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Abstract: Accurate monitoring of land surface dynamics using remote sensing is essential
for the synoptic assessment of environmental change. We assessed a Medium Resolution
Imaging Spectrometer (MERIS) full resolution dataset for vegetation monitoring as an
alternative to the more commonly used Moderate-Resolution Imaging Spectroradiometer
(MODIS) data. Time series of vegetation indices calculated from 300 m resolution MERIS
and 250 m resolution MODIS datasets were analyzed to monitor vegetation productivity
trends in the irrigated lowlands in Northern Uzbekistan for the period 2003-2011.
Mann-Kendall trend analysis was conducted using the time series of Normalized
Differenced Vegetation Index (NDVI), Soil-Adjusted Vegetation Index (SAVI), and
MERIS-based Terrestrial Chlorophyll Index (MTCI) to detect trends and examine the
capabilities of each sensor and index. The methodology consisted of (1) preprocessing of
the original imagery; (2) processing and statistical analysis of the corresponding time series
datasets; and (3) comparison of the resulting trends. Results confirmed the occurrence of
widespread vegetation productivity decline, ranging from 5.5% (MERIS-MTCI) to 21%
(MODIS-NDVI) of the total irrigated cropland in the study area. All indices identified
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the same spatial patterns of decreasing vegetation. Average vegetation index values of
NDVI and SAVI were slightly higher when measured by MERIS than by MODIS. These
differences merit further investigation to allow a fusion of these datasets for consistent
monitoring of cropland productivity decline at scales suitable for guiding operational land
management practices.

Keywords: time series analysis; vegetation productivity; uzbekistan; vegetation indices;
Mann-Kendall; irrigated cropland

1. Introduction

Land surface dynamics is one of the key drivers of global environmental change and earth
observation is the most important tool for its monitoring [1]. Remote sensing based land dynamics
monitoring relies on a wide range of change detection methods [2,3]. One set of such techniques
utilizes image classification to derive multi-temporal land use/land cover (LULC) maps. These maps
are then compared to identify changes in mapped classes [4-6]. Applicability of these methods
depends on availability of training data and accuracies of prior classifications [7]. Classification-based
analyses are limited in that they do not allow evaluation of subtle changes within single classes. These
changes are important in a number of environmental applications, including land degradation
monitoring. Such gradual change can be effectively captured by applying algorithms (e.g., regression
analyses) that measure spectral differences among image acquisition dates [8-10].

Trend analyses of time series satellite data are well-suited for land surface dynamics monitoring [1]
and have been routinely applied using coarse-scale imagery [9,11]. However, imagery acquired by
medium spatial resolution sensors including AQUA/TERRA Moderate-Resolution Imaging
Spectroradiometer (MODIS) and ENVISAT Medium Resolution Imaging Spectrometer (MERIS) have
been of less utility in such analyses due to their relatively shorter data archives. Additionally, coarse
resolution sensors fail to generate image information at the spatial levels required for environmental
management at landscape scale. Thus, medium- to high-resolution imagery is essential for such
analyses [12,13].

Currently, a debate is ongoing regarding the choice of vegetation indices (VIs) to monitor gradual
vegetation changes using satellite time series [1,14]. The Normalized Differenced Vegetation Index
(NDVI) is the most commonly used indicator for vegetation productivity monitoring [15,16].
However, NDVI has some well-documented limitations, including saturation at high levels of
vegetation biomass and chlorophyll concentration [17] and a sensitivity to changing atmospheric
conditions [18]. For example, a study demonstrated that NDVI was not a very robust proxy for
biomass monitoring in semi-arid Senegal [19]. The MERIS Terrestrial Chlorophyll Index (MTCI) [20]
and the Soil-Adjusted Vegetation Index (SAVI) [21] were designed to reduce sensitivity to
atmospheric effects, view angle, and soil background reflectance. Medium resolution VIs time series
trend analyses play an important role in vegetation monitoring but a quantitative comparison of trend
analysis results based on choice of Vs is lacking [1].
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Relatively little attention has been paid to the differences in the trends calculated utilizing data
acquired from different sensors. The results of VIs-based regression analysis due to the choice of the
sensor were compared using coarse resolution satellite time series. A comparison of the linear NDVI
trends calculated from 1-km AVHRR (Advanced Very High Resolution Radiometer), MODIS and
SPOT Vegetation (Satellite Pour 1’Observation de la Terre) time series showed distinct differences
among NDVI trends derived from these sensors [22]. Additional studies have documented similarities
but also disagreements between coarse resolution AVHRR-NDVI and MODIS-NDVI. Weaker
correlations have been shown between these two datasets when applied in sparsely vegetated regions,
such as Central Asia [23,24]. These differences in the results of trend analyses using medium
resolution time series from MODIS and MERIS remain a topic for further research.

The MODIS and MERIS sensors have similar spatial and temporal resolutions, but MERIS has
spectral characteristics that are better suited for interpreting vegetation parameters [25]. Atmospheric
and soil influences are reduced for specific MERIS indices such as MTCI [20]. Several studies using
MERIS-based VIs have been conducted [26-29]. For example, an evaluation of a time series of VIs
derived from MODIS, MERIS, and SPOT imagery acquired during 2003 covering a semiarid natural grass
savanna in Senegal was performed [30]. This study demonstrated that MERIS- and MODIS-derived
indices produced reliable results for vegetation monitoring, but these indices did not document
vegetation trends in the study area. In a related study, an MTCI time series (with 4.6 km spatial
resolution) was also analyzed to detect phenological trends in India during the period of 2003-2007 [31].
These studies confirm MERIS as a useful sensor for assessing vegetation trends. To date, however, no
study has applied a decade-long full resolution (300 m) MERIS time series for analyses and
comparison of vegetation trends. Thus, the opportunity remains to study the 300 m MERIS-based VIs
trends and to compare and contrast results between 300 m MERIS-VIs time series with those derived
from other, similar sensors (including the 250 m MODIS sensor). The results of such analyses are
essential to allow researchers to integrate different datasets for consistent vegetation trend monitoring.
The Ocean and Land Color Instrument (OLCI) aboard the upcoming ESA-Sentinel-3 mission will
continue MERIS measurements. It is therefore important to go on with investigating MERIS
capabilities to help assure data continuity and to encoure the use of OLCI data also for land applications.

The goals of our study included calculation of Vls-based trends from the 300 m MERIS and 250 m
MODIS time series and comparison of the resulting trends based on the different indices and sensors
over the study area. Our study area focused on irrigated croplands in Uzbekistan. Due to irrigation
inputs and suboptimal performance of drainage-collector systems, more than 50% of the irrigated land
in the country is affected by soil salinization and waterlogging. These factors threaten cropland
productivity. In this context, appropriate monitoring of long-term changes in cropland vegetation cover
through remote sensing is an important prerequisite for the sustainable land management [32].

2. Study Area

Our study area is located in the lower Amu Darya River Basin in Northern Uzbekistan and covers
irrigated croplands of the Khorezm region and southern part of the Autonomous Republic of
Karakalpakstan (Figure 1). The total area of Khorezm and Southern Karakalpakstan is 854,500 ha,
with irrigated cropland occupying approximately 410,000 ha [33]. The study area is characterized by



Remote Sens. 2014, 6 5241

an extremely arid, continental climate. The annual average air temperature is 13.4 <C with seasonal
temperatures ranging between 40 <C in summer to freezing in winter. Average precipitation totals
approximately 100 mm per year and occurs mostly outside the April-October crop growing season.
Crop cultivation therefore is entirely dependant on irrigation, with the Amu Darya River as the
principal water source [34].

Figure 1. Location map of the study area in Uzbekistan.
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The major crops are cotton and winter wheat grown on up to 60% and 30% of the cropland,
respectively [35]. The cotton and winter wheat cropping pattern is regulated by the state policy that
defines cultivation areas for cotton and yield targets for both crops [36]. Land degradation in the form
of secondary soil salinization is particularly widespread in these lowland areas, mainly due to
inefficient irrigation and drainage practices which cause a rise in groundwater tables and threaten
crop yields [37,38].
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3. Methods and Material
3.1. Satellite Imagery

Time series of MERIS and MODIS imagery were used in this study. This data set covered the principal
May-September annual crop growing season for the 2003-2011 period. MERIS full resolution data
(300 m) at level 2 (MERIS_FR_2P) with a temporal resolution of 3 days were used for the analysis.
Level 2 MERIS data are specified as top of aerosol reflectance data and have been systematically
corrected for gaseous absorption, Rayleigh atmospheric scattering, water vapor absorption and ozone
correction [39]. MER_FR_2P imagery is not per se corrected for angular effects over land and is
therefore influenced by this within its 68.5°field of view. Directionality is however accounted for
when the correction for a molecular scattering contribution is done for this product to derive
reflectance over land surfaces [39]. MODIS MODO09Q1 Level 3 products have a spatial resolution of
250 m and display corrected ground-level surface spectral reflectance without atmospheric scattering
and absorption. MOD09Q1 images are 8-day composites, containing only optimal available
pixel-based reflectances from an 8-day period [40]. The study area is located close to the nadir line of
MODIS and MERIS with a viewing angle within 10-20< which minimizes angular effects.

3.2. Methods

Drylands degradation is principally manifested in the reduced productive potential of the land [41],
and may be detected via declined vegetation productivity over time. Vegetation growth per unit area
and time is used as the basis for remote sensing-based land productivity assessments [42]. In dryland
environments, the results of summing VIs, such as NDVI and SAVI, over a growing season are
strongly correlated with vegetation productivity [43]. Using trend analysis of VIs time series, negative
changes in VIs can be detected and further related to negative changes in vegetation productivity and
degradation [44]. In irrigated agricultural environments, crop growth is adversely affected by soil
salinization due to inefficient salt leaching and drainage [45], which leads to yield decline. In drought
years, farmers tend to limit crop cultivation to areas with most fertile soil [13], which also cause
decline in cropland vegetation cover. Regardless if induced by soil salinization or reduced cultivation,
a continuous loss of cropland vegetation indicates the degradation of the cropland productive value [13].

Our methodology in this study consisted of several steps: (1) preprocessing of the original MERIS
and MODIS images; (2) statistical analysis of the corresponding time series datasets; and (3) comparison
of the resulting trends.

Image preprocessing included masking of clouds and invalid reflectances flagged by ESA (MERIS)
and NASA (MODIS) preprocessing. Three different VIs were used in this study. MTCI is claimed to
be a useful indicator for enhanced vegetation monitoring. This VI (Equation (1) [20]) uses data in three
red/NIR spectral bands, including a red edge band (Table 1). MTCI was evaluated using model
outputs, in situ field observations and MERIS data. This evaluation suggested MTCI sensitivity to
high levels of chlorophyll content along with limited sensitivities to spatial resolution or atmospheric
effects [46]. MTCI includes Band 9, located in the red-edge region related to chlorophyll content and
vegetation productivity [47]. NDVI is a well understood and commonly used vegetation index
associated with vegetation productivity (Equation (2) [48]; Table 1). Probably best described as
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relative measure of vegetation vigor and photosynthetic activity, NDVI has been correlated with such
physical measurements as total standing biomass, green leaf-area index (LAI) and percent of
vegetation cover [49]. It is most often used among other applications as a tool for monitoring temporal
changes in vegetation. However, NDVI is affected by soil spectral properties, specifically in
environments of sparse vegetation. This may lead to underestimation of vegetation on bright soils or to
overestimation of vegetation on dark soils [50]. To compensate for these drawbacks, several alternative
VIs have been developed. For this study we utilized SAVI, an index that is based on the soil-line
concept to reduce sensitivity to the soil background influences [21]. Technically, SAVI is a
refinement of NDVI that incorporates an additive term L to correct for the soil background influence
(Equation (3) [21]; Table 1).

Pnir — Pred edge

MTCI =
Pred edge — Pred (1)
Pnir — Pred
NDV] = ——
Pnir + Pred (2)
SAVI = Pnir — Pred (1 + L) (3)

Pnir + Pred + L
where p = reflectance; nir = near infrared; L = soil adjustment factor (in this case L = 0.5).
Table 1. Bands of Medium Resolution Imaging Spectrometer (MERIS) and

Moderate-Resolution Imaging Spectroradiometer (MODIS) used for the calculation of
vegetation indices.

Spectrum MERIS-MTCI MERIS-NDVI/SAVI MODIS-NDVI/SAVI
red band 8 (677.5-685 nm) band 7 (660670 nm)  band 1 (620-670 nm)
nir band 10 (750-757.5nm)  band 13 (855-875 nm) band 2 (841-876 nm)

red edge band 9 (703.75-713.75 nm) - -

All images were co-registered to allow a correct pixel-by-pixel analysis [51]. Subsequently, all
single MERIS-based VI images were temporally composited. A Maximum Value Composite (MVC)
was used to reduce cloud influence, atmospheric effects, and surface directional reflectances [52].

The different time series were further preprocessed by denoising and deseasoning. Temporal
denoising removes unexplained remaining noise from the image series by smoothing the curve over
time [53]. Such noise includes spectral outliers caused by clouds and soil or sensor miscalibration.
A mean filter was then applied using a symmetric moving window over the entire image series.
The filter length variable was set to 3, utilizing three subsequent images to derive a smoothed mean
value for each pixel. Deseasoning is an important process to account for spectral variances present
within the image set due to vegetation seasonality. A common method to remove seasonality from the
time series calculates sums of each VI per pixel for each growing season. In this way, trends that occur
throughout the monitoring period can be detected [54].

Mann-Kendall trend analysis was conducted on the processed time series [55,56]. This method is
a non-parametric trend test which estimates the presence of a monotonic single direction trend in
the time series and is often used in vegetation studies [57,58]. The Kendall’s correlation coefficient
Tau ranges from —1 to +1; Tau values of —1 and +1 indicate consistent negative and positive trends
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while a 0 value indicates no trend. The statistical significance of the trends was assessed by calculating
the probability of a random trend for every pixel. Furthermore, the robustness of the trends was tested
by adding an artificial outlier to the time series [58].

To compare the results from MERIS and MODIS vegetation trends, MERIS images were resampled
to MODIS 250-m resolution using a Nearest Neighbor method. Temporal profiles and trend maps of
all time series were first compared visually. For quantitative comparisons of different indices of the
same sensor, a pixel-wise linear regression was conducted employing a deseasoned time series, as well
as the Mann-Kendall Tau data [24,59]. Because the separate MERIS and MODIS datasets were used to
measure the same parameter (VIs), it was necessary to evaluate the relative agreement between
the identical VIs derived from the two different sensors. Bland-Altman-plots [60] were employed for
this task. Correspondence between the two “methods” of deriving the same parameter was assessed by
comparing the differences of these two datasets with their mean values. The image processing
conducted in this study likely minimized the impact of the angular effects, because vegetation trends
and not only the whole vegetation time series were compared between MERIS and MODIS. Calculated
VI trends reflect relative changes in reflectances rather than their absolute values and, thus, allow
a comparison between the two sensors [61].

Finally, in order to account for scale effects resulting from the different spatial resolution of MERIS
and MODIS imagery, trend analysis was also conducted utilizing a second derived dataset. This dataset
was compiled by rescaling the images to 1500 m resolution through integration of 5 x5 MERIS pixels
and 6 <6 MODIS pixels. Trend analysis and comparison was then conducted on these datasets.

4. Results and Discussion
4.1. Vegetation Productivity Decline in the Study Area

MERIS- and MODIS-based trend maps produced in this study document distinct negative
vegetation trends in the study area (Figure 2a—e; Table 2). These trends indicate a decline in cropland
productivity that has also been described in earlier regional studies [13,33]. Negative vegetation trends
dominated in the southwest of the Khorezm region that borders on the Karakum Desert and in the
northwest and northeast parts of the study area adjacent to the Kyzylkum Desert. Several smaller areas
of negative vegetation trend were also identified throughout the study area.

Areal statistics and single trend maps show that the spatial distribution of statistically significant
negative trends varied depending on the sensor and choice of VI. Each of the five trend maps detected
clusters of significant negative trends in the southwest and northern sections of the study region. These
areas are predominantly of low soil quality and are also characterized by low population density [33].
Areas of significant negative trends ranged in size from 22,472 ha (MERIS-MTCI) to 85,510 ha
(MODIS-NDVI); or between 5.5% and 20.1% of the irrigated cropland in the study area (Table 2).
Results of the 1500 m resolution time series showed similar spatial distribution patterns of the trends,
although the total area affected by negative trends based on NDVI is larger for both sensors due to
1500 m pixel size (Table 2). This underlines the applied value of using medium spatial resolution
satellite imagery for land management applications.
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Figure 2. Vegetation trend maps calculated from full resolution 20032011 time-series
of (a) MERIS-NDVI; (b) MERIS-SAVI; (c) MERIS-MTCI; (d) MODIS-NDVI; and
(e) MODIS-SAVI. Only significant negative trends (p < 0.1) are shown.
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Table 2. Areal statistics of significant negative vegetation trends (p < 0.1) based on full
resolution MERIS and MODIS vegetation indices. For comparison, data based on 1500 m
resolution imagery are presented in brackets.

. MERIS MODIS
Vegetation
% of % of % of % of
Index ha . ha .
Study Area Irrigated Land Study Area Irrigated Land
NDVI 57,724.02 6.8 14.1 85,509.82 10.0 20.1
(66,774.50) (7.8) (16.3) (126,079.78) (14.8) (30.8)
SAV 43,826.66 5.1 10.7 60,537.16 7.1 14.8
(43,836.65) (5.1) (10.7) (72,469.40) (8.5) (17.7)
22,472.32 2.6 55
MTCl (20,352.45) (2.4) (5.0) ) )
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Similar regional vegetation trends were observed by Dubovyk et al. (2013) [33]. In this analysis,
cropland productivity decline in the same study area was documented for the period of 2000-2010
by linear trend analysis using 16-day 250 m MODIS-NDVI data. Significant negative vegetation
trends were identified in 23% (94,835 ha) of the irrigated area in the study region. This result is
directly comparable to the 20% value (85,510 ha) calculated in our current study derived using 250 m
MODIS-NDVI time series.

4.2. Comparison of Time Series and Trends
4.2.1. Vegetation Index Time Series

For MERIS- and MODIS-based trend analyses, NDVI time series identified an area of significant
negative trends up to 1.5 times larger than SAVI time series. SAVI has been found to be more
appropriate for the detection of bare soil patches that are more likely to succumb to erosion and degradation
due to the loss of protective vegetation cover [21]. Pixel-wise linear regression of MERIS- and
MODIS-NDVI and -SAVI time series were however highly correlated (Table 3).

Table 3. R? values calculated by linear regression between indices (averaged over
the entire study area). For comparison, R? based on 1500 m resolution imagery is presented
in brackets.

Linear Regression R? of Time Series R? of Trends
MERIS  NDVIvs. SAVI  0.90(0.92)  0.84 (0.84)
MERIS MTCIvs. NDVI  022(0.18)  0.11(0.07)
MERIS  MTClvs.SAVI  025(0.21)  0.17 (0.12)
MODIS NDVIvs.SAVI  0.88(0.86)  0.83(0.76)

The spatial pattern of high correlation pixels reflected locations with strongest negative vegetation
trend in the study area (Figure 3a,b). In addition, correlations between NDVI and SAVI Mann-Kendall
Tau coefficients were high for both sensors (Table 3). The Tau values of NDVI (x-axis) and SAVI
(y-axis) were distributed almost linearly, with narrower relations observed at very low and very high
trend values (Figure 4a,b). The correlation between NDVI and SAVI was high because both indices
are derived by the same combination of spectral reflectance bands. MERIS-MTCI time series data as
well as trend values exhibited low correlations with MERIS-NDVI1 and SAVI (Figure 3c, Figure 4c, and
Table 3). Comparison of trends based on 1500 m time series showed quite similar results (Table 3).

Differences between MTCI and NDVI were also found. MTCI images showed higher spatial
variations of vegetation status than NDVI, specifically in regions with a high vegetation chlorophyll
content [20]. The low correlation between NDVI and MTCI may be rooted in the relationship of MTCI
to vegetation chlorophyll content. While NDVI and SAVI are related to biomass and vegetation cover
that saturate at high levels [31], MTCI has a limited ability to identify vegetation status in areas of
sparse vegetation cover. These areas dominate the degraded cropland in the study region. Lower Tau
values may also be related to influences of canopy structure on MTCI retrieval. MTCI values are often
overestimated within barren land enviromnents [62]. MTCI trend analysis was able to identify fewer
negative vegetation trend pixels located within areas of sparse vegetation cover. Our results support the



Remote Sens. 2014, 6 5247

fundamental conclusion that NDVI overestimates negative vegetation trends while MTCI
underestimates these trends.

Figure 3. Pixel-wise R® between full resolution time series of (a) MERIS-NDVI
and -SAVI; (b) MERIS-NDVI and -MTCI; (c) MODIS-NDVI and -SAVI; (d) MERIS- and
MODIS-NDVI; and (e) MERIS- and MODIS-SAVI.
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the seasonal vegetation cycle, with maximum values for both time series occuring during mid- and
late August (Figure 5a). The seasonal profile based on MERIS-MTCI (Figure 5b) showed two
distinctive maxima in each year as well as large fluctuations of MTCI values from one time step to
another. The first peak may refer to the maturation of winter wheat, harvested in June, while the
second may refer to cotton, harvested in September-October. NDVI and SAVI only marginally reflect
these two different crop phases because they detect vegetation cover which may not be affected
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productivity [18]. All of the time series showed lower greenness in 2008 and 2011 than in the other

MTCI may be more suitable for the assessment of the crop phenology rather than vegetation
years, most probably due to the droughts that occurred in these two years [63].

strongly by the harvest of winter wheat as cotton is already in its budding phase in June. Therefore,
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(b)

Figure 4. Scatterplots of Mann-Kendall Tau trends based on (a) MERIS-NDVI and -SAVI;

(b) MODIS-NDVI and -SAVI; and (c) MERIS-NDVI and -MTCI time series.
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4.2.2. MERIS and MODIS Time Series and Trends

Generally, both MERIS- and MODIS-NDVI and -SAVI trends revealed the same clusters of
vegetation productivity decline. However, the results showed that average vegetation values were
higher when measured by MERIS than by MODIS, especially at the maxima and minima of each
growing season. Specifically, MODIS-NDVI and -SAVI trend analyses showed nearly 1.5 times larger
areas of negative trends than MERIS (Table 2). Pixel-wise linear regression revealed high correlation
zones between MODIS and MERIS based NDVI time series clustered at the borders to the deserts in
the north and the south, as well as in an east/west oriented zone located west of the city of Urgench in
the Khorezm region. Negative vegetation trends were also observed in these regions, indicating spatial
differentiation of the correlation between MODIS and MERIS time series (Figure 3d,e). However,
agreement between MERIS and MODIS was higher where Mann-Kendall Tau trends were strong
(as values approached —1 and 1) and lower where these trends were less pronounced (between values
of —0.6 and 0.6; see Figure 6a,b). We attribute this to strong temporal vegetation status variations
between MERIS and MODIS, or to external factors which may influence reflectances, such as changes
in cropping patterns.

Figure 6. Bland-Altman plots of (a) MODIS- and MERIS-NDVI and (b) MODIS- and
MERIS-SAVI presenting the difference (y-axis) against average vegetation values (x-axis).
The grey area marks the region where values agree significantly, while the vertical dashed
lines visualize the separation of the very low and very high mean values with low differences.
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In addition to environmental factors, internal MERIS and MODIS sensor and preprocessing
differences may lead to discrepancies in results [30]. MERIS and MODIS imagery have spatial
resolutions of 300 m and 250 m, respectively. Thus, a more diverse mix of land cover may be present
in MERIS image pixels than in MODIS imagery, resulting in differing spectral reflectance values for
individual pixels. The differing spatial resolution of the image sets also complicated the pixel-wise
comparison of trend images. However, the analysis of a second dataset of 1500 m resolution showed
that this effect was relatively small in our case. Absolute geolocation accuracy of the data sets also
must be considered; while MERIS images were reprojected and co-registered, inaccuracies cannot be
excluded [25,51]. Differing sensor spectral resolution characteristics may also be a factor in the
observed discrepancies. MODIS spectral bands are generally wider than MERIS bands and the center
location of each band is also shifted [64,65]. Viewing effects, gridding artifacts and differences in
atmospheric correction procedures may all be factors in the divergence of observed results [51].
Especially viewing effects, i.e., directional reflectances caused by different sun zenith angle, sun
azimuth angle and view zenith angle, may influence the VI values of MERIS and MODIS [66].
Although preprocessing steps, such as maximum value compositing and comparison of trends, are
likely to reduce angular effects [52], a comparison of these effects between MODIS and MERIS is an
important topic for a consequent study and could be addressed via radiative-transfer modeling or by
using simple model based on BRDF parameters [61]. To enhance usability of both medium resolution
datasets from MODIS and MERIS, either BRDF-correction should be inherently included in these
products or operational automated tools for BRDF correction, which are currently not available, should
be developed by the image providers.

The trend analysis/time series methodology itself also has some limitations for the detection
of vegetation productivity decline [58]. Different methods applied on the same data may lead to
contradictory results [57]. The temporal aspect of a particular productivity decline is also sinificant.
The decline occuring at the beginning or end of the time series was often not detected by trend
analysis, while the decline beginning in the middle of the time series typically was detected [58].
Furthermore, the rate of decline affects its detectability. A generally strong vegetation trend within an
observation period may not be detected by Mann-Kendall trend analysis when yearly fluctuations are
moderate [67].

All of the above issues mandated caution when vegetation productivity trends were interpreted for
this study. They should likewise do so in general applications of MERIS time series for detecting
negative vegetation trends in cropping systems. With these considerations in mind, it is still important
to consider that trend analysis of satellite time series data is currently the only available means to
independently monitor gradual vegetation changes through time. The obtained results also widen
the scope for application of the trend analysis of time series of satellite images to monitor gradual
processes in relatively little studied irrigated agricultural landscapes [5], where land degradation could
be masked out due to the land management.

5. Conclusions

This study for the first time compared long-term (2003-2011) medium resolution vegetation index
time series from the Medium Resolution Imaging Spectrometer (MERIS) and Moderate-resolution
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Imaging Spectroradiometer (MODIS). This was done in the specific context of evaluation utility of the
medium resolution image time series for detecting vegetation productivity decline in irrigated
croplands. The study focused on the lower Amu Darya Basin in Uzbekistan in Central Asia.
Vegetation Indices (VIs) derived from both MERIS and MODIS were useful in detecting negative
vegetation trends, subject to some limitations. The estimated area of croplands with declined
vegetation cover was generally larger based on MODIS than MERIS data and ranged in size from
22,472 ha (MERIS-MTCI) to 85,510 ha (MODIS-NDVI). NDVI (Normalized Differenced Vegetation
Index) detected larger areas than SAVI (Soil-Adjusted Vegetation Index), while MTCI (MERIS
Terrestrial Chlorophyll Index) identified the smallest areas affected by negative trends. For both
MERIS- and MODIS-based trend analyses, SAVI time series identified an area of significant negative
trends up to 1.5 times smaller than NDV1 time series. SAVI has been found to be more appropriate for
the detection of bare degraded soil patches in the study region.

Varying results of MERIS and MODIS are principally due to the different spectral and spatial
characteristics of the sensors’ data. Although MERIS has some spectral advantages, there is a need for
more open access to these data and for higher processing levels for full resolution products including
correction for angular effects. Development of user-friendly tools for preprocessing of this type of
imagery will facilitate its usage. Aside from differences between sensors and indices, methodological
challenges and limitations influence the results of trend analysis. Collecting field data to validate the
results is recommendable to further assess the reliability of the remote sensing based maps independent
of the sensor and VIs used. Nevertheless, the results of this study filled a knowledge gap on the
differences in the results of trend analysis due to the choice of the medium resolution time series and
indices for vegetation productivity decline monitoring.

Further analyses of the differences between MERIS and MODIS will be necessary to allow an
effective fusion of the different datasets for the monitoring of vegetation dynamics over multi decade
time periods. Great potential for further research exists to assess and evaluate data continuity issues, in
particular those related to the scheduled launch of the Ocean and Land Color Instrument (OLCI)
onboard the Sentinel-3 satellite.
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