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Abstract
In this study we present a technique to discriminate between climate or human-induced
dryland degradation, based on evaluations of AVHRR NDVI data and rainfall data. Since
dryland areas typically have high inter-annual rainfall variations and rainfall has a dominant
role in determining vegetation growth, minor biomass trends imposed by human inﬂuences are
difﬁcult to verify. By performing many linear regression calculations between different periods
of accumulated precipitation and the annual NDVImax, we identify the rainfall period that is
best related to the NDVImax and by this the proportion of biomass triggered by rainfall.
Positive or negative deviations in biomass from this relationship, expressed in the residuals,
are interpreted as human-induced. We discuss several approaches that use either a temporally
ﬁxed NDVI peaking time or an absolute one, a best mean rainfall period for the entire
drylands or the best rainfall period for each individual pixel. Advantages and disadvantages of
either approach or one of its combinations for discriminating between climate and humaninduced degradation are discussed. Depending on the particular land-use either method has
advantages. To locate areas with a high likelihood of human-induced degradation we
therefore recommend combining results from each approach.
r 2003 Elsevier Ltd. All rights reserved.
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1. Introduction
Concern over the human impact on drylands has increased in recent decades as
population growth and movements as well as changes in land-use practices have
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placed new burdens on the dryland ecosystems of the world. Human-induced
degradation in semi-arid areas is regularly cited as one of the principal causes of
desertiﬁcation. The term desertiﬁcation is used in accordance with its deﬁnition by
the UNCCD (1994) describing land degradation in arid, semi-arid or sub-humid
areas resulting from various factors that include climate variations and human
activities. Land degradation affects the biological and economic productivity of an
area due to processes like soil erosion, salinization, crusting, loss of soil fertility or
depletion of seed banks with impacts on the vegetation cover especially its biodiversity and/or its density (LeHouerou, 1996). The increased awareness about the
threats of desertiﬁcation, and the willingness of countries to combat it, requires
better knowledge about distinct causes of degradation in order to take the most
efﬁcient and sustainable actions.
Representative for other semi-arid areas, we developed an approach to distinguish
between climate and human-induced degradation using the example of the Syrian
drylands. The vulnerability of the Syrian drylands is embodied in the low annual
total rainfalls, less than 200 mm, and their high inter-annual variability. Rain falls
during the winter season between October and April. The summer months are
absolutely dry. Main land-users of the drylands are semi-nomadic herders, moving in
at the beginning of the wet season to graze animals and carry out local rain-fed
barley cultivation. Nahal (1995) lists overgrazing, agricultural development, and the
creation or movement of human settlements as among the primary causes of
desertiﬁcation. In particular he notes that the arid and semi-arid rangelands of Syria
contain three times the amount of livestock than can be supported by the carrying
capacity of the range. This statement is supported by FAO statistical data about
Syria (FAO, 2002), showing a rapidly growing rural population together with an
increasing number of sheep.
Given that the drylands are under severe pressure from human activities, efforts
both to prevent and to combat degradation have begun with the introduction of
better range management strategies that include the establishment of a number of
rehabilitation areas, to improve the productivity of degraded rangelands. In order to
target these efforts most efﬁciently, knowledge of areas undergoing the worst
degradation is required. Unfortunately, inter-annual climate variability, particularly
precipitation, is so large that disentangling the human-induced degradation from the
climate signal is a difﬁcult task.
Weiss et al. (2001) attempted to identify biomass changes in the hyper-arid
rangelands of Saudi Arabia, using 12 years of monthly NDVI images over Saudi
Arabia to calculate annual coefﬁcients of variation (COV) (standard deviation/
mean). From the 12 COV values they determine a linear regression line for each
pixel. The positive or negative slope of this line is considered to reﬂect an increase or
decrease in green biomass. Little rainfall data were available to test for relationships
between rainfall trends and COV, so this inﬂuence could not be considered.
Several approaches to investigate the relationship between the NDVI and climate
in semi-arid regions have been used in the past. Relatively high correlations have
been found between precipitation accumulated over various periods and the NDVI
(du Plessis, 1999; Hielkema et al., 1986; Schmidt and Karnieli, 2000; Tucker et al.,
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1991). Some studies also found that this correlation improves if the precipitation
occurring closest to the time of the NDVI image was excluded (Wang et al., 2001;
Yang et al., 1997). Temperature was generally not found to correlate near as well as
precipitation with NDVI.

2. Objectives
The objective of this study is to develop a method, based on remote sensing data
(time series of 8-km AVHRR–NDVI data, 1981–1996) that identiﬁes degrading
areas and emphasizes the human contribution to it. Due to the high inter-annual
variability in climate, especially precipitation, and its impact on the NDVI, it was
necessary to ﬁrst remove the climate signal from the NDVI time series. This process
is complicated by a pronounced N–S and W–E climate gradient (increasingly dryer
conditions to the South and to the East) and by the presence of different vegetation
communities with individual response characteristics to climate changes. Once this
climate inﬂuence is removed, the remaining changes in NDVI signal are attributed to
human inﬂuence and those areas displaying a negative trend over time are considered
degrading.
By using NDVI time-series data, we are only looking into changes in total
undifferentiated green biomass. Therefore, only areas that show a decrease in
coverage of green biomass are identiﬁed as degrading. Certain stages of degradation
not linked to a loss in green biomass are not detected by this method. Examples are
incipient stages of degradation characterized by a loss of biodiversity or the gradual
replacement of desired species by unpalatable invader species.

3. Data
To monitor temporal variations and trends of biomass we used 10 day maximum
NDVI composites of the AVHRR sensor with a spatial resolution of 8 km, covering
the period from 13th July 1981 to 21st December 1996. Data were down loaded from
NASA’s Distributed Active Archive Center (DAAC). Data preprocessing done at
the DAAC includes calibration and removal of atmospheric distortions to produce
quasi at-ground reﬂectance estimates. In addition to that, we removed noisy pixels
characterized by exceptionally high or low NDVI values relatively to their pixel
neighborhood.
The identiﬁcation of noisy pixels was done in relationship to their neighboring
pixels by subtracting the original pixel value from a mean value calculated from the
peripheral pixels using a 3  3 pixel matrix. Differences of NDVIX|0.12| were
considered as noise. This value was deﬁned interactively and found to perform best
to eliminate only noisy pixels. Identiﬁed pixels were replaced by the majority value
calculated from the peripheral pixels of a 3  3 pixel neighborhood. NDVI layers
with larger noisy areas (clouds) or layers showing radiometric offsets along the edges
of composited subsets were replaced by a mean value calculated from the temporal
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neighboring NDVI layers. Using a method described by Los (1993) NDVI data were
calibrated against three fairly time invariant desert targets located in the Saudi
Arabian desert. The method removes effects of sensor degradation and corrects for
calibration differences between different sensor systems.
The original boundary of the drylands dating from 1940 and then roughly
following the 300 mm isoline has been largely invaded and its marginal areas have
been turned into farmland. To avoid the monitoring of farming cycles, distorting the
dryland NDVImax/precipitation relationship we therefore had to adjust the dryland
boundary. For separation we used the mean length of green period calculated from
the AVHRR NDVI time-series between 1981/1982 to 1995/1996. The length of the
green period for the drylands was chosen to be less than 150 days at an NDVIX0.1.
The dryland boundary, along with the mean annual precipitation for Syria, is shown
in Fig. 1.
For the preparation of gridded precipitation time-series we used up to 246 stations
with daily measurements distributed all over Syria (Fig. 1). The number of stations
reporting each year was variable with a mean of 208 stations reporting and an
absolute minimum of 84 stations reporting in 1996. All available stations were used

Fig. 1. Location map and mean annual precipitation in Syria. The drylands are separated from the arable
land by the 150 days green period isoline.
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for interpolation. After the removal of suspect station data, daily rainfalls were
summed every 10-day period in accordance with the compositing scheme of AVHRR
NDVI data. For data interpolation between stations, we used a Gaussian weighting
function with a ﬂexible radius of inﬂuence to account for the spatial variability in
station distribution. The radius was increased until the weighting factor reached a
value of 1.1, which ensured the interpolation of each pixel from at least two stations.
The 10-day temporal resolution of precipitation records precludes considering the
impact of storm intensity on vegetation growth (NDVI) in the following
calculations. Fig. 1 shows the time-series of the annual precipitation for the
drylands. Clearly substantial inter-annual variation exists with annual values varying
by more than 100%. There is a small decrease in precipitation present during this
period; however, it is much smaller than the inter-annual variance.

4. Biomass trends
To analyse temporal trends in green biomass we concentrated on the development
of the annual maximum NDVI (NDVImax). Alternatively one could use an
accumulated NDVI (NDVIacc) calculated for the growing period. The growing
period, however, is submitted to inter-annual changes not only affecting its total
value but also its position in time and its length. This leaves us with three parameters
for the NDVIacc as compared to two for the NDVImax (peaking-time, value), making
correlations to rainfall far more complicated. Finally, in dryland areas the NDVImax
and the NDVIacc are highly correlated to each other (Fig. 2). Total annual green
biomass production or its inter-annual variations and trends, therefore, will likewise

Fig. 2. (a) Frequency and (b) spatial distribution of correlation values calculated between NDVImax and
NDVIacc for the drylands. Ninety percent of all pixels show correlations >0.78.
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be reﬂected in the NDVIacc and in the NDVImax. Low correlations between
NDVImax and NDVIacc are found in the most arid and barren parts of the country,
where NDVI values rarely exceed the noise level.
The NDVImax is then assumed representative of the total green biomass
production in a given year. Temporal trends in the NDVImax can then be equated
with temporal trends in green biomass. Studies of Schmidt and Karnieli (2000),
Smith et al. (2000) and personal communication with experts and herders from the
region suggest that the usual vegetation peaking time occurs sometime between
March and April. This period is particularly important then, as it is the time when
those using the land are expecting and relying on good biomass production
(Nordblom et al., 1996).
However, inter-annual variability in rainfall and thus biomass production can be
very large for semi-arid regions. Inter-annual climatic variability for the Syrian
drylands is reﬂected in the variance of both the timing and the magnitude of the
NDVImax (Fig. 3). Peaking times may extend from mid-January through to early
May with the majority of pixels showing a standard deviation greater than 1 month,
demonstrating the large inter-annual variations, which occur in this region.
To take account of the inter-annual variations, complementary to the ﬁxed Apr/
Mar NDVImax analysis we performed the same calculations using the absolute
annual NDVImax. Signiﬁcant temporal trends and correlation coefﬁcients of both
NDVImax calculations are displayed in Fig. 4. Using the NDVImax from a ﬁxed
period has the effect of generally decreasing the absolute correlation values, resulting
in a smaller number of pixels with a signiﬁcant trend (0.9). Most trends which were

Fig. 3. (a) Mean and (b) standard deviation of the timing of the maximum NDVI.
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Fig. 4. Correlation and signiﬁcant trends in NDVI maximum for (a, c) March/April maximum and (b, d)
absolute maximum.

found signiﬁcant at the 0.9 level display a negative slope, possibly indicating
degradation. Some pixels with a positive slope were identiﬁed along the periphery of
the dryland boundary illustrating the expansion of agriculture.
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5. Identiﬁcation of the climatic signal
Due to the large inter-annual climatic variability in the region, it seems likely that
any trend in NDVImax may be highly correlated with trends in various climatic
variables. In order to identify changes that are due only to human inﬂuence, this
climatic component must be identiﬁed and removed.
Hielkema et al. (1986), Yang et al. (1997), du Plessis (1999), Schmidt and Karnieli
(2000) investigated the relationship between NDVI and climatic variables in arid and
semi-arid regions. Similar studies in more humid climates were done by Wang et al.
(2001) and Yang et al. (1997). All describe a generally good correlation between
accumulated rainfall amounts and NDVI. Depending on the intended temporal
resolution rainfall was linearly correlated with daily AVHRR NDVI data (du Plessis,
1999), 10-day maximum value composites (du Plessis, 1999; Hielkema et al., 1986),
bi-weekly (Wang et al., 2001); or monthly maximum value composites (Schmidt and
Karnieli, 2000). While Hielkema et al. (1986) correlated rainfall amounts with NDVI
values, measured at ﬁxed calendar days representing begin, peaking, and end of the
green-period, all other studies used the actual phenological stages of vegetation cover
expressed in the NDVI-cycle. All studies state that the removal of data inherent noise
is mandatory to achieve signiﬁcant correlations. In this context, du Plessis (1999)
points out that only after the removal of dry season outliers and after averaging over
longer time periods, calculated correlation values reached a level that is statistically
signiﬁcant.
Wang et al. (2001) relate differences in NDVI/precipitation correlations to
variations in vegetation type and in soil properties. Best correlating rainfall
accumulation periods in terms of their length (accumulation time) and their position
in time, (lag time; time between end of accumulation time and the NDVI value it is
correlated with), given by the various authors are variable and depend on where
these studies have been carried out.
Temperature was found not to correlate as highly as precipitation (Wang et al.,
2001). In contrast soil temperature proved to be signiﬁcantly related to growing
degree days in a study area in Nebraska (Yang et al., 1997).
From these previous studies, it seems important to test several different
precipitation accumulation periods in order to ﬁnd an optimum correlation with
NDVI. It is also apparent that over an area as large as the Syrian drylands it is
unlikely that a single precipitation accumulation period will provide the best
correlations with NDVI. Instead, one would expect the optimum accumulation
period to vary with different vegetation communities, with soil properties, with
morphological characteristics, and (along a climate gradient) between different
climate zones (Kutiel et al., 2000). Hence correlations are calculated for many
different combinations of precipitation accumulation and lag times, done for each
NDVI pixel, allowing identiﬁcation of its distinct optimum correlation.
For the March/April NDVImax, precipitation accumulation periods and lag times
ranging from September through May, with a 10-day increment, were investigated
producing a total of 406 correlations for each pixel. Lag time describes the time
between the end of the precipitation accumulation period and the occurrence of the
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NDVImax. Due to the extensive variation in the timing of the absolute NDVImax
from year to year the accumulation and lag times associated with the absolute
NDVImax are deﬁned relative to the timing of occurrence of the maximum each year.
Accumulation periods and lag times up to 7 months before the occurrence of the
absolute NDVImax, with a 10-day increment, were investigated, producing a total of
253 correlations for each pixel. This distribution of correlation values characterizes
the response of NDVImax to when, and how much precipitation falls.
Fig. 5 shows this characteristic taken as an average response for the entire
drylands. It shows that overall for the drylands, precipitation that fell in the month
immediately preceding the absolute NDVImax is, by itself, fairly poorly correlated
with the magnitude of the absolute NDVImax. However, if we begin accumulating
precipitation between 4 and 6 months preceding the absolute NDVImax, provides
much higher correlations (>0.4). Average correlations above 0.4 are also achievable
if the 2 months immediately preceding the absolute NDVImax are ignored and the
precipitation is accumulated over any period between 1 and 5 months prior to that
(see Fig. 5).
Correlation matrices similar to that in Fig. 5 are produced for each pixel in the
drylands for both the March/April NDVImax and the absolute NDVImax. Which
precipitation period to use in order to establish the relationship with either NDVImax
can be chosen either as the period which provides the best overall result for the entire
drylands or as the optimum period for each pixel. Thus there are four possibilities
which are outlined in Table 1. The dryland best precipitation method (versions 1 & 3)
is simpler and assumes that all the drylands react similarly to rainfall, the second
method is considerably more computationally intensive but there are a priori reasons

Fig. 5. Average dryland correlations between precipitation accumulated over various lengths of time and
with different lag times until the occurrence of the absolute NDVImax.
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Table 1
Versions of NDVImax—precipitation correlations
Version

NDVI maximum

Precipitation period

Average correlation

1
2
3
4

March/April
March/April
Absolute
Absolute

Dryland best
Pixel best
Dryland best
Pixel best

0.57
0.77
0.50
0.72

to expect that a single precipitation accumulation period would not be suited to
all regions within the drylands. In Fig. 6a–d we see four correlation maps produced, using the two choices of precipitation period and the two choices of NDVImax
(Table 1). As expected using the pixel best correlation substantially improves
correlation for most pixels, over using the best dryland average precipitation
accumulation period. It also removes the small area of negative correlations found
when using the dryland average. Overall, using either NDVImax produces very
similar patterns in the spatial distribution of correlations. The dryland best
accumulation period for the March/April NDVImax is from September through to
mid-April. The dryland best accumulation period for the absolute NDVImax is the 4
months immediately preceding the occurrence of this NDVImax.
A similar analysis was performed to investigate correlations between mean,
maximum and minimum temperature and the NDVImax. This analysis tended to
produce correlations that were lower than those associated with precipitation as well
as leaving the vast majority of the drylands insigniﬁcant at the 0.9 level. Hence it is
assumed that the precipitation time-series contains the relevant climatic signal, and
removing this precipitation signal is equivalent to removing the climate inﬂuence
from the NDVI time-series.

6. Identiﬁcation of areas experiencing human degradation
In the above regression calculations for each pixel, a distinct relationship was
calculated between its NDVImax and the rainfall pattern triggering it. An example for
one linear regression is shown in Fig. 7a, with the linear regression describing the
expected NDVImax for any particular rainfall amount. Fig. 7a shows a strong trend
of increasing NDVImax with increasing accumulated precipitation over a certain
period. The observed NDVImax values show distinct deviations from the linear
regression, suggesting that at times they respond better or worse to the precipitated
rainfall amounts.
In order to remove the effect of precipitation, the difference between the observed
NDVImax and the regression predicted NDVImax was calculated. These differences
are referred to as residuals and were calculated for each pixel. Any trend through
time present in the residuals then indicates changes in NDVImax response not due to
climatic effects. This is illustrated for a single pixel in Fig. 7a. After arranging the
residuals in their temporal order (Fig. 7b) there is a clear negative trend indicating an
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Fig. 6. Correlations between NDVImax and rainfall: (a) March/April NDVImax and the best correlating
rainfall period for the entire drylands (version 1), (b) absolute NDVImax and the best correlating rainfall
period for the entire drylands (version 3), (c) March/April NDVImax and the best correlating rainfall
period for each pixel (version 2), (d) absolute NDVImax and the best correlating rainfall period for each
pixel (version 4).

increasingly worse response of the NDVImax to rainfall. This negative trend, if it
proves to be statistically signiﬁcant, would indicate an area experiencing humaninduced degradation.
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(a)

(b)
Fig. 7. Linear regressions between (a) accumulated precipitation and the maximum NDVI, and (b) the
temporal trend of associated residuals.

This process is repeated for every pixel in the drylands, for each of the four
versions described in Table 1, with the signiﬁcant (p=0.1) temporal trends in
residuals being displayed in Fig. 8. In general, all four versions predict a substantial
portion of the drylands to have a negative biomass trend, i.e. to be degrading due to
human inﬂuence. Also, in general it can be seen that giving preference to the absolute
NDVImax over the Mar/Apr NDVImax, more of the trends will be found signiﬁcant.
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Fig. 8. Signiﬁcant trend in residuals for each version: (a) version 1, (b) version 2, (c) version 3 and (d)
version 4.

This is to be expected as the precipitation period associated with the absolute
NDVImax is deﬁned in terms of when this maximum actually occurs while the periods
associated with March/April NDVImax are deﬁned by calendar date and do not
account for the inter-annual variation in when this maximum may occur. Using the
pixel best precipitation period tends to decrease the number of signiﬁcant trends
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found compared to using the best period on average for the entire drylands. This is
also to be expected as using the pixel best precipitation periods means that the largest
amount of variation in the NDVI is removed by the precipitation association and the
trend which remains in the NDVI time-series is smaller and less likely to be
signiﬁcant.
Fig. 9 shows where the versions agree human-induced changes (degradation or
improvement) are taking place. Most apparent is a large region in the central-south
drylands as well as a region in the north where all the versions identify ongoing
degradation. Elsewhere there is considerable scatter amongst the versions though
relatively few pixels are predicted to be degrading by just one version. Areas where
the versions agree that improvement has taken place are also shown. These are
conﬁned to very small regions particularly along the periphery of the 150 days green
period isoline.
Comparison of degrading areas found from the trends of residuals (Fig. 8) with
those found directly in NDVImax trends (Fig. 4) reveals that much larger regions of
the drylands appear to be encountering human-inﬂuenced degradation once the
variation in NDVI associated with rainfall is removed. This is summarized in Fig. 10
where it can be seen that negative trends of residuals cover signiﬁcantly larger areas
than negative NDVImax trends. Also, Fig. 10 shows that degrading areas implied by
the pure NDVImax trend can be very misleading with many apparently degrading
areas showing no signiﬁcant trend once precipitation is taken into account.
Since there are no widespread observations that monitor changes of the natural
pasture other than satellite data, veriﬁcation of identiﬁed degradation trends poses a

Fig. 9. The number of versions that predict each pixel to be (a) degrading or (b) improving.

ARTICLE IN PRESS
J. Evans, R. Geerken / Journal of Arid Environments 57 (2004) 535–554

549

Fig. 10. Degree of agreement between precipitation corrected NDVImax trends (version 4) and pure
absolute NDVImax trends. (a) Degrading trends; (b) improving trends.

challenge. Historic reports where available are often biased, not quantiﬁable and
difﬁcult to relate to distinct locations. Reports on feed resources in Syria state that
feed requirements between 1974 and 1994 have doubled with only 14% being
covered by range grazing (Nordblom et al., 1996). These reports indicate the
increasing pressure on the range lands but are not spatially detailed enough to verify
local degradation trends.
During ﬁeld surveys clear signs of overgrazing have been veriﬁed in areas that
were identiﬁed as degrading in the analysis. However, our ﬁeld surveys do not give
information about the magnitude of change nor about the time frame over which the
changes took place.
Essentially three characteristic trends can be found in the NDVImax residuals.
Fig. 11 shows data from three pixels displaying typical patterns of NDVI time-series
and NDVImax residual trends. The top panel shows a pixel in which agriculture was
introduced during this time period. The middle panel shows a pixel in which
agriculture was practiced at times and ﬁnally abandoned. The bottom panel shows a
pixel in which degradation was found to occur and no evidence of agriculture was
discovered. Clearly the trends associated with the introduction or abandonment of
agriculture are much larger than those associated with traditional rangeland
activities such as grazing.
For more physical evidence about changes of surface features we looked at multitemporal Landsat images. Due to the typically low dryland NDVI values, data

ARTICLE IN PRESS
550

J. Evans, R. Geerken / Journal of Arid Environments 57 (2004) 535–554

Fig. 11. NDVI time-series (thin line), version 4 NDVImax residuals (dots) and the trend in residuals (thick
line) for a pixel where agriculture was introduced, agriculture was abandoned and no evidence of
agriculture is present.

should be acquired at similar phenological stages and after a similar preceding
rainfall pattern for a valid comparison. This is rarely realized in the Landsat
program due to the long return time, cloud, haze and archival limitations. These
limitations mean that only human interference, which induces a sizable change in
biomass or is accompanied by textural surface changes, such as that caused by
agriculture could be traced in Landsat data. The more subtle changes triggered by
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overgrazing and ﬁrewood collection are not visible in Landsat images unless they
have a strong spatial pattern.
Accordingly, the clearest trends are related either to the abandonment of
cultivated areas (Fig. 12) or to newly established cultivated areas (Fig. 13). Using
multi-temporal TM data, abandonment of ﬁelds can easily be monitored from both,
the change from exceptionally high NDVImax values to lower NDVImax values and
from the pattern of ﬁeld structures and their gradual disappearance (Fig. 12).
Because of the destruction of seed banks and the uprooting of the natural shrub
cover through plowing, former cultivated areas typically display exceptionally low
NDVImax values in the years following their abandonment (Geerken and Hansmann,
2000) (see Fig. 11). This enhances the negative trend.

(b)

(a)

(c)

Fig. 12. Time-series of three Landsat subsets (band 4, near infrared), illustrating (a) intense barley
cultivation in 1986, (b) its abandonment until 1993 with ﬁeld patterns still visible and (c) last signs of
cultivation have ﬁnally disappeared in 1998. Images were acquired on May 25th 1986, June 13th 1993, and
May 1st 1998. For corresponding NDVI cycles see Fig. 11.

(a)

(b)

Fig. 13. Comparison of two near infrared band Landsat subsets (band 4, near infrared) showing the
expansion of rain-fed cultivation into the drylands between years (a) 1985 and (b) 1990. For corresponding
NDVI cycles see Fig. 11.
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In contrast, expansion and intensiﬁcation of agriculture is responsible for all
positive NDVImax trends. Positive trends are mostly found along the dryland
periphery (Fig. 10) where farmers can still beneﬁt from somewhat higher
precipitation amounts. Of the two positive pixels identiﬁed in the center of the
drylands, the northern one could be correlated with a large olive plantation near the
oasis of Palmyra. Fig. 13 shows an example for land-use change from natural pasture
to agriculture in the Northeastern drylands.

7. Conclusions
The above comparison demonstrates the importance of precipitation normalized
NDVI data when trying to analyse biomass trends in drylands with high inter-annual
rainfall variation. Giving preference to the best performing parameters (here:
absolute NDVImax and the distinct rainfall period triggering the NDVImax) for each
pixel over mean values will signiﬁcantly improve results in terms of the statistical
reliability of identiﬁed trends. However, pixels in which agriculture appears or
disappears during the observation period will cause the choice of optimum
precipitation period to be heavily biased by high NDVImax values during years of
cultivation followed by exceptionally low NDVImax values after abandonment.
Accordingly, NDVImax/precipitation relationships found in these pixels deﬁnitely do
not represent a realistic vegetation response to rainfall. Using the drylands overall
best precipitation period will smooth this problem; however, it does not allow for
spatial heterogeneity.
Since it is not clear which method provides the most physically consistent
approach, greater conﬁdence in the presence of degradation (or improvement) is
placed in those pixels that are signiﬁcant in both methods. It would be preferable to
use a reference period with no human interference to establish the ideal NDVImax/
precipitation relationship. Given the time-scales over which human interference has
been present in the area and that for which data is available no such reference period
exists. Therefore, the total loss in green biomass (NDVI) due to degradation is
actually higher than the calculated residuals suggest. This, however, does not have
any impact on the calculated trends.
Degrading trends have to be checked carefully to determine their causes. As
shown, many negative trends are linked to abandoned cultivation, which is actually a
positive land-use development in a landscape that is not suitable for agricultural
activities. Likewise, some positive biomass trends may indicate a harmful
development as shown by the example of expanding cultivation into the drylands.
It should also be noted that degradation can occur through processes such as
palatable shrub species being replaced by non-palatable species with little or no
change in green biomass.
Finally, the technique allows the monitoring of total green biomass trends
triggered by inﬂuences other than climate. By doing so, it gives valuable hints to
potential areas submitted to human-induced changes. Once identiﬁed they can be
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examined in more detail with a focus on their vegetation cover status, the driving
forces triggering biomass reduction and the most suitable rehabilitation measures.
Despite the lack of conﬁrmation through other quantiﬁable information sources,
the green biomass reductions identiﬁed in precipitation corrected AVHRR timeseries ﬁt quite well into the overall picture of areas identiﬁed as overgrazed or
degraded by the Syrian Ministry of Agriculture during extended ﬁeld surveys.
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