MAPPING VEGETATION PRODUCTIVITY DYNAMICS AND DEGRADATION TRENDS
OVER EAST AFRICA USING A DECADE OF MEDIUM RESOLUTION MODIS
TIME-SERIES DATA
Tobias Landmann1, Olena Dubovyk2
1

Earth Observation Unit, International Center of Insect Physiology and Ecology (icipe)
Duduville, Kasarani Road, P.O. Box 30772, 00100 Nairobi, Kenya, email: tlandmann@icipe.org
2
Center for Remote Sensing of Land Surfaces (ZFL), University of Bonn, Walter-Flex Str. 3, 53113 Bonn, Germany

ABSTRACT
This paper aims to characterize spatial and temporal
vegetation productivity trends that could be related to land
degradation in East Africa. A decade of AQUA/TERRAModerate Resolution Imaging Spectroradiometer (MODIS)
satellite observations on vegetation chlorophyll activity, or
Normalized Differential Vegetation Index (NDVI) data, and
25-km rainfall data from the TRMM passive radar
instrument were used for the same observation period of
2000-2011. Linear trends in land cover based Rain Use
Efficiencies (RUE) corrected NDVI and cumulative
differences of RUE between consecutive years from 2000 to
2011 (that is amplitudes) were derived and investigated for
their robustness. The trend maps were overlaid and
classified to map “hot spot” areas of productivity
productivity decline. We found vegetation productivity
decline areas mostly along the edges of protected areas in
Kenya and in the agro-ecological systems in eastern
Uganda, whilst the most severely degraded areas were found
in southern Ethiopia and eastern Uganda. These severely
degraded areas seem to be already under high land use
intensities.
Index Terms — Vegetation productivity,
degradation, NDVI, RUE, trend analysis
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1. INTRODUCTION
Vegetation productivity and land degradation are of global
concern and have far reaching consequences for agricultural
yields, biodiversity and as a whole the ability of a landscape
to sustain ecosystem service provisions [1-2]. Satellite
derived vegetation productivity observations have a long
heritage in global change studies [1-4]. With a decade of
operational AQUA/TERRA-Moderate Resolution Imaging
Spectroradiometer (MODIS) satellite observations on
vegetation productivity (NPP, FAPAR), structure (LAI,
fcover), and chlorophyll activity (vegetation indices) now
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being readily available, wide-area monitoring of vegetation
productivity and phenology trends can be consistently
performed on the medium scale [5]. By linking the remote
sensing phenology trends to concurrently available data
metrics on rainfall from passive radar remote sensing
observations (i.e. Tropical Rainfall Measuring Mission TRMM), integrative assessments of vegetation responses to
rainfall patterns can be effectively performed.
Vegetation indices such as the Normalized Differential
Vegetation Index (NDVI) are commonly used in assessment
of vegetation productivity trends and land degradation
studies on a regional to continental scale in Africa [3-6].
However the mapping of land degradation trends using
vegetation indices is challenging due to the difficulties in
distinguishing subtle land degradation processes from
natural climate variability and other land use effects [7] .
Rain use efficiencies (RUE) corrected NDVI have been
suggested as a more robust measure of degradation trends in
areas where rainfall determines vegetation productivity
including African ecosystems. RUE can be used to
normalize the effects of rainfall variability in the vegetation
productivity signal when interpreting degradation trends [8].
However RUE are closely related to the scale of observation
and not valid for land use features that exhibit no rainfallvegetation productivity correlations [9], i.e. irrigated lands.
Due to the complexity of interpreting RUE, the use of RUE
as a standalone and robust variable to characterize land
surface dynamics and map degradation trends is limited
[10].
Currently, there is no consistent and moderate
resolution (regional scale) vegetation productivity and
degradation data set over East Africa. However indications
are that East Africa is currently undergoing severe land
transformation processes and degradation [11]. Therefore,
there is a need for better than global scale resolution data on
productivity decline that will support and inform decision
makers in this regard.
The objectives of this study is thus to utilize a decade
of MODIS NDVI data and TRMM monthly means in trend
analysis augmented with per pixel amplitudes of RUE
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changes to discern and classify areas of significant
vegetation productivity decline on a moderate resolution
spatial scale.

2. METHODOLOGY
2.1. Study site
The study area in East Africa spans over Kenya, Southern
Ethiopia, Eastern Uganda, Northern Tanzania, and Western
Somalia. The study area covers a representative land use and
land cover gradient. The most dominant natural woody
species are Commiphora and Acacia and the most
predominantly land use is pasturalism, commercial
rangeland, forest reserve, community forest, urban and small
scale farming [12].
2.2. Satellite data processing
The 16-day composite images of NDVI from the MODIS
MOD13Q1 product (collection 5) at spatial resolution of
250 m for the years 2000-2011 served as an input for the
analysis. The MODIS time-series data sets were corrected
for atmospheric and instrument “noise” using the Whittaker
smoother algorithm [13], denoted as “pre-processing” in the
workflow in Figure 1.
Monthly rainfall data, at 25 km-resolution and for the
corresponding period from 2000 to 2011 from the Tropical
Rainfall Measuring Mission (TRMM) passive radar
instrument (product 3B43), were acquired and geo-located
to the MODIS data, denoted as TRMM “pre-processing” in
Figure 1.
2.3. Trend analysis and RUE amplitudes
Pixel-wise linear regression analysis and their significances
were computed using the annual NDVI means. Annual
means are strongly correlated with the vegetation production
in arid and semi-arid areas, rendering a decreasing linear
trend as a good indicator of changes in vegetation
productivity [14-15]. The regression constants (a) and
coefficients (b) were calculated using a least-square fit,
according to:

calculated per pixel using the relationship between NDVI
and TRMM. For this, monthly means of NDVI and TRMM
were used, whereas the preceding month was used for the
TRMM mean computation.
Eight percent of the study areas were omitted from the
RUE analysis since for some land cover types no significant
statistical relationship was found between TRMM rainfall
and NDVI. In this step we apriori use land cover data to
“adjust” for non valid negative NDVI trends that are purely
determined by RUE increases due to rainfall variability. The
Global Land Cover 2000 Database product [16] and
bootstrapped NDVI and TRMM values for each land cover
unit in the study region are used. This processing step is
illustrated by “RUE computation and masking” in Figure 1.
The NDVI trends and RUE trends are spatially overlaid
to discern areas that exhibit declines (or increases) in
vegetation productivity over the observation period, called
“hot spots” in Figure 1.
Further, cumulative RUE differences between years (RUE
Cum. Diff., Figure 1) were computed for the observation
period, as;
n

∑
y=1

RUEyi+1 – RUEyi

where yi is the mean RUE i of the year y, and yi+1 is the
mean RUE of the following year from which yi is
subtracted, n= number of years.
Similar to the Change Vector amplitude principle [17],
the positive or negative directional change between years is
summed in order to straightforwardly ascertain the overall
change trend over a specific time period.
The RUE Cum. Diff. are also investigated for their
robustness using added random “noise”. The RUE Cum.
Diff. exhibits profound negative values for some areas that
are already severely degraded as revealed from cross
comparisons to existing degradation maps [18]. The RUE
Cum. Diff. are thus used supplementary to the RUE and
NDVI trends to classify areas of particularly high vegetation
productivity declines.

݂ሺݔሻ = ܾ ×  ݔ+ ܽ

where ݂ሺݔሻ is a mean annual NDVI at year ݔ.
To assess the robustness of the calculated trends
random “noise” in the form of an artificial NDVI spike was
added to the data at the end of the time-series according to
[7]. The NDVI trend was recomputed, and finally only
pixels that show significant negative or positive trends
irrespective of “random” noise were tagged for further
analysis (Figure 1).
Similarly, Rain use efficiency (RUE) trends were
computed for the observation period. The RUE trends were
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Figure 1. Workflow elements and their interactions are
shown; arrows illustrate data flow directions, input data sets
are shown as dotted lined polygons, processing steps as
ellipsoids and data outputs or results are shown as
rectangles.

3. RESULTS AND DISCUSSION
Figure 2 shows the vegetation
tion productivity decline “hot
spot” map from 2000 to 2011 that distinguish
distinguishes two
productivity decline classes (“moderate” and “severe”)
“severe”).
These two classes were derived by thresholding the RUE
Cum. Diff. histogram distribution values. Main clusters of
“severe” vegetation productivity decline were found in
eastern Uganda as well as southern Ethiopia. The statistical
relationship between RUE and rainfall (from TRMM)
showed no correlation for most pixels within the “severely
degraded” class. Conversely, we foundd a significant non
nonlinear relationship between RUE and rainfall (y=9.48
(y=9.48e-4.4x,
R2=0,89) for randomly selected pixels within the
“moderate” vegetation productivity decline class (Figure 2).
We can thus infer that the “severely degraded” areas
indicate sites where land productivity is already impeded as
the vegetation in these areas, measured by the NDVI, does
not respond to rainfall amounts [19].
Figure 3 illustrates that, in contrast to the RUE Cum.
Diff., there is no significant difference
rence in NDVI and RUE
means (trends) between the “severe” and the “moderate”
productivity decline classes, as mapped in Figure 2. This
demonstrates the additional utility of the RUE Cum. D
Diff.
variable for further stratification of “potentially degraded”
sites.. Moreover Figure 2 shows that the NDVI trends
(means) for the two degradation classes are well separable
from the means (trends) using all pixels in the image
image, which
indicates the utility and confirms the robustness of the
NDVI trends used herein for mapping
pping vegetation
productivity declines.

Figure 2. “Hot spot” map showing vegetation productivity
decline over East Africa, derived from NDVI and RUE
trends.
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Figure 3. RUE Cum. Diff.. means,
means and mean NDVI and
RUE trends (from
from 2000 to 2011)
2011 for the vegetation
productivity decline classes “severe”
re” and “moderate” (grey
bars), compared to the RUE Cum Diff. and NDVI and RUE
means (trends) of all pixels in the image (black bar).
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4. CONCLUSION
The proposed workflow and data variables exhibit a good
potential to robustly map vegetation productivity dynamics
in East Africa. The RUE Cum. Diff. amplitudes provide
additional data for the further stratification of mapped
degradation “hot spots”. Moreover since very low the RUE
Cum. Diff. scores show inverse or no relationship to rainfall,
and similarly significant negative land cover RUE-adjusted
NDVI trends, the conclusion can be made that these areas
are already intensely used and as a result exhibit severe
magnitudes of degradation. It should be noted however that
there is a need for verification of the results using reference
data on land change processes such as deforestation and
afforestation, and pasture as well as soil degradation.
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