation).
DEVELOPMENT OF BIOTOPE TYPE MODELS
For each biotope type a separate model has to be developed. The build-up process of the
models consists of two major steps: The selection of features and the combination of them to
a model. Here, fuzzy logic models are used because fuzzy logic is a powerful tool for the implementation of human knowledge. As demonstrated in previous sections, there is much human knowledge available about how biotopes of a certain type should appear in remote sensing images. Considering the selection process, it is evident that not every feature will improve
the identification of every biotope type. The challenge is to find the set of relevant features
that characterises a biotope type best. This is done in a knowledge-based way using selected
training biotopes. These training biotopes were selected based on the thematic definition of
the biotope types according to ii and viii. The training biotopes can be seen as prototype biotopes of the biotope types. This step is necessary because in reality biotopes often have
characteristics of two or more biotope types (compare the biotope BB_b in the middle of Figure 1 a: Buildings are standing at the outline of the biotope but their architectural style is that
of detached houses; this biotope is not a prototype). Applied on a certain biotope, a fuzzy
logic model has the capability of calculating a so-called possibility value that expresses the
possibility of this biotope being of that type. Now, coming back to the feature selection process, a feature is calculated for all prototype biotopes of a biotope type. The resulting values
can be displayed as a feature distribution histogram (Fig. 6). If the feature distribution histograms of one feature calculated on the prototype biotopes of different biotope types show
only a moderate overlapping, this feature is incorporated into the models of these two biotope
types. For distinguishing all biotope types from each other one non-overlapping or a few
moderate overlapping features have to be found in each one-to-one biotope type comparison.
The features of a model are fuzzified with membership functions and combined in only one
rule with the MIN set operator, which corresponds to a logical AND (Fig. 7). This results in
using the smallest of all fuzzy value returned by the input variables (the features) for the implication process. The defuzzification is done by the smallest of maximum method. The tolerance of each membership function is adjusted to cover the whole range of the feature distribution histogram of the prototype biotopes. Thus, applying a model to a prototype biotope
yields the possibility value of 1, which, in other words, expresses the similarity of a biotope to
the biotope type of the applied model and thus the omission error can be kept low. If enough
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Figure 6: Feature distribution histograms of the feature “orientation of class segment” (angle
between class segments) for the prototype biotopes of row house development (BB_z, green
with squares) and detached and terrace house development (BA, red with rectangles). T min
and T max indicate the start and end positions of the tolerance of the corresponding membership functions.

Rule: If (BT-SEAL and BT-HEIGHT-MEAN-BORDER and CL-SEGORI-roofs and CL-POFA-BORDER-roofs and
CL-HEIGHT-MAX-roofs and CL-POFA-BORDER-veg) then BB-z

Figure 7: Diagram of the fuzzy logic model for the type row house development. The input
values are from a prototype biotope. The model returns a similarity value of 1.
Table 2: List of feature (three blocks: biotope features, class features, class segment feature)
incorporated in each model. For class and class segment features the target class is listed.
Biotope types: BA = detached and terrace houses, BB_b = block development, BB_r = perimeter block development, BB_z = row houses, BC = high-rise buildings, EC = public lawns
nDSM texture (standard deviation)
Degree of surface sealing
Mean height of border pixels
Ditto for class y
Percentage of area of class y
Ditto for border pixels

BA
x
x

BB_b
x
x

x
roofs

BB_z

BC
x

x
x

EC
x
x

tile roofs roofs,veg
roofs

roofs

Max. height of class y

roofs

Ditto for inner pixels
Ratio pure pixels / mixed pixels of class y
Mean pixel fraction of class y
Number of class segments
Largest class segment
Degree of compactness of segments
Linear segment indicator
Orientation of segments

roofs
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BB_r
x

roofs, veg.,
trees

roofs,
veg.
roofs

roofs,
flat roofs

roofs

roofs
roofs, traffic
roofs
roofs
roofs
roofs

roofs

roofs
roofs

roofs
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one-to-one features have been found the application of the biotope type model A to the prototype biotopes of biotope type B yield values less than 1 and thus, the commission error can
be kept low. Actually, only one input variable has to return a value less than 1 because of the
use of the MIN set operator.
MODEL APPLICATION AND RESULTS
The membership functions of all features were adjusted in a way that the application of a
model to the prototype biotopes always returns a value of 1. In the confusion matrix of Table
3 a biotope is counted as correctly classified only if no other model returns 1. This yields an
overall accuracy of 90% and a kappa coefficient of 0.88. Some of the errors are still due to
unsolved programming problems like the splitting of class segments when they overlap the
outline of a biotope. These will be fixed in future. The obtained results show that it is possible
to identify and distinguish the six selected biotope types based on remote sensing data. Most
confusion appears between the similar looking types “perimeter block development” and
“block development”. The best feature to distinguish these two is the inner height of a biotope
because in the backyard of “perimeter block development” garages are the highest buildings
allowed.
Table 3: Confusion matrix for the prototype biotopes
BA

BB_b

BB_r

BB_z

BC

EC

Sum:

BA

27

1

1

0

0

0

29

BB_b

1

26

2

0

0

0

29

BB_r

1

5

18

3

0

0

27

BB_z

0

0

0

13

0

0

13

BC

0

0

0

0

32

0

32

EC

0

0

0

0

0

22

22

Unclassified

0

0

1

0

0

0

1

Sum of pixels:

29

32

22

16

32

22

153

CONCLUSION AND OUTLOOK
The accurate identification and separation of biotope types from remote sensing data is a
basic requirement for the development of an automated update system for existing biotope
maps. The separation potential of feature-based fuzzy logic models has been demonstrated
for six selected urban biotope types. The most important steps to avoid confusion between
biotope types are the selection of features and the shaping of the membership functions. In
this study we employed knowledge-based techniques. Future investigations will focus on the
automation of the feature selection process, on training of the models (shape of membership
functions), on the implementation of more biotope types and on the development of a system
for selectively updating urban biotope maps. For the latter, the models have to be applied to
remote sensing datasets of different years. It will be investigated if changes in the biotope
type can be detected through a comparison of the similarity values of biotopes obtained from
datasets of different years.
ACKNOWLEDGEMENTS
This work was funded by the Helmholtz Gemeinschaft in the framework of the HGF Research
Network “Integrated Earth Observing System“. Further it was made possible by several flight
campaigns carried out by the Deutsches Zentrum für Luft- und Raumfahrt (DLR) Oberpfaf-

431

Proceedings of the 2nd Workshop of the EARSeL SIG on Land Use and Land Cover

fenhofen, Germany. The Umweltamt Dresden provided the biotope map, the DSM and several additional data.
REFERENCES
i

Sukopp H. & R Wittig, 1998. Stadtökologie. 2. Aufl., chapter 10.6 (Gustav Fischer Verlag,
Stuttgart ) 474 pp.

ii

Arbeitsgruppe ''Methodik der Biotopkartierung im besiedelten Bereich'', 1993.
Flächendeckende Biotopkartierung im besiedelten Bereich als Grundlage einer am
Naturschutz orientierten Planung. Natur und Landschaft, 68(10): 491-526.

iii

Sukopp H. & R Wittig, 1998. Stadtökologie. 2. Aufl., chapter 10.7 and 12.4 (Gustav
Fischer Verlag, Stuttgart ) 474 pp.

iv

Bock M, 2003. Remote sensing and GIS-based techniques for the classification and
monitoring of biotopes: Case examples for a wet grass- and moor land area in Northern
Germany. Journal for Nature Conservation, 11(3): 145-155.

v

Seiler U, M Neubert, G Meinel, 2004. Automatisierte Erfassung von Biotop- und
Nutzungstypen – Beispiel der segmentbasierten Klassifikation von IKONOSSatellitenbilddaten. Naturschutz und Landschaftsplanung, 4/2004: 101-106.

vi

Gähler, M, R Janowsky & J Schiewe, 2004. Automatisierte Ableitung von Biotoptypen
aus räumlich höchstaufgelösten, multispektralen Bild- und Laserscanningdaten. Photogrammetrie - Fernerkundung – Geoinformation, 6: 475-484.

vii Ehlers M, M Gähler, & R Janowsky, 2006. Automated techniques for environmental
monitoring and change analyses for ultra high resolution remote sensing data.
Photogrammetric Engineering & Remote Sensing, 72(7): 835-844.
viii Bundesamt
für
Naturschutz,
2002.
Systematik
der
Biotoptypenund
Nutzungstypenkartierung (Kartieranleitung). Standard-Biotoptypen und Nutzungstypen
für die CIR-Luftbild-gestützte Biotoptypen- und Nutzungstypenkartierung für die
Bundesrepublik Deutschland. Schriftenreihe für Landschaftspflege und Naturschutz, 73,
Bonn-Bad Godesberg.
ix

Kim H-O, T Lakes, B Kleinschmit, & H Kenneweg, 2005. Different approaches for urban
habitat type mapping - the case study of Berlin and Seoul. In: The international Archives
of the Photogrammetry, Remote Sensing and Spatial Information Sciences, edited by
Möller, M. & E. Wentz, Vol. XXXVI, Part 8/W27 (eProceedings).

x

Lakes T, 2006. Beitrag des Informationsmanagements für den Einsatz neuer
Fernerkundungsdaten
in
der
städtischen
Planung
am
Beispiel
der
Stadtbiotoptypenkartierung mit Flugzeugscannerdaten in Berlin. Dissertation. Berlin: TU
Berlin.

xi

Segl K, M Bochow, S Roessner, H Kaufmann & U Heiden, 2006. Feature-based identification of urban endmember spectra using hyperspectral HyMap data. In: eProceedings
of the 1st workshop of the EARSeL Special Interest Group Urban Remote Sensing.

xii Heiden U, 2004. Analyse hyperspektraler Flugzeugscannerdaten zur ökologischen
Charakterisierung städtischer Biotope. Dissertation. TU Berlin, digital publication,
http://edocs.tu-berlin.de/diss/2003/heiden_uta.pdf.
xiii Roessner S, K Segl, U Heiden & H Kaufmann, 2001. Automated differentiation of urban
surface based on airborne hyperspectral imagery. IEEE TGARS, 39(7): 1523-1532.

432

Center for Remote Sensing of Land Surfaces, Bonn, 28-30 September 2006

xiv Segl K, S Roessner, U Heiden & H Kaufmann, 2003. Fusion of spectral and shape features for identification of urban surface cover types using reflective and thermal hyperspectral data. ISPRS Journal of Photogrammetry and Remote Sensing, 58(1-2): 99-112.
xv Bochow M, Potential of hyperspectral remote sensing for the monitoring of urban biotopes. In: eProceedings of the 1st workshop of the EARSeL Special Interest Group Urban
Remote Sensing.

433

Proceedings of the 2nd Workshop of the EARSeL SIG on Land Use and Land Cover

BADLANDS AREA MAPPING FROM LANDSAT-ETM DATA
Margherita Liberti1,2, Tiziana Simoniello1,3, Maria Teresa Carone1,4,
Rosa Coppola2, Mariagrazia D’Emilio1,3, Maria Lanfredi1,3 and Maria Macchiato3
1. Italian National Research Council, Institute of Methodologies for Environmental Analysis, Tito Scalo (PZ), Italy; liberti@imaa.cnr.it
2. University of Basilicata, Dep. of Environment Engeneering and Physics, Potenza, Italy
3. University of Naples ‘Federico II’, Dep. of Science Physics and CNISM, Naples, Italy
4. Environmental Protection Agency of Basilicata, Potenza, Italy
ABSTRACT
The identification of eroded areas and the characterization of their extension and degradation
degree are fundamental for a better understanding of involved processes and for a correct
planning of restoration interventions. In order to make out a suitable approach for mapping
eroded areas at medium scale, we evaluated the effectiveness of several detection methods
(visual interpretation of RGB compositions, PCA and classification algorithms) in a badland
area of Southern Italy by applying them on a summer Landsat Enhanced Thematic Mapper
(ETM) image and by comparing the obtained results with a reference map digitalized from
aerial photographs. By using RGB, we found for the studied area that the best combination is
given by 3-2-1 components from PCA on VIS, NIR and SWIR ETM channels. We also applied
different classification algorithms on ETM bands, with and without thermal channels, and on
PCs: for all the supervised classifications, the main confusion was between badland areas
and a neighbor riverbed. Results from coincidence matrix showed that the overall accuracy
for all the different tests varies from 75% (for classification on the first three PCs) to 82% (for
classification on all the ETM bands), with poor values of K coefficient (about 35-55%). To improve the identification of eroded areas, we added information on badlands morphology by
integrating classified maps with slope values obtained from a DEM. Final results showed that
slope information reduce the commission errors of about 50%.
INTRODUCTION
Different regions of the Mediterranean Basin are strongly affected by soil erosion phenomena
mainly linked to climate and soil characteristics and to an unsustainable land management.
The climatic stress of Mediterranean areas, due to intensive rainfalls in autumn and long dry
periods in summer, in which bare ground come out and the vegetation is stressed, is exacerbated by human activities, such as excessive use of ground water, overgrazing, intensive
cultivations, deforestation, industrialization and burning (i,ii,iii). Soil erosion processes can be
observed in several places of Central and Southern Italy where badland landforms
(“calanchi”) are found in fine-grained clastic sedimentary bedrock. Badlands consist of
deeply-dissected, non vegetated or poorly-vegetated landforms of high relative relief and high
drainage density; they are conventionally considered areas of extreme soil erosion (i). Because of the strong impacts on both natural environment and agricultural productivity, the
necessity to obtain detailed maps of eroded areas makes the use of satellite data very useful
for such a purpose. Thanks to high temporal sampling of wide areas, very difficult to detect
with field surveys, satellite data can become a fundamental tool for monitoring areas at risk of
erosion and/or desertification. Thus, it is possible to increase the understanding of soil erosion processes (e.g. for soil loss model) as well as to support planning and restoration strategies.
Many studies have been performed about full or partial use of satellite imagery for land degradation and soil erosion assessment (iv,v and ref therein). Those studies derive mainly from
the optical satellite systems, although some attempt were performed by integrating observa-
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tions from microwave sensors in order to improve the identification of eroded areas (e.g. vi
and vii). Among the optical systems, Landsat-TM and Spot-HRV are the widely used sensors
by applying a variety of approaches (visual interpretation, unsupervised/supervised classification, spectral mixture modeling, multifractal analysis) to derive information on land features.
Many factors can limit the ability for accurately mapping eroded areas, and more in general
land covers, from remotely sensed data. Apart of issues related to sensors and atmospheric
attenuation of electromagnetic radiation, there are ones associated with procedures and
methods used, that at final step can lead to an incorrect interpretation about the accuracy of
the derived map (viii). Much attention has been directed at the image analysis and classification accuracy assessment, that is now widely accepted as a fundamental component of thematic mapping investigations (ix,x,xi).
In this work, we focus on the analysis of a summer Landsat ETM image for mapping a rapresentative badlands area of Southern Italy. The study aims to obtain a suitable approach for
remote identification of areas interested by “calanchi” formations at medium scale. In order to
achieve this goal we evaluated different approaches and in particular, we discuss the performance of different classifications and evaluate the accuracy issue for badlands mapping.
METHODS
The study site (Aliano territory in Southern Italy) has an extension of about 8000 ha and
“calanchi” forms are showed by erosional terrace scarps of the relict fluvial system and by
incised bowl-shaped gully head areas close to hill crests (Figure 1) (i). An image of Landsat
ETM+ multispectral satellite sensor (Table 1), acquired on June 14th 2002, was used to identify and map badlands in the study area. The image was pre-processed by converting digital
numbers (DNs) to reflectance units by using calibration coefficients provided by NASA-GSFC,
available at http://ltpwww.gsfc.nasa.gov/IAS/handbook/handbook_htmls/chapter11/ chapter11.html.

Figure 1: Study area map (red box) showing the location of Aliano and a picture of a
“calanchi” formation.
Table 1: Characteristics of Landsat ETM+ channels used in this work (TM8 was not considered).
Channel

Spectral Range (µm)

Spatial resolution (m)

TM 1
TM 2
TM 3
TM 4
TM 5

0.45 – 0.52 (blue)
0.525 – 0.605 (green)
0.63 – 0.69 (red)
0.76 – 0.90 (NIR)
1.55 – 1.75 (SWIR)

30
30
30
30
30

TM 6
TM 7

10.4 – 12.50 (TIR)
2.09 – 2.35 (SWIR)

60
30
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An aerial photograph of study site was chosen as true reference, to have a master map of
badlands and validate the investigated methods. We digitalized badlands from the aerial photograph and then they were rasterized in order to carry out a quantitative evaluation of the
obtained results. PCI Geomatics software was used to perform all the image processing
steps.
The selected methods for badland identification can be grouped as follows:
•

visual interpretation of RGB composite;

•

Principal Component Analysis (PCA);

•

supervised classification.

We started from a visual interpretation approach based on RGB color system of ETM bands,
including enhanced and pseudo natural colour-composite. RGB composite was chosen as a
very easy technique to extract thematic informations from multispectral imagery and to
achieve a qualitative description of the study area (xii).
PCA approach is a recommended method for giving a contribution to features discrimination;
in particular it allows a bands reduction by selecting more differentiated features from original
data (xiii). The next step was the application of RGB composition to the imagery resulting
from PCA in order to enhance visual interpretation (xii).
Concerning semiautomatic methods based on classifications, they were evaluated by applying different supervised algorithms on ETM bands, with and without thermal channels, and on
PCA components to obtain a better spectral characterization of badlands. Three classifiers
were examined: Minimum Distance Classifier (MDC), Parallelepiped (PARA) and Maximum
Likelihood Classification (MLC) (xiii).
The accuracy of badlands identification, based on the reference map, was assessed by using
both descriptive and analytical tools. These last were carried out by evaluating the overall
accuracy (A) and K coefficient resulting from an error matrix, in which, usually, the columns
represent the reference data and the rows the classified ones. A and K are the main accuracy
measures, and they incorporate various levels of information from the error matrix into their
computations (x). In details, A only incorporates the major diagonal, whereas K coefficient
includes off-diagonal elements, taking into account also the omission and commission errors.
By calculating user’s accuracy from confusion matrix, we have a quantitative measure of
commission errors, e.g. an indication about the probability that a pixel classified on the map
actually represents that category on the ground. Since it represents the ratio of total number
of corrected pixels classified in a cover to the total number of pixel classified in that same
cover, the higher is the percentage of user’s accuracy the lower is the number of pixel really
belonging to the considered class (x).
Before perfoming classifications, a crucial step is the definition of training areas, which represent, as adequately as possible, the spectral characteristics of each class in the image to be
classified. For this aim, we performed a pre-classification analysis that showed a very low
spectral separability between badlands areas and the bed gravel of neighbor rivers (see results). Therefore, in order to improve the subsequent classification step (Figure 2), we selected training areas not only for badlands (BA), but also for riverbeds (RB).
Training pixels for each of those two classes were easily selected by using the reference map
and a photointerpretation of pseudo natural colour-composite of ETM bands. Afterwards, we
used the training areas as input in each classifier and the dimension of multispectral space
was given by the number of ETM bands or PCA imagery. The separability of these two
classes was estimated by evaluating Trasformed Divergence (TD) and Bhattacharrya Distance (BD) (xiii). Those last ones are measures of the statistical separation between different
pairs of classes and they use a covariance matrix to determine whether class signatures are
separable. BD is computationally more expensive than TD, but is more theoretically reliable
because it is directly related to the upper bound of the probabilities of classification errors.
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Figure 2: Visualization of training areas for badlands (BA) in green and riverbeds (RB) in blue.
Red vectors show the badland area digitalized from aerial photographs.
Both the measures range from 0 to 2, where 0 indicates complete overlap between class pair
signatures, and 2 a total separation. In running classification algorithms, we took also into
account parameters such as Bias and Threshold by changing their values to solve class overlap and to minimize unclassified and misclassified pixels.
As a further attempt to improve badlands identification and to minimize the confusion between
BA and RB, we added information on badlands morphology by integrating classified maps
with slope values. Slope data were obtained from a Digital Elevation Model (DEM) having 20
meters spatial resolution, and a threshold was established by evaluating the slope mean and
standard deviation values for the two classes (Figure 3).

Figure 3: Slope map of the study area derived from a subset of a Dem 20x20m.
RESULTS & DISCUSSION
By applying different ETM band combinations, also including the suggested 5-4-1 (xii), RGB
composite provided similar colors (white pinkish) not only for eroded areas but also for reaped
or plowed soils and for the bed gravel of a neighbor river (Figure 4a). After many tests, for the
studied area, we found that a better interpretation can be done by combining images (3-2-1)
from PCA on VIS, NIR and SWIR ETM channels (Figure 4b), which reduced the confusion
between reaped of plowed soils and badlands areas but retained similar colors for the river
bed. PC1, PC2 and PC3 were derived from six ETM bands (TIR excluded); the variance explained was 76.17%, 19.77% and 2,42% respectively. PC imagery coming from the seven
ETM bands were discarded since they contained too much noise linked to the influence of
low spatial resolution of the thermal channel. In conclusion, the identification of eroded areas
by using RGB interpretation can be used for a qualitative evaluation of the eroded areas, but
in order to map these areas much effort are required to the technical operator.
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Figure 4: RGB (5-4-1) Landsat ETM (a) and RGB of PC3-PC2-PC1 (b).
Concerning supervised classifications, performed directly on the ETM bands, they provided a
higher accuracy than those applied on PC imagery (Table 2). Moreover, we found better results from MLC than Parallelepiped classifier, up to 14% for A and 24% for K. Such results
can be mainly linked to unclassified pixels that fall in the regions between parallelepipeds.
MDC was discarded before performing the quantitative accuracy assessment since it provided very poor results (no class differentiation was obtained). For such a classifier training
pixel are used to determine class means so pixel falls in the class of the nearest mean without taking into account a probability distribution in multispectral space. We also evaluated the
accuracy by applying a 3x3 median filter on the classified maps in order to reduce scattered
pixels. Such a filtering slightly increased the accuracy (0.3-0.7 %). On the whole, all the classified maps provided poor values of K coefficient due to a high percentage of commission
errors caused by an overestimation of badlands areas. Bright soils are almost always excluded, but the confusion between BA and RB is maintained although a great attention was
given to the selection of training areas. The map obtained from the best classification (MLC
*ch7) is shown in Figure 5a, where misclassified pixels along the Sauro river are clearly noticeable.
Table 2: Overall Accuracy (A) and K coefficient (K) values for Parallelepiped (PARA) and
Maximum Likelihood Classification (MLC) applied on 7 and 6 ETM channels and on 6 and 3
PCs. (*) indicates the use of 3x3 median filter.
ch7

ch6

PCA-6

PCA-3

A

K

A

K

A

K

A

K

PARA
MLC
PARA*

0.65
0.77
0.68

0.15
0.35
0.18

0.63
0.73
0.66

0.14
0.33
0.18

0.65
0.70
0.70

0.23
0.27
0.30

0.67
0.71
0.72

0.19
0.23
0.26

MLC*

0.82

0.42

0.79

0.42

0.77

0.39

0.75

0.27

The assessment of signature separability, made by TD and BD, confirms the low spectral
separability between these two classes (Table 3). The best TD value between training sites
varies from 1.48, for the six ETM bands, to 1.57 obtained by considering all the bands, thermal channel included. Very low possibility for class division was highlighted by BD values for
all the combinations. The best discrimination between these two signatures was achieved for
ETM3 and ETM7.
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Table 3: Separability measures between the training areas of badlands and riverbeds. Transformed Divergence (TD) and Bhattacharrya Distance (BD).

BD
1.260

ch7
TD
1.569

BD
1.203

ch6
TD
1.479

BD
1.122

PCA-6
TD
1.343

BD
1.000

PCA-3
TD
1.121

Such a spectral confusion can be ascribed to the quite similar mineralogical composition of
these surfaces; due to the superficial runoff, materials eroded from badlands are settled into
the neighbour riverbed.
More encouraging results were obtained by applying the slope mask on the classified maps.
In order to estimate the slope threshold, we evaluated mean and standard deviation of two
classes and we achieved the best discrimination for a slope value of 5%. Then, pixels with a
slope below the identified value were rejected as badlands from the classified maps. Consequently, we obtained a significant reduction of commission errors and, therefore, an increase
of classification accuracies. On the whole, the use of morphological information reduced the
commission error of about 50%. In particular, the slope mask applied to MLC* on PCA-6 returned an overall accuracy of 0.94 and K coefficient of 0.56; whereas for MLC* ch7 we found
the same overall coefficient but a higher K value (0.63). Figure 5 shows the final map for
MLC* ch7 after the application of the slope threshold, as we can see BA pixels are almost
totally excluded from the neighbour riverbed.

Figure 5: Map of badlands obtained from MLC* ch7 (a) and the final map obtained by appying
the slope mask (b). The red ellipse highlights the removed BA pixel from Sauro River.
CONCLUSIONS
Derivation of land features information to fight and prevent soil erosion and land degradation
phenomena has become an important challenge in environmental remote sensing. Our results show that Landsat ETM imagery can be fruitfully used in regions where soil loss and
remobilization intensively occur. In particular, the use of RGB composite on PCs can be useful for a qualitative assessment of the areas affected by erosional phenomena. In order to
obtain a detailed mapping of badlands for a quantitative evaluation, we found that Maximum
Likelihood Classifier applied on all the seven bands provided the best results (about 5-10%
better than the other tested classifications). Moreover, the use of a slope mask can improve
classification results in regions where the signature separability of eroded areas is reduced by
the action of superficial runoff, which spread the eroded material from badlands to the surrounding areas. In order to generalize the obtained results, further studies in other areas are
required, particularly for the application of the slope mask. Moreover, the integration of other
features, such as texture indexes, might be evaluated to better refine the identification of badlands areas.
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ABSTRACT
The paper describes analysis and assessment of landscape changes using CORINE land
cover data. Existence of these data from 90’s and 2000 represents a compatible tool applicable to the assessment of short-term development in land cover changes for the substantial
part of Europe. Regional context of these data also provides the opportunity to present regional particularities of the ten-year development of the landscape in the selected regions of
Slovakia and Bulgaria. The paper demonstrates land cover and landscape changes in Trnava
and Plovdiv regions. The forestation was the greatest landscape change in Trnava region
(7,507 ha, 37% of the total change area) and intensification and extensification of agriculture
were the greatest changes in Plovdiv region (11,476.4 ha, 79.9% of the total change area).
The urbanization (1,393.5 ha, 6.9%) and enlargement of water areas (3,783.7 ha, 18.7%)
were other important changes in the Trnava region. Obtained results confirm the similar structure of land cover and landscape changes in both regions apart from urbanization identified
only in the Trnava region.
INTRODUCTION
The accomplished Image and CORINE Land Cover 2000 (I&CLC2000) Project (1, 2, 3, 4)
contributed with new data sets concerning the state of the European land cover (LC) in 2000
(+/- one year CLC2000) and its changes that occurred in the years 1990-2000 including additional data accessible to users at the web site (5). Existence of these data provides new opportunities to realize varied environmentally oriented research work.
The CLC data sets were applied to, for instance, identification, analysis and assessment of
LC changes and the landscape at different scales, computation and assessment of various
indicators characterizing the state of the landscape, production of thematic maps, and the
like. The CLC90, CLC2000 and CLC90/2000-changes data sets enable conduction of varied
studies at regional level, for instance, in case of changes concerning urbanized, agricultural
or forest landscape at different hierarchic levels in individual European countries. The results
obtained by means of such regional studies will contribute to improved knowledge how the
countries develop in the political and socio-economic conditions of Europe. Disintegration of
the USSR and the new situation in the countries of eastern and central Europe offered unique
conditions for the assessment of such changes.
The aim of the paper is to demonstrate CLC changes on case studies (Trnava and Plovdiv
regions), to compare essential differences in the landscape dynamics and to explain regional
specific features in the development of the rural landscape as determined by different natural
and positional conditions and traditions of the social and economic development of Slovakia
and Bulgaria.
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The rural landscape is generally interpreted as the area with rural settlements outside the
urban and/or industrial centres (above all centres of districts). Naturally, the rural landscape is
especially associated with agricultural land use. Rural area covers the dominant part of the
Slovakia’s territory and almost a half of its population (43.9% in 2001) lives in rural settlements at present (6). Subject of this paper is the analysis of study regions with emphasis
upon the agricultural land use.
Approaches to land cover change detection (a brief review of bibliography)
The data acquired by the remote sensing (RS) methods from various time horizons are characterized by the capacity to provide information about changes undergone by landscape objects as Brunschweiler (7) reported for the first time. He analysed changes of the agricultural
landscape, which was photographed in monthly intervals during one year. Brunschweiler (7)
confirmed that the seasonal changes that take place in the agricultural landscape could be
identified by means of panchromatic aerial photographs taken in different phases of vegetation. This Brunschweiler’s study laid foundations of the methodological tool which is referred
to as the multitemporal analysis (8) or analysis of multitemporal RS data (9).
Coppin et al. (10) provides the topical survey of digital approaches, part of which are the bitemporal (comparison of the same territory by means of data from two time horizons) and
multitemporal identifications of landscape changes. The data used in this study were obtained
under the CORINE Land Cover 1990 (CLC90) and Image and CORINE Land Cover 2000
(I&CLC2000) Projects and the applied procedure is one of the bi-temporal methods.
The studies (11, 12) also provide a comprehensive survey of digital approaches to landscape
identification and monitoring based on the RS data application. The computer aided visual
interpretation (CAVI) of satellite images used in this study is parallel to the quoted approaches.
Kuemmerle et al. (13) demonstrate cross-border comparison of LC changes and landscape
pattern in the mountain area of the Carpathians in Poland, Slovakia and Ukraine carried out in
the countries of Eastern and south-eastern Europe after the disintegration of the Soviet Block.
One of results of this study is that agricultural was most abundant in Slovakia where the lowest level of agricultural fragmentation was found.
The subject of LC change identification by application of RS data was and is now studied in
the framework of different international projects and programs, some of which are quoted
lower. The aim of the LACOAST (Land cover changes in COASTal zones) Project was to
identify LC changes in the 10 km wide coastal zone of Europe for 1970-1990 by application of
CLC90 data and satellite images Landsat MSS from the 1970s (14). Part of the Phare Topic
Link on Land Cover Project was to identify and compare land cover changes in Czechia,
Hungary, Romania and Slovakia just like in the preceding project for the 1970s and the 1990s
by using the CLC90 data and Landsat MSS satellite images from the 1970s (15). The aim of
the pan-European project BIOPRESS run in 2003-2005 was to analyse LC changes and their
effect on biodiversity in experimental areas in different bio-geographic regions of Europe and
the Natura 2000 protected territories for the years 1950, 1990 and 2000. Information about
land cover changes in the mentioned Project was also generated from the black and white
aerial images and the CLC90 data layer by the computer aided visual interpretation method
(16). The Land use and land cover changes Project, part of the Geosphere – Biosphere Programme and International Human Dimension Programme with the aim to study, quantify and
model land use and land cover changes (17) is also worth mentioning.
This brief review of bibliography shows that the comparative studies that should assess the
changes of LC at the regional level in the framework of the European countries based on the
CLC data are scarce. The only exception is the study of Willems et al. (18) who presented
analyses of rural landscape based on a quantified comparison of CLC 90 and CLC 2000 data
layers using selected diversity indices computed on a 3x3 km2 grid cell. The analyses shows
the landscape development at the regional level in Luxembourg, Belgium, the Netherlands,
Ireland, Italy, Czech Republic, Latvia, Germany, France and Poland.
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Our ambition is to demonstrate that such comparative studies may represent a valuable contribution to the cognition of the development that took place in different parts of Europe. Existence of the CLC data sets and the plans to expand them offer very good conditions to realize
such studies.
METHODOLOGY
This part of the paper contains brief characteristics of studied regions and the methods applied to changes of CLC classes (see Table 1) identification, analysis and assessment.
Table 1: CORINE land cover nomenclature (8).
1 Artificial surfaces
11 Urban fabric
111 Continuous urban fabric
112 Discontinuous urban fabric
12 Industrial, commercial and transport units
121 Industrial or commercial units
122 Road and rail networks and associated land
123 Port areas
124 Airports
13 Mine, dump and constructions sites
131 Mineral extraction sites
132 Dump sites
133 Construction sites
14 Artificial, non-agricultural vegetated areas
141 Green urban areas
142 Sport and leisure facilities
2 Agricultural areas
21 Arable land
211 Non-irrigated arable land
212 Permanently irrigated land
213 Rice fields
22 Permanent crops
221 Vineyards
222 Fruit trees and berry plantations
223 Olive groves
23 Pastures
231 Pastures
24 Heterogeneous agricultural areas
241 Annual crops associated with
permanent crops
242 Complex cultivation patterns
243 Land principally occupied by agriculture, with significant areas of natural vegetation
244 Agro-forestry areas

3 3 Forest and semi-natural areas
31 Forests
311 Broad-leaved forests
312 Coniferous forests
313 Mixed forests
32 Scrub and/or herbaceous vegetation associations
321 Natural grasslands
322 Moors and heathland
323 Sclerophyllous vegetation
324 Transitional woodland-scrub
33 Open spaces with little or no vegetation
331 Beaches, dunes, sands
332 Bare rocks
333 Sparsely vegetated areas
334 Burnt areas
335 Glaciers and perpetual snow
4 Wetlands
41 Inland wetlands
411 Inland marshes
412 Peat bogs
42 Maritime wetlands
421 Salt marshes
422 Salines
423 Intertidal flats
5 Water bodies
51 Inland waters
511 Water courses
512 Water bodies
52 Marine waters
521 Coastal lagoons
522 Estuaries
523 Sea and ocean

Region Trnava
The study area is situated in the south-western part of Slovakia and includes 7 districts of
region Trnava (Skalica, Senica, Piešťany, Hlohovec, Trnava, Galanta and Dunajská Streda) a
2 districts of region Bratislava (Senec and Pezinok) (see Figure 1a) with total area 4,961 km2
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or 10.1 % of the national territory. The total population of the region is 656,992 inhabitants
(31.12.2001) or 12.2% of the national total. By population density (132 inhabitants per km2)
region Trnava ranks at the fourth place in the country.
b
a

Figure 1: Location of the Trnava region (a) and Plovdiv region (b)
Six orographic units differentiate the relief. The lowland Podunajská nížina is the major part of
the region and fluvial plains as well as loess hilly lands with very fertile Fluvisols and Chernozems and prevailing agricultural use and urban areas characterize it. The north-west is
occupied by the lowland Záhorská nížina with alluvial plain and loess hilly land covered by
agricultural areas and with blown sands covered by pine woods. The two lowlands are separated by the mountainous landscape. The territory is delimited by the forested highland of the
White Carpathians in the north where it passes to the sub mountainous landscape of the hilly
lands Myjavská pahorkatina with prevailingly agricultural use and dispersed settlement. The
forested mountainous landscape of the Little Carpathians also contains a typical belt of vineyards on its south-eastern foothills. The character of somewhat shorter mountain range of
Považský Inovec in the east of the region is similar. The climate of lowlands is warm and dry,
that of the mountainous part is moderately warm and wet, in some places wet. The southern
boundary of the region coincides with the river Danube and the river Váh flows in its northeastern part. North of the Danube, the gravel sediments of the inland island Žitný ostrov contain a big groundwater reserve. The world famous thermal and mineral springs in Piešťany
are exploited for the treatment of the locomotion and nervous diseases.
The highly differentiated orography of region Trnava causes that its is the least compact one
in terms of economy and transport. Industry and services are represented above all in district
centres. Food industry based on high agricultural productivity of the lowland Podunajská
nížina dominates. The region produces 10.6% of the national GDP, which is one of the highest shares among regions. The agrarian sector is concerned with intensive growing of wheat,
maize, sugar beet, but also vines, fruit and vegetables. The CLC2000 classes comprise: agricultural areas – 72.8%, forest and semi-natural areas 17.5%, wetlands, and water bodies –
1.7%, artificial surfaces – 8.0%.
Region Plovdiv
The region of Plovdiv is situated in the central part of South Bulgaria and includes 18 municipalities (Figure 1b) with total area 5,972.9 km2 or 5.4 % of the national territory. The total
population of the region is 728,246 (31.12.2000) or 8.9% of the national total. Both in terms of
overall population and population density (122 inhabitants per km2), region Plovdiv ranks
second following the region Sofia (the Capital).
The relief is quite varied. The central part of the region is a fragment of the Upper Thracian
Lowland and it is characterized by plain relief and mainly by agricultural and urban areas. The
mountainous landscapes and forests are predominant in the North (Balkan Mountain and
Sredna Gora Mountain) and the South (Rhodopes Mountain) part of the region. The climate is
moderately continental with traces of a mountainous climate in the highland areas. The deep-

444

Center for Remote Sensing of Land Surfaces, Bonn, 28-30 September 2006

est Bulgarian river, the Maritsa and many of its tributaries run through the region. Thermal
mineral water springs occur at Hisarya, and Narechenski bani. Fluvisols and humus soils are
characteristic for the lowlands, plains and valleys of the region, as well as Luvisols, Cambisols and Leptosols – for the mountains. Mineral resources are of a more limited variety.
Those of significance are lead-zinc ore (Laki municipality) and deposits of building materials.
Plovdiv region is characterized by well-developed economy with a strong services sector. The
region produces 7.5% of the national GDP, which is one of the highest shares among the
regions. Services contribute more than a half (54.5%) to the regional added value, while agriculture holds the smallest share (16.4%). The agrarian sector is concerned with intensive
crop growing, such as vegetables, fruit, vines, and tobacco. Specific features of agriculture in
the region include rice growing in the Maritsa municipality, and rose growing in the Karlovo
municipality. The CLC2000 classes comprise: agricultural areas – 53.4 %, forest and seminatural areas, wetlands, and water bodies - 41.3 %, artificial surfaces – 5.3 %.
Methods
Changes of land cover in Slovakia and Bulgaria in the years 1990-2000, hence also those of
study regions, were identified by application of the Computer Aided Visual Interpretation
(CAVI) (i,ii) method in the framework of the I&CLC2000 Project. The CLC90 data layer and
satellite images Landsat ETM from 2000 (+/- one year, IMA2000) were used for derivation of
the CLC90/2000 change layer by the above method. The following interpretation criteria were
used: the minimum area of the identified polygon change in the CLC90 data layer compared
to its manifestation in IMA2000 of 5 ha, the minimum identified width of the change of 100 m
and the area of the newly identified area of 25 ha (i, ii). Identified LC changes of both study
regions are demonstrated in Figures 2 and 3, Tables 2 and 3.

Figure 2: Identified CLC
changes in region Trnava

Figure 3: Identified CLC changes
in Plovdiv region
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Table 3: CLC class changes 1990-2000 (area in hectares), region – Plovdiv.

clc 1990

clc 2000
211

221

222

231

242

311

313

324

∑

211

-

168.3

52.0

40.5

82.5

-

-

-

343.3

213

8767.0

-

-

-

-

-

-

-

8767.0

221

234.2

-

-

-

-

-

-

-

234.2

222

1812.6

-

-

-

-

-

-

-

1812.6

231

318.9

-

-

-

-

-

-

-

318.9

311

-

-

-

-

-

-

-

1641.2

1641.2

312

-

-

-

-

-

-

-

161.3

161.3

313

-

-

-

-

-

-

-

255.6

255.6

321

-

-

-

-

-

-

-

50.9

50.9

324

-

-

-

-

-

627.9

166.8

-

794.7

∑

11132.6

168.3

52.0

40.5

82.5

627.9

166.8

2109.1

14379.7

The 1990-2000 changes are assessed as relatively short-term ones in difference from the
analysis of long-term changes or development of the landscape in case of comparison of the
present state of the landscape (CLC2000) with the reconstructed natural landscape (20). Regarding the important political, social and economic processes that took place in both countries at the beginning of the 1990s, they document the impact of those processes on land
use. Applying the methodological approach (iii), landscape changes in study regions were
assessed on the basis of LC changes and interpreted according to types and subtypes of
landscape changes (see Table 4). The first type – urbanization (industrialization) – represents
changes of agricultural, forest and semi-natural LC classes (21x–32x) into classes of artificial
surfaces (11x–14x) and classes of mining, dumping and construction sites (13x) into industrial, commercial and transport units (12x). Four subtypes fall under this type:
U1 – enlargement of urban fabric,
U2 – enlargement of industrial, commercial and transport built-up area,
U3 – enlargement of natural resources exploitation,
U4 – enlargement of sport and leisure facilities area (see Table 4).
The second type – intensification of agriculture – is characterized by changes of mining and
construction sites, classes of less intensive agricultural use and forest classes (13x, 231 and
243) into classes of a more intensive agricultural use (211, 221, 222 and 242). Under intensification of agriculture the following subtypes were identified:
I1 – enlargement of arable land,
I2 – enlargement of vineyards,
I3 – enlargement of orchards and berry plantations,
I4 – enlargement of complex cultivation pattern area (see Table 4).
The third type – extensification of agriculture – represents changes of classes of more intensive agricultural land use (211) into classes of an extensive agricultural use (e.g. changes of
class 211 into 231 and 243 and classes 221, 222 into 211, 231 and 243). Under extensification of agriculture the following subtypes were determined:
E1 – reduction of arable land area,
E2– reduction of vineyards,
E3– reduction of orchards and berry plantations,
E4 – reduction of complex cultivation pattern area,
E5 – reduction of rice fields (see Table 4).
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Table 4: Conversion table (LC changes into landscape changes) for both regions.
CLC 112 121 122 131 142 211 221 222 231 242 243 311 312 313 324 331 511 512
I1
F1 131 U2 O1
F1 132 I1
F1 133 U2 O1 O1
142

-

-

-

-

-

-

-

-

-

-

-

-

-

-

-

-

-

-

211

U1

U2

U2

-

-

-

I2

I3

E1

I4

E1

F2

-

F2

F2

-

-

O1

213

-

-

-

-

-

E5

-

-

-

-

-

-

-

-

-

-

-

-

221

U1

U2

-

-

-

E2

-

-

-

-

E2

-

-

-

-

-

-

-

222

U1

-

-

-

-

E3

-

-

-

E3

E3

-

-

-

-

-

-

-

231

-

-

-

-

-

I1

-

-

-

I4

-

-

F2

-

F1

-

-

-

242

-

-

-

-

-

E4

-

-

-

-

E4

-

-

-

-

-

-

-

243

U1

-

-

-

U4

I1

-

-

E1

I4

-

F1

-

F1

F1

-

-

O1

311

U1

U2

-

-

-

D2

-

-

-

-

I1

-

-

O3

D1

-

O1 -

312

-

-

-

U3

-

-

-

-

-

-

-

-

-

O3

D1

-

-

-

313

-

U2

-

U3

-

-

-

-

-

-

-

O3

O3

-

D1

-

-

-

321

-

-

-

-

-

-

-

-

-

-

-

-

-
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Urbanization (industrialization): U1 - enlargement of urban fabric, U2 - enlargement of industrial
commercial and transport built-up area, U3 - enlargement of natural resources, U4 - enlargement
of sport and leisure area
Intensification of agriculture: I1 - enlargement of arable land, I2 - enlargement of vineyards,
I3 - enlargement of orchards and berry plantations, I4 - enlargement of complex cultivation
pattern
Extensification of agriculture: E1 - reduction of arable land, E2 - reduction of vineyards,
E3 - reduction of orchards and berry plantations, E4 - reduction of complex cultivation pattern,
E5 - reduction of rice fields
Deforestation after felling or calamities: D1 - felling or calamities in forest,
D2 - deforestation and enlargement of agricultural land
Forestation: F1 - natural development of forest, F2 - economic growing of forest
Other changes: O1 - enlargement of water areas, O2 - reduction of water areas,
O3 - forest structure changes
Dash means there was no change.
CLC classes that did not occur in analysed period are not quoted.

The fourth type – deforestation after felling or calamities (caused by wind, emission, forest
fires, etc.) – is interpreted according to changes of classes 31x into class 324, or classes 31x
and 324 into 211 and 243. It contains two subtypes:
D1 – felling or calamities in forest,
D2 – deforestation and enlargement of agricultural land (see Table 4).
The fifth type – forestation (natural overgrowing and cultivation of forest) – represents
changes of classes 131, 132, 211, 231, 243, 321 into classes 324 and classes 324 into 311,
312, 313. Two subtypes fall under this type:
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F1 – natural development of forest,
F2 – economic growing of forest (see Table 4).
The sixth type – other changes – contains the following subtypes: O1 – enlargement of water
areas,
O2 – reduction of water areas,
O3 – forest composition changes (see Table 4).
Landscape pattern changes of the study areas were expressed using the following diversity
indices (21, 22, 23):
Patch density (PD) – number of patches (polygons) per 100 ha of a study area.
Arable edge density (ED CLC 21) – length of arable land borders (perimeter of CLC class 211)
in meters per 100 hectares of the study area.
Forest edge density (ED CLC 31) – length of forest borders (perimeter of CLC classes 311, 312
and 313) in meters per 100 hectares of the study area. Table 7 brings the computed values.
RESULTS & DISCUSSION
Data layers of CLC-changes for studied regions Trnava a Plovdiv (see Tables 2 and 3, Figure
4) are the most important results attained in this study. Reclassification (conversion) of land
cover changes into landscape change types (see Table 4) suggests basic social and economic processes.
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Figure 4: Increases and decreases of the CLC class areas in regions Trnava and Plovdiv (in
ha).
A basic factor which determined the uppermost landscape changes in both countries Slovakia
and Bulgaria (and regions Trnava and Plovdiv in particular) is the process of changes of the
political system and the socio-economic transformations in the countries– the transition to
free market economy and democratic society. The agriculture was one of the hard affected
sectors. The long lasted process of reprivatization of the land has started in the early 1990ies in both countries. The property transformation in the forestry has started in the second
half of the 1990-ies (in Bulgaria) keeping the predominant share of the State and public ownership and the forest management by the State companies. During the period 1990-2000 the
land became a property of many heirs in law – the majority of them living far away from the
land inherited. The collective farms and the State Machinery Stations were eliminated and
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most of the land was rented. In Slovakia the majority of collective and state farms still exist
with some state subsidies. All these factors reduced the production and the intensive land
treatment.
Greater landscape changes were identified in region Trnava amounting to total 20,269.3 ha in
525 polygons what represents 4.1% of the total region area. In case of region Plovdiv,
14,379.7 ha changed in 121 polygons what represents 2.4% of total region area. Greater
changes in region Trnava are associated with the vicinity of the region to that of the Capital
Bratislava. They manifested especially in changes caused by urbanization (industrialization)
as follows: urbanization affected 1,393.5 ha (6.9%), particularly by enlargement of urban fabric (4.2%) and enlargement of industrial, commercial and transport built-up area (2.2%, see
Table 5 and Figure 5), mostly in district Trnava. No urbanization changes were identified in
region Plovdiv (see Table 6 and Figure 5).
Table 5: Landscape changes in Trnava
region by area (in ha and %) and number.

Table 6: Landscape changes in Plovdiv
region by area (in ha and %) and number.

Type of
the
change
U1
U2
U3
U4
I1
I2
I3
I4
E1
E2
E3
E4
D1
D2
F1
F2
O1
O2
O3

Type of
the
change
I1
I2
I3
I4
E1
E2
E3
E5
D1
F1
F2
Total

Total

450

Area (ha)

Percentage Number

852.9
440.3
33.5
66.7
1290.8
140.5
60.9
1033.6
428.6
1522.1
725.3
95.3
1706.1
25.9
1721.2
5785.8
3783.7
25.6
530.4

4.2
2.2
0.2
0.3
6.4
0.7
0.3
5.1
2.1
7.5
3.6
0.5
8.4
0.1
8.5
28.5
18.7
0.1
2.6

73
21
4
1
63
8
3
23
16
39
18
3
65
3
45
104
20
1
15

20269.3

100.0

525

Area (ha)

Percentage

Number

318.7
168.3
52.0
82.5
40.5
234.2
1 812.8
8 767.4
2 109.1
50.9
743.8
14 379.7

2.2
1.2
0.4
0.6
0.3
1.6
12.6
61.0
14.7
0.4
5.1
100

8
2
1
1
1
7
21
15
39
1
25
121
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Figure 5: Area of landscape changes in regions Trnava and Plovdiv (in %).
Changes of agricultural areas were greater in region Plovdiv, they concerned 11,476.4 ha
(79.9% total changed area) – they were identified mainly in Maritsa, Rakovski and Saedinenie
municipalities (Figure 3) this type of change in region Trnava concerned only 5,297.1 ha
(26.2% total changed area) and it mostly concerned districts Dunajská Streda, Trnava, Galanta, Piešťany a Skalica (Figure 2).
Two types of landscape changes are distinguished – intensification and extensification of
agriculture (Tables 5 and 6). Intensification of agriculture occurred on 621.9 ha (4.4 % of the
total area of changed) and it mainly means enlargement of arable land (318.9 ha, 2.2%) and
enlargement of vineyards (168.3 ha, 1.2%) areas in Plovdiv region (see Table 6). It is connected with the restored farmers’ enterprise supported by subsidies from the governmental
and EC funds. In Trnava region, intensification of agriculture was observed on 2,525.8 ha
(12.5 %) and includes mainly enlargement of arable land (1,290.8 ha, 6.4%) and enlargement
of complex cultivation pattern (1,033.6 ha, 5.1%) areas.
Extensification of agriculture concerns 10,854.7 ha (75.5 % of the total area of change) in
region Plovdiv. This is the greatest change compared to all other changes in the studied region. Extensification of agriculture is mainly due to the reduction of rice fields (8,767.4 ha,
61.0%), as well as that of orchards and berry plantations (1,812.6 ha, 7.5%) and reduction of
vineyards (234.2 ha, 1.6%, see Table 6 and Figure 5) mainly in favour of arable land. For
many of the self-employed farmers the rice production became unprofitable because of the
damaged irrigation systems, expensive fertilizers and plant protection chemicals. The landscape change is caused by lack of care during the long lasting process of the land reprivatization and the necessity of great finance investments.
In region Trnava, extensification of agriculture concerns 5,297.1 ha (13.7%). The greatest
change was identified in reduction of vineyards (1,522.1 ha, 7.5%). Other changes concern
area reduction of orchards and berry plantations (725.3 ha, 3.6%) and reduction of arable
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land (428.6 ha, 2.1%) area (see Table 5 and Figure 5). This trend is also confirmed by shrinking of the ED CLC 21 index value (arable edge density) by 0.3 m (in region Trnava) and by 33.3
m (in region Plovdiv) above all as the result of diminished area of vineyards and orchards
(see Table 7).
Table 7: Diversity indices.
Trnava (SK)

Plovdiv (BG)

CLC90

CLC2000

Diff.

Diff. (%)

CLC90

CLC2000

Diff.

Diff(%)

PD

0.3

0.3

0.0

0.7

0.4

0.4

0.0

-0.7

ED CLC21

1041.6

1041.3

-0.3

0.0

848.8

815.5

-33.3

-3.9

ED CLC31

562.1

579.9

17.8

3.2

1170.4

1169.1

-1.3

-0.1

PU - patch density, ED CLC 21 - arable edge density, ED CLC 31 - forest edge density

The changes of forest and semi-natural areas cover 9,239 ha (45.5% of the total changes
area) in Trnava region, namely in Skalica, Senica, Trnava and Dunajská Streda district and 2,
903.8 ha (20.2%) in Plovdiv region, occupying the biggest areas in the Karlovo and Asenovgrad municipalities (Figures 2 and 3).
Two types of landscape changes have been observed – deforestation and forestation.
Deforestation after felling only concerns 1,732 ha (8.5%) region in Trnava, but this type of
landscape change is the second greatest in region Plovdiv (2,109.1 ha, 14.7%, see Tables 5
and 6). This change is caused by forest fires near the Asenovgrad town. The rest of the forest
changes – forestation and deforestation (natural and human-induced) are related to forest
management (controlled logging and planting).
Forestation is the greatest landscape change identified in region Trnava (7,507 ha, 37% of
the total change area, what also manifested in the increased ED CLC 31 index value – forest
edge density by 17,8 m, see Table 7), but in Plovdiv region it is only 794.7 ha (5.5%, ED CLC 31
index value decreased by 1.3 m, in this region see Table 7). Forestation is associated either
with the natural development of forest, mainly on abandoned pastures and it makes up
1,721.2 ha (8.5%) of change in region Trnava and for 50.9 ha (0.4%) in region Plovdiv. This
type of change also demonstrates the depressive trend of the agricultural land use. The most
extensive changes of forestation are associated with the economic growing of forest as part
of forest management practices namely in the area of highly productive pine forest in Zahorie
Lowland (Skalica and Senica districts) and cover 5,785.8 ha (28.5%, see Table 5) in region
Trnava and 743.8 (5.1%) in region Plovdiv (see Table 6).
Other changes associated with the construction of water works Gabčíkovo were also identified in region Trnava. The most important change was enlargement of water area to 3,783.7
ha (18.7% of the total change area). Smaller changes were identified in forest composition –
their total area is 530.4 ha (2.6%).
CONCLUSIONS
Results obtained in this study demonstrate comparisons of LC changes and landscape
changes on example of two regions similar in terms socio-economic, political, as well as natural conditions in 1990-2000.
Urbanizing processes were identified only in region Trnava; 13.3% (see Table 5) of total
change area in this region changed in favour of settlement, industrial and transport constructions.
Changes in agricultural landscape were more extensive in region Plovdiv, as they account for
79.9% (see Table 6) and manifested mostly in reduction of rice fields, vineyards and orchards
above all in favour of arable land. This type of change only amounted to 26.2% (see Table 5)
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in region Trnava and covers diminution of vineyards, orchards, heterogeneous agricultural
areas and enlargement of the complex cultivation pattern.
More distinct changes in forest landscape (forestation a deforestation) took place in region
Trnava (they cover 45.5% of total change area, see Table 5) and represent the forms of forest
regeneration and cultivation, as well as the felling areas – 20.2% correspond to this type of
change in region Plovdiv (see Table 6).
As far as other type of changes is concerned, enlargement of water areas (by 18.7%, see
Table 5) in region Trnava associated with the construction of water works Gabčíkovo was
observed.
Obtained results confirm the similar structure of land cover and landscape changes in both
regions besides urbanization identified only in the Trnava region.
Spreading of similar analysis and assessments to other regions will contribute to documenting and better understanding of LC changes and landscape changes mainly in the postsocialist countries of Central and Eastern Europe.
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ABSTRACT
Remote sensing data have been used for the soil productive potential indices assessment,
being almost irreplaceable due to providing big amount of information concerning the land,
data actuality and validity while ecological mapping works along vast territories.
Interpretation data of remote sensing are applied to assess land use structure, land area
conditions, vegetation conditions (method of vegetation indices) and besides ecosystems
productivity indices (phytomass and vegetation cover products). To calculate the ecosystem
productivity indices the areas of various lands, determined in the course of interpretation, and
informational data, concerning specific productivity and area phytomass reserve for the given
territory, have been used.
INTRODUCTION
Nowadays vegetation cover productivity ranks among the most essential characteristic of
landscape condition and stability. Productivity is meant as phytomass increase during a
certain period of time. While assessing various indices characterizing ecosystems productive
potential, it’s desirable to employ remote sensing data being very actual and reliable, besides
allowing to trace ecosystems condition dynamics.
In the presented report the evaluation of some parameters characterizing ecosystems
productive potential (land use structure, phytomass reserve, biological productivity, soil and
vegetation conditions) on the basis of two small rivers basins applying space image data has
been executed.
The Koloksha and the Peksha river basins are formed by the Klyazma inflows located nearby
and have much in common in aspects of landscape and soil structure, but nevertheless
possess individual characteristics.
The Koloksha river basin is characterized by soil-landscape homogeneity, being almost
completely located along the territory of natural district of Opolie. Geomorphologically it
presents midheight valley deeply cut by ravine-gully net. The absolute heights range from
200-215 to 130-100 m above sea level. The most elevated is the North-Western part of the
basin, the land lowers to the South.
The bigger part of the basin is covered with gray forest soils and away and over washed
ravine and gully soils.
The Peksha river basin is a little bit smaller in area than the Koloksha basin but less
homogeneous in landscape and soil. The three natural districts are located there, namely
Klin-Dmitrov ridge (about 50%), Left Bank Meshchera (about 30%) and Opolie (about 20%).
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The most elevated parts of the basin are in the North (200-230 m), it lowers to the South up to
100-130 m above sea level.
The bigger part of the basin is covered with turf-ashy soils, gray forest, off washed ravine and
gully soils are found, these soils form various combinations and soil cover is characterized by
great contrast.
METHODOLOGY
Remote sensing data have been used for the soil productive potential indices assessment,
being almost irreplaceable due to providing big amount of information concerning the land,
data actuality and validity while ecological mapping works along vast territories.
In the research the following sources have been applied:
1.
Space images with: «Meteor», MCU-E equipment, spatial resolution 45 m, 3 bands (1
green (0,5-0,6 mkm), 2 red (0,6-0,7 mkm), 3 near infrared -(0,8-0,9 mkm)), August 28, 2004.
“Landsat” ETM+, 3 bands have been chosen, spatial resolution 30 m (1 blue (0,45-0,52
mkm), 2 green (0,52-0,60 mkm), 3 red (0,63-0,69 mkm), 4 near infrared (0,76-0,90 mkm),
June 30,2001.
2.
The Vladimir region territory electronic maps: topographic map (1:200000), soil map
(1-200000), land use structure map (1:50000).
3.
Statistics and published data characterizing landscape structure, phytomass resource
and vegetation cover productivity.
The program Erdas Imagine has been applied for space images digital processing,
cartographic materials analysis and results interpretation have been executed on the basis of
Arc View program, the program Excel has been used for statistic processing and database
compilation.
Interpretation data of remote sensing are applied to assess land use structure, land area
conditions, vegetation conditions (method of vegetation indices) and besides ecosystems
productivity indices (phytomass and vegetation cover products). To calculate the ecosystem
productivity indices the areas of various lands, determined in the course of interpretation, and
informational data, concerning specific productivity and area phytomass reserve for the given
given territory, have been used (ii).
RESULTS & DISCUSSION
The initial image for the chosen territory (the Peksha and the Koloksha basins, fig1) is
subjected to preliminary processing including geometrical and radiometrical correction,
transformation into geographical projection.

Figure 1: The Peksha and the Koloksha basins initial images(Landsat ETM)(1 blue (0,45-0,52
mcm), 2 green (0,52-0,60 mcm), 3 red (0,63-0,69 mcm))
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Objects classification is executed by ISODATA method (cluster analysis) unsupervised. For
more accurate objects division classification 40 classes have been subjected. As the result of
the analysis the cluster scheme and statistics table have been compiled, where the average
cluster (class) values used for the objects spectral curves creation have been presented.
Afterwards the identification of the selected classes and their combinations into broader
groups on the bases of spectral curves (Fig.2) and spectral brightness (SB) transformations
analysis with the use of linear and fractional combinations (vegetative indices) is executed.

Figure 1: Spectral brightness curve types of natural and anthropogenic objects (Landsat
ETM)(1 green (0,52-0,60 mcm), 2 red (0,63-0,69 mcm)), 3 near infrared (0,76-0,90 mcm)
The analysis of the stated characteristics permitted the specification of the following surface
types within the territory: water objects and severely wet territories; conifer forest (pine, fir
tree); hybrid and deciduous forest (pine, fir tree, birch, aspen); young growth of deciduous
forest, tree-bushy vegetation; vegetation bare territories, uncovered soils, roads, technogenic
facilities; uncovered soils with insignificant vegetation, agricultural areas; uncovered soils with
insignificant vegetation, agricultural areas; grassy and grass-bushy vegetation including
meadow vegetation, agricultural areas with various rate of cover
Assessment of phytomass reserve and vegetation and soil cover conditions by the
results of images digital processing within the territory of the Peksha and the
Koloksha river basins
Judging by the results of space images interpretation, the maps of river basins land use
structure (fig.3,4) were compiled. These maps were afterwards applied for various crop land
areas and productivity and river basins ecosystems phytomass reserves computations. For
the maps compilation additional correction of automated data processing was needed, as
sometimes the objects, belonging to different land use categories, appeared in the same
clusters. For instance, uncovered soil lands could belong both to the urban territories and
agricultural lands.
The computation results, received through the maps of the Peksha and the Koloksha river
basins land use structure, are presented in table 1. They allow making comparable
characteristics of the two river basins.
Both basins experience considerable anthropogenic load (in general it’s agricultural load).
The plough lands occupy 54% of the Koloksha river basin territory and 28% of the Peksha
territory. On the whole the Koloksha basin experiences harder anthropogenic load, the share
of natural ecosystems there accounts only 45% of the territory, meanwhile such ecosystems
account about 70% in the Peksha river basins. The indices of productivity and phytomass
reserve of the river basins natural lands are compiled in table 1. They are calculated judging
by the lands area received as a result of space images interpretation and the published data
concerning specific productivity and phytomass reserves of the given territory lands.
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Figure 3: Interpretation results (the Peksha river part)
Forests;

Grass-bushy vegetation;

Water bodies and increased wetness lands;

Uncovered soils and low vegetation index lands

Figure 4: Interpretation results of the Koloksha river basin land use structure (Meteor)
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Table 1: The indices of productivity and phytomass reserve of the river basins natural lands
Area, hectare

Phytomass,
th. tons

Area,%

Products, th.
Tons/hec per year

The Koloksha
Forests

32123.8

22.5

6746.00

337.30

Meadows

453.79

509.36

7199.79

846.66

30870.2

21.6

Crop lands

76308

53.5

Water bodies

536.3

0.4

Marshes

0.0

Settlements, roads etc
Total
Incl. natural ecosystem
specific
phytomass, ton/hectare
natural ecosystem
specific product ton/hectare
natural ecosystem per year

2844.3

2.0

142682.6

100.0

63530.3

44.5
113.33

13.33

specific
phytomass, ton/hectare
basin per year
specific product ton/hectare
basin per year

50.46

5.93

The Peksha
Forests

52185

49.0

10958.85

547.94

Meadows

18575

17.4

273.05

306.49

Crop lands

32.20

2.31

11264.10

856.74

30130

28.3

Water bodies

700

0.7

Marshes

700

0.7

4210

4.0

106500

100.0

Settlements, roads etc
Total
Incl. natural ecosystem
specific
phytomass, ton/hectare
natural ecosystem
specific product ton/hectare
ecosystem per year
specific
phytomass, ton/hectare
basin per year
specific product ton/hectare
basin per year

72160

67.8

156.10
11.87

105.77
8.04

The Peksha basin is specified by considerable absolute phytomass reserve and big specific
phytomass as the forests occupy vast area of the territory. Simultaneously the summary
indices of natural ecosystems productivity of these basins are almost similar, whereas the
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productivity per unit of area is higher in the Koloksha basin, having grass-bushy vegetation,
possessing high productivity, occupies bigger share of territory, besides more fertile gray
forest soils are located in this zone.
Recomputation of the analyzed indices per unit of the common river basins area (including
both natural and anthropogenic ecosystems) showed that the Koloksha basin specific indices
of phytomass and production are sufficiently lower than in the Peksha basin that testifies of
high anthropogenic load experienced by that basin.
To assess the vegetation and productive potential condition, NDVI index has been applied,
being calculated according to the received remote sensing data. Some of the values for the
analyzed territory are presented in table 2. To compare the vegetation cover condition of the
two basins territory, let’s juxtapose data by NDVI received at one time.
Table 2:. NDVI of some lands

Average for river basin

The Peksha basin,
June 30, 2001

The Koloksha basin
June 30, 2001

The Koloksha basin
August 27, 2004

NDVI

NDVI

NDVI

% of the
whole
basin area

% of the
whole
basin
area

% of the
whole basin
area

0.41

100

0.39

100

0.36

100

Forests including

0.43

49

0.45

20

0.43

22.5

Conifer forest

0.32

8

0.34

5

0.35

5

0.45

41

0.48

15

0.41

17.5

0.54

8

0.57

10

0.49

7.5

0.56

3

0.59

3

0.53

2.6

NDVI of some lands

Hybrid and deciduous
forest
Grassy vegetation with
high projective cover
rate, agricultural lands
Grassy vegetation max
value

To characterize vegetation cover we have chosen NDVI scecifications for clusters, relating to
various vegetation types: conifer forests, hybrid and deciduous forest, grassy vegetation with
high projective cover rate. For all the mentioned vegetation cover types the highest index
belongs to the Koloksha basin territory, besides the clusters with vegetation index max values
for this territory are also located within the Koloksha river basin territory. Consequently here
the vegetation condition is better, chlorophyll content is higher and gray forest soils occupying
the larger part of this basin, are more productive. On turf –podzol gray forest soils within the
Peksha basin territory vegetation condition is a little bit worse according to NDVI index.
Common vegetation index for the Koloksha river basin is less then for the Peksha basin, but
this value doesn’t characterize the vegetation cover, as to compute it all the clusters,
including not covered with vegetation are taken into account. The mentioned index for the
Koloksha river is less as there is a considerable area of open vegetation bare soils.
NDVI deviations within the Koloksha river basin during the period cannot prove the vegetation
cover condition changes for this time, as the images were made in different time and index
deviations are explained through the natural conditions changes of the plants during the year.
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Soil cover condition can be partially assessed distinguishing the clusters relating to the
open crop soil, considering that the bigger soil cover part is occupied with vegetation and
open parts define only local lands, but not the whole soil cover of the territory.
It’s considered that the lower goes the curve the higher is humus content in soil and the
wetter the soil is. As the images were received at a single moment so the water content in the
two rivers basins is identical so the difference among the clusters is defined by soil condition.
The curves characterizing the soil cover in the two analyzed river basins are approximately at
the same level. Open soil cover lands are found in two basins which look different, there are
lighter, possibly relating to the turf-podzol soils or washed away soils (their spectral reflection
ability is higher so the curves are higher as) and darker (their reflection curves are lower),
they belong to gray forest soils containing more humus amount.
The spectral reflection curves, being max in the red spectra zone, are referred to heavily
erosioned lands, which area is larger in the Koloksha basin.
CONCLUSIONS
Basing on the remote sensing data, the phytomass reserve and the Koloksha and the Peksha
basins ecosystems productivity indices have been computed, besides the vegetation and soil
cover conditions have been assessed.
It has been stated that the Koloksha basin possesses higher productive potential, phytomass
increase is higher per square unit and NDVI values are greater in comparison with the
Peksha river basin. Within the Peksha basin the phytomass reserve stocked by forest massifs
is greater but the biological productivity index is lower. The Koloksha basin territory
experiences heavier anthropogenic load and its lands are more liable to erosion as compared
to the Peksha basin.
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