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Abstract: Detailed information from global remote sensing has greatly advanced our 
understanding of Earth as a system in general and of agricultural processes in particular. 
Vegetation monitoring with global remote sensing systems over long time periods is 
critical to gain a better understanding of processes related to agricultural change over long 
time periods. This specifically relates to sub-humid to semi-arid ecosystems, where 
agricultural change in grazing lands can only be detected based on long time series. By 
integrating data from different sensors it is theoretically possible to construct NDVI time 
series back to the early 1980s. However, such integration is hampered by uncertainties in 
the comparability between different sensor products. To be able to rely on vegetation 
trends derived from integrated time series it is therefore crucial to investigate whether 
vegetation trends derived from NDVI and phenological parameters are consistent across 
products. In this paper we analyzed several indicators of vegetation change for a range of 
agricultural systems in Inner Mongolia, China, and compared the results across different 
satellite archives. Specifically, we compared two of the prime NDVI archives—AVHRR 
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Global Inventory Modeling and Mapping Studies (GIMMS) and SPOT Vegetation (VGT) 
NDVI. Because a true accuracy assessment of long time series is not possible, we further 
compared SPOT VGT NDVI with NDVI from MODIS Terra as a benchmark. We found 
high similarities in interannual trends, and also in trends of the seasonal amplitude and 
integral between SPOT VGT and MODIS Terra (r > 0.9). However, we observed 
considerable disagreements in NDVI-derived trends between AVHRR GIMMS and SPOT 
VGT. We detected similar discrepancies for trends based on phenological parameters, such 
as amplitude and integral of NDVI curves corresponding to seasonal vegetation cycles. 
Inconsistencies were partially related to land cover and vegetation density. Different  
pre-processing schemes and the coarser spatial resolution of AVHRR GIMMS introduced 
further uncertainties. Our results corroborate findings from other studies that vegetation 
trends derived from AVHRR GIMMS data not always reflect true vegetation changes. A 
more thorough understanding of the factors introducing uncertainties in AVHRR GIMMS 
time series is needed, and we caution against using AVHRR GIMMS data in regional 
studies without applying regional sensitivity analyses. 

Keywords: NDVI; trend analysis; AVHRR GIMMS; SPOT VGT; MODIS Terra; Inner 
Mongolia; agriculture 

 

1. Introduction 

Remote sensing data have provided unique insights for global environmental change research 
during the past decades [1–3]. Global data archives such as those based on imagery acquired by the 
Moderate-Resolution Imaging Spectroradiometer (MODIS), Système Probatoire d’Observation de la 
Terre VEGETATION (SPOT VGT) or the National Oceanic and Atmospheric Administration (NOAA) 
Advanced Very High Resolution Radiometer (AVHRR) are key to understanding ecosystem changes 
from regional to global scales [4–8]. Without detailed information from global remote sensing systems, 
global environmental change research would be hampered from understanding Earth as a system [9–11]. 

Monitoring agricultural change trajectories over long time periods is critical to gain a better 
understanding of the Earth System’s carrying capacities [12–14]. Gradual or long-term change 
processes, such as ecosystem degradation due to agricultural over-use, can only be detected and 
characterized with confidence from time series. However, extracting trends from time series can be 
challenging due to short-term (e.g., phenological) variations in the data or overall low  
signal-to-noise-ratios [15–18]. It is hence necessary to establish long enough time series to reliably 
capture vegetation trends in agricultural ecosystems [19–21]. In this paper, we strive to better 
understand how time series from global satellite archives compare across one of China’s prime 
agricultural areas and how trends derived from time series relate to agricultural change. 

Among the various remote sensing-based vegetation measures utilized in agricultural monitoring, 
the Normalized Difference Vegetation Index (NDVI) is the most widely used proxy for vegetation 
cover and production [22–26]. There is a strong relationship between NDVI and agricultural 
yield [27,28]. Vegetation properties, such as length of growing season, onset date of greenness, and 
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date of maximum photosynthetic activity are often derived from NDVI time series for monitoring 
changes in agricultural systems [29–32]. These phenological indicators emphasize different 
characteristics of terrestrial ecosystems to gain a better understanding of structure and function of land 
cover and associated changes [7,33,34]. Phenology, i.e., the timing of recurring life cycle events, may 
for example shift in response to natural or anthropogenic disturbances in agricultural 
ecosystems [35,36]. Environmental scientists have an increasing interest in spatially explicit 
phenological data to better understand agricultural change processes associated with land use and 
climate change. In this context, remote sensing-based time series of NDVI are increasingly used to 
obtain phenological data at regional to global scales [37–40]. 

Daily NDVI series of global coverage derived from AVHRR data have been extensively used for 
land change research, including agricultural ecosystems [2,29,41–44]. Because AVHRR was originally 
designed for deriving information about the Earth’s atmosphere, its radiometric and spatial resolution 
is not optimized for vegetation monitoring [45,46]. Nevertheless, the AVHRR systems are the only 
available instruments that have provided repeated, long-term observations of global vegetation 
properties in an operational mode since June 1979, the launch of NOAA-6. 

Since the late 1990s, satellite missions have tremendously improved monitoring capabilities and 
data quality, specifically with regard to data calibration and standardized pre-processing schemes. 
Among others, bandwidths and spectral response in the red and near-infrared bands needed for NDVI 
calculation have been improved compared to AVHRR [47,48]. While newer remote sensing 
instruments such as SPOT-VEGETATION and MODIS supply higher quality data, their relatively 
short service record compared to AVHRR has been a limiting factor for analyzing long-term surface 
conditions. Therefore, AVHRR remains an invaluable and irreplaceable archive of historical land 
surface information when targeting long-term change processes in ecosystem analysis, such as 
agricultural expansion and intensification [49–51]. 

Despite the need for integrating NDVI time series from different sensors, it is not well understood 
how phenological parameters and change trends derived from NDVI time series compare across 
sensors in different regions. Little information exists on which factors might lead to systematic biases, 
specifically in areas with low and strongly varying NDVI [52]. With the advent of new generations of 
sensors, [8], for example, pointed out that differences between AVHRR and MODIS time series in the 
spectral, radiometric, and spatial domain need to be better understood to meet the needs of long-term 
agricultural change research. In general, it is crucial to better understand differences in time series 
products from different NDVI archives acquired from, among others, NOAA AVHRR, SPOT VGT 
and MODIS [53–55].  

There have been several studies showing a generally acceptable agreement between NDVI time series 
from AVHRR sensors and MODIS, MERIS (MEdium Resolution Imaging Spectrometer), or SPOT 
VGT. [56] examined NDVI time series between 2002 and 2003 derived from AVHRR (NOAA-16 and 
NOAA-17) and MODIS (MOD13A2; Collection 4), and found good linear relationships for 89% of the 
NDVI values for the conterminous United States. Swinnen et al. [57] found a good linear agreement 
between the SPOT-VGT 10-day synthesis product (S10) and the AVHRR Local Area Coverage (LAC) 
Level 1b datasets after conducting sensor calibrations to improve consistency for Southern Africa.  

However, these studies were based on correlation analyses, which mainly proof the coherence of the 
seasonal, sinusoidal-like NDVI patterns. As phenological changes are often much greater than long-term 
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vegetation trends, these analyses are not sensitive enough to allow inferences on long-term vegetation 
trends. Less research has focused on directly comparing trends derived from different NDVI datasets. 
For regional and global agriculture monitoring, however, it is crucial to know whether trends derived 
from different NDVI archives are comparable or not. Using four NDVI time series derived from 
AVHRR spanning 1982 to 1999, Alcaraz-Segura et al. [52] evaluated the differences in spatial patterns 
of trends in Pathfinder (PAL), Fourier-Adjustment, Solar zenith angle corrected, Interpolated 
Reconstructed (FASIR), GIMMS, and Land Long Term Data Record (LTDR) datasets. They found that 
GIMMS-derived trends differed the most and concluded that it is necessary to compare trends from 
different AVHRR-based NDVI products with those derived from other sensors. One study focusing on 
the comparability of NDVI-based trend derivatives from AVHRR, MODIS and SPOT VGT data was 
performed by [5] for the Sahel region. They concluded that GIMMS, MODIS 16-day NDVI and SPOT 
VGT 10-day composites produced largely similar trends, with variations increasing towards more 
humid climate regimes, i.e., higher biomass. Song et al. [58] examined correlation and compared trend 
maps from AVHRR GIMMS and SPOT VGT visually across China from 1999 to 2006, they 
concluded that these two products correlated well and trends are largely coherent, apart from desert 
areas. A global comparison between the newly-processed GIMMS3g archive and MODIS data showed 
that global class-wise trends across biomes exhibit similar tendencies, but spatial patterns at the local 
to regional scale do often correlate less well [59]. 

Findings on the comparability of vegetation trends derived from different satellite data archives are 
inconclusive and not available across the full range of biomes. While the AVHRR GIMMS dataset has 
been cross-calibrated with data from other sensors [51], a deeper knowledge on the compatibility of 
vegetation trends derived from these cross-calibrated data is needed across a range of different 
agricultural systems. 

We chose Inner Mongolia as a test region, which allowed us to compare NDVI-based trends from 
different sensors across a climatic gradient from sub-humid to arid environments. While agricultural 
intensification in Inner Mongolia started in the late 1970s, policies to protect the environment were 
mostly implemented since the late 1990s, i.e., related effects will only be detectable in recent data. 
Such long time periods of agricultural change require a coupling of different NDVI archives in a 
consistent framework to capture the full range of change processes. The aim of this paper is a 
comprehensive comparison of vegetation trends in various agricultural systems derived from AVHRR 
GIMMS and SPOT VGT NDVI archives, using MODIS as a benchmark for SPOT VGT. We strive to 
better understand how consistent indicators of vegetation change are between these archives. We 
therefore ultimately pose the question which restrictions apply when analyzing long-term trends from 
joint NDVI archives for agricultural areas. 

2. Materials 

2.1. Study Area 

Our study area is located in central and western Inner Mongolia (Figure 1). The region is 
characterized by an arid to sub-humid climate with a strong zonal distribution of rainfall and 
vegetation from East to West [31,60]. Along with the zonal precipitation patterns, land uses follow a 
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distinct gradient. The northeastern part of the study area is dominated by deciduous forest and in the 
lowlands by agriculture. Between the forested East and the desert in the West, land cover is dominated 
by various grassland ecosystems. 

We selected the Hinggan region in densely-vegetated northeast Inner Mongolia and the sparsely 
vegetated Ordos region as two prototypic landscapes for testing our analysis scheme and for an  
in-depth evaluation of results. Hinggan is known as an ecological transition zone, with landscapes 
ranging from cultivated cropland in the eastern plain to forests in the mountainous West. Ordos is 
dominated by dry grasslands, desert and irrigated cropland along the Yellow River [61,62]. 

Figure 1. Mean annual rainfall (1999–2006) in Inner Mongolia interpolated from China 
Meteorological Administration (CMA) data (A). Elevation data from Shuttle Radar 
Topography Mission (SRTM) digital elevation model (B). Reclassified land cover map of 
Inner Mongolia as provided by the Chinese Academy of Science (CAS) [72] for the year 
2000. Black frames showing focus regions. Inset showing Inner Mongolia in Asia (C). 
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Figure 1. Cont. 

 

Considering agricultural change during the last decades, Inner Mongolia has undergone several land 
use transitions. Those changes are on the one hand triggered by a tremendously increasing demand for 
agricultural products in China [63,64], and on the other hand by the need to stop ongoing land 
degradation [49,65]. In Inner Mongolia, four different change processes can be distinguished on 
agricultural land: First, the semi-arid to sub-humid grasslands of the steppe regions have been and still 
are intensively grazed. Extended areas heavily degraded over time, which enforced restrictive 
grassland exclosure policies [50,66,67]. Second, in the more humid regions of Inner Mongolia 
intensive cropping systems developed. These also prevail along the river valleys of the semi-arid areas 
of Inner Mongolia, where irrigation systems allow for higher yields and more water-demanding crop 
species. This trend is still ongoing [68,69]. Third, agricultural land on slopes has been affected by 
China’s Sloping Land Conversion Program, also referred to as the national “Grain for Green” 
Program [70,71]. In mountainous terrain we consequently expect a greening up of previously cropped 
areas. Fourth, natural forest protection and afforestation in croplands as wind shelter is extensively 
practiced in Inner Mongolia to combat land degradation and prevent sand storms, known as the “Green 
Great Wall” and “The Combating Desertification Program in Wind-Sand Source Areas Affecting Beijing 
and Tianjin” initiatives [68,69]. Almost all the croplands in the study region are covered by these 
programs, while the exact time of implementation depends on local policies and may accordingly vary.  

2.2. Data  

2.2.1. AVHRR NDVI Composites 

The AVHRR NDVI archive employed in this study was obtained from the NASA GIMMS 
group [73] and covered the years 1999 to 2006. We selected AVHRR GIMMS because it is the only 
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updated archive and also the most widely used global AVHRR dataset [51]. GIMMS data are 15-day 
maximum value composites (MVC) at 8-km spatial resolution produced from Global Area Coverage 
(GAC) 1B data [51]. Data from six AVHRR instruments on different satellite platforms were used to 
produce this dataset. To ensure the continuity of NDVI time series derived from different instruments, 
GIMMS data have undergone rigorous data post-processing, including corrections of residual 
differences between sensors, viewing geometry caused by orbit drift, volcanic aerosols effects, and low 
signal-to-noise ratios due to sub-pixel cloud contamination [51]. Furthermore, Empirical Mode 
Decomposition (EMD) has been employed to identify and remove components of the NDVI signal that 
are largely related to the satellite drift on the Solar Zenith Angle (SZA) [74,75]. Finally, temporally 
overlapping SPOT Vegetation NDVI time series were used to intercalibrate the NOAA-14 and  
NOAA-16 NDVI time series [75]. To this end, non-linear regression was performed to establish 
coefficients that transform historical data into the same value range as that of MODIS and SPOT [51,76].  

2.2.2. SPOT-VGT NDVI Composites 

The SPOT-VGT S10 products obtained from the Vlaamse Instelling voor Technologisch Onderzock 
(VITO) Image Processing center (http://free.vgt.vito.be/) are derived from SPOT-VGT P  
(P = physical) products. Launched on 24 March 1998, the VGT 1 on board SPOT-4 began capturing 
data until February 2003, when VGT 2 on board SPOT-5 became the nominal instrument. The 
VEGETATION instrument has several advantages compared to AVHRR, including better navigation, 
improved radiometric sensitivity, reduced geometric distortions, and 4 spectral bands instead of 2 in 
the visible to near infrared (VISNIR) spectral domain [77]. The SPOT-VGT S10 products are 
compiled by merging segments (data strips) acquired in a 10-day MVC at 1-km spatial resolution 
based on VGT-P products, which have been atmospherically corrected for molecular and aerosol 
scattering, water vapor, ozone and other gas absorptions [78]. A slight increase in NDVI after 2003 has 
been reported due to differences in radiometric calibration methods and band widths between VGT 1 
and VGT 2. The observed 3.5% increase in NDVI (for values > 0.3 only) is related to a bias in the 
near-infrared and red band of 6.3% and 2.1%, respectively [5,78,79]. 

2.2.3. MODIS Terra NDVI Composites 

We obtained MODIS-based NDVI data between 2001 and 2010 from the MODIS-Terra Vegetation 
Index (VI) products (MOD13Q1, Collection 5). We acquired the data from the United States 
Geological Survey (USGS) Land Processes (LP) Distributed Active Archive Center (DAAC) at the 
Earth Resources Observation and Science (EROS) Data Center. The MODIS VI archive is available at 
a nominal 250-m spatial resolution and composited with a time interval of 16-days. Unlike AVHRR 
GIMMS and SPOT-VGT products, which use the simpler MVC method for compositing, MODIS VI 
products use a more sophisticated compositing algorithm that consists of two components: (1) a 
bidirectional reflectance distribution function composite (BRDF-C), and (2) a constrained view  
angle-maximum value composite (CV-MVC). These algorithms were designed to constrain the strong 
angular variations encountered in the MVC method and to reduce spatial and temporal discontinuities 
in the composited product [47]. The MODIS VI archives have shown a better ability to provide useful 
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radiometric and biophysical information for land surface characterization than previously available 
NOAA-AVHRR datasets [47,80]. 

2.2.4. Other Data 

The Chinese Academy of Sciences’ Land-Use/Land-Cover Change (LUCC) database [72] was used 
as the main source of high resolution land use and land cover information. This vector dataset was 
derived from 505 Landsat TM scenes acquired in 2000 that were classified with an overall accuracy of 
81% for all of China. Compared to other coarser land cover products such as the IGBP DISCover or 
GLC2000, the CAS LUCC database has a finer spatial resolution and is more accurate [81]. The 
original 25 land cover types of the CAS LUCC database were merged into 8 relevant classes for our 
study region (Table 1, Figure 1(C)).  

Table 1. Reclassified Chinese Academy of Sciences (CAS) land cover scheme. 

Land Cover Types Description 
Sparse grassland (SG) Herbaceous land with 5-20% canopy cover 

Medium dense grassland (MG ) Herbaceous land with 20-60% canopy cover  

Dense grassland (DG) Herbaceous land with over 60% canopy cover 
Croplands (CL) Agricultural land with crops 
Forestland (FL) Coniferous, broadleaf and mixed tree cover 

Waterbodies (WB) Ocean, lakes, reservoirs, and rivers 
Constructed area (CA) Artificial surfaces 

Non-vegetated land (NL) All other land cover with less than 5% vegetation cover 

3. Methods 

We used the relatively short time series of MODIS-Terra NDVI between 2001 and 2010 to better 
understand how well this time series correlates with the SPOT VGT derived NDVI over time. The idea 
behind this benchmarking was to test how well spatio-temporal patterns can be reproduced between 
state-of-the-art NDVI archives. If patterns are similar, we can conclude that those are not arbitrary and 
we can rely on the underlying time series. In a second step we evaluated how AVHRR-GIMMS differs 
against this benchmark. Comparing AVHRR GIMMS to SPOT VGT data allowed us to take 
advantage of the maximum temporal overlap between both archives from 1999 to 2006. We first 
smoothed all the NDVI products by time series fitting and then extracted phenological parameters, 
NDVI amplitude and integral, from each NDVI time series. We then performed a correlation analysis 
to investigate the relationship between different NDVI archives. Lastly, we compared NDVI trends 
based on NDVI values and also based on phenological parameters using non-parametric statistics. 

3.1. Time Series Fitting and Phenological Metrics 

Several approaches have been developed to eliminate noise in NDVI time series caused by clouds, 
ozone, dust, as well as off-nadir viewing and low sun zenith angles [82–85]. Most widely used 
techniques include Best Index Slope Extraction (BISE), Fourier based filtering, Savitzky-Golay and 
asymmetric Gaussian filters. These techniques are based on a temporal approach, which provides an 
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estimate of NDVI noise through temporal interpolation [86]. Here, the double logistic function fitting 
provided in the TIMESAT software was chosen to smooth NDVI time series because of its proven 
general applicability and superiority to many other filters [84,87]. Pixels flagged as no data  
(value = −1), snow/ice covered (value = 2) or cloud contaminated (value = 3) in the MOD13Q1 pixel 
reliability layer were excluded prior to the temporal interpolation. Outliers were identified by a 
Seasonal-Trend decomposition based on Loess (STL) [83], which is global in character and not 
dependent on ancillary data [84,88]. 

Based on the fitted time series, we computed land surface phenological parameters for the AVHRR 
GIMMS, SPOT-VGT and MODIS Terra NDVI archives. Two frequently used phenological metrics 
based on NDVI time series, NDVI seasonal amplitude and integral, were derived to analyze both 
functional and structural dynamics of vegetation. Seasonal amplitude is defined as the difference 
between the base and maximum NDVI values in each growing cycling. NDVI amplitude indicates the 
intra-annual dynamics in vegetation phenology and thus has often been used in terrestrial ecosystem 
classification [35]. The NDVI integral, estimated as the cumulative value of NDVI time series in 
vegetation growth during the season [89,90], is closely related to net primary productivity. Using 
TIMESAT, the start of season is defined as 20% of the fitted curve amplitude. We used the so-called 
“large NDVI integral” defined in TIMESAT [89–91]. 

3.2. Correlation Analysis 

Following [58], we conducted a correlation analysis to test the linear relationship between different 
NDVI products. In a first step, fitted MODIS Terra NDVI time series data were spatially resampled to 
meet the coarser resolution of SPOT VGT NDVI time series. Both time series were aggregated to 
monthly data. MVC and a bilinear interpolation algorithm were used to generate a monthly 1-km 
MODIS Terra NDVI time series. We then calculated the pixel-wise linear Pearson correlation 
coefficient (r) between monthly 1-km SPOT VGT and MODIS Terra NDVI values between 2001 and 
2010. We compared SPOT VGT and AVHRR GIMMS NDVI time series in a similar fashion. SPOT 
VGT was aggregated into monthly and 8-km resolution time series for calculating r between SPOT 
VGT and AVHRR GIMMS NDVI time series. 

3.3. Trend Analysis 

We calculated linear trends in NDVI time series to analyze patterns of changes and also to test 
whether a good correlation between NDVI from different global archives can be used to infer a good 
correlation between trends. We used non-parametric statistical tests, the Modified Seasonal  
Mann-Kendall (MSK) and Mann-Kendall (M-K) test to evaluate the statistical significance of trends 
based on (a) all data from monthly fitted NDVI time series and (b) annual values of the NDVI 
phenological metrics, respectively [92–94]. Unlike ordinary least squares regression, the MSK trend 
test is less affected by missing values and uneven data distribution, and are robust towards extreme 
values and serial dependence [85]. To identify the magnitude of a trend, we calculated Sen’s 
slope [95,96] which is a form of robust linear regression and less affected by gross data errors or 
outliers compared to linear regression analysis [97,98].  
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The quantitative comparison of trends was conducted based on sampling plots of 8 km × 8 km. To 
assure homogeneity and minimize the effects of mixed pixels and misregistration, we overlaid the 
reclassified Landsat-based CAS LUCC database with the sample plots and selected only plots with at 
least 80% of a single land cover type. Based on that strategy, 2,770 samples were selected for trend 
analysis, among which 278 plots were labeled as cropland, 199 plots as forestland, 955 plots as dense 
grassland, 742 plots as medium dense grassland, and 596 as sparse grassland. We then calculated for 
each sample plot average values of Sen’s slope for SPOT VGT, MODIS Terra and AVHRR GIMMS. 

4. Results 

4.1. Correlation Analysis and Comparing Trends from SPOT VGT and MODIS Terra NDVI Archives 

The correlation between NDVI time series from SPOT VGT and MODIS in vegetated areas of Inner 
Mongolia was larger than 0.9 (Figure 2 (A)). In comparison, NDVI time series showed a correlation less 
than 0.2 for non-vegetated areas such as the desert in the Alxa Plateau and for water bodies. 

Temporal trends derived from SPOT VGT and MODIS time series showed similar spatial patterns 
(Figure 3). Most areas in Inner Mongolia did not show a significant trend during the past 10 years in 
neither SPOT VGT nor MODIS data (p < 0.05, MSK test). Some regions, however, exhibited 
significant trends which were also captured in both datasets, e.g., a greening pattern extending from 
southern Inner Mongolia to the northern Shannxi and Shanxi provinces (Figures 1 and 3). Overall, 
0.1% of Inner Mongolia exhibited significant negative and 3.3% significant positive NDVI trends 
based on SPOT VGT data. MODIS Terra based analyses resulted in 3.4% of the area having a 
statistically significant vegetation decrease, and 6.0% with a significant increase. Few regions showed 
trend disagreements (p < 0.05, MSK test). Major discrepancies were found in the central Inner 
Mongolia, where SPOT VGT based trends showed little change and MODIS Terra NDVI decreased. 
In Hinggan, MODIS Terra NDVI increased less than that from SPOT VGT. 

Figure 2. Pearson’s correlation coefficient (r value) between monthly 1-km Système 
Probatoire d’Observation de la Terre VEGETATION (SPOT VGT) and Moderate-Resolution 
Imaging Spectroradiometer (MODIS) (A), monthly 8-km SPOT VGT and Advanced Very 
High Resolution Radiometer Global Inventory Modeling and Mapping Studies (AVHRR 
GIMMS) (B). 
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Figure 2. Cont. 

 

Figure 3. Maps of Normalized Difference Vegetation Index (NDVI) change between 2001 
and 2010 based on statistically significant Sen’s slope of 1-km SPOT VGT (A) and  
250-m MODIS (B) time series (p < 0.05, MSK test). Comparison of Sen’s slope values for 
different phenological parameters based on 2770 sampling plots (C). 
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Figure 3. Cont. 

 

Compared to grassland, croplands showed more widespread increase in NDVI in both NDVI archives 
(Table 2). About 18.0% and 24.3% of the pixels classified as croplands exhibited a positive trend based 
on SPOT VGT and MODIS Terra, respectively. Only 0.1% and 1.0% of the cropland pixels were 
characterized by a decreasing trend in SPOT VGT and MODIS Terra data, respectively. Both NDVI 
archives showed the smaller NDVI changes for grassland areas. Only 9.8% of the grassland areas 
showed a significant increase and 0.4% a significant decrease in SPOT VGT data, while based on 
MODIS Terra 15.4% and 3.9% area of the NDVI in grasslands increased and decreased, respectively. 

Table 2. Statistics for SPOT VGT and MODIS Terra NDVI linear trend analysis from 
2001 to 2010 (p < 0.05, MSK test). 

Observation Cropland Area (%) Grassland Area (%) 
SPOT VGT NDVI positive slope 18.0 9.8 
SPOT VGT NDVI negative slope 0.1 0.4 

MODIS Terra NDVI positive slope 24.3 15.4 
MODIS Terra NDVI negative slope 1.0 3.9 

Similarly, we found that the spatial patterns of the trends derived from the NDVI amplitude and 
integral exhibited high similarities between SPOT VGT and MODIS Terra (not shown here for 
brevity). The regression analysis between SPOT VGT-derived and MODIS-derived trend parameters 
further confirmed a good agreement between the two NDVI time series (Figure 3(C)). For example, 
there was a strong correlation between NDVI trends derived from SPOT VGT and MODIS Terra  
(r = 0.91) time series, and also between trends in NDVI amplitudes (r = 0.92). The slope of the fitted 
regression functions showed a close to a 1:1-relationship. The correlation between Sen’s slope of the 
integral of SPOT VGT against MODIS Terra was lower, but still indicated good correlation  
(r = 0.86). We therefore used the longer SPOT VGT time series for further analyses. 

4.2. Correlation Analysis and Comparing Trends from SPOT VGT and AVHRR GIMMS NDVI Archives 

The direct comparison between the NDVI time series from SPOT VGT and AVHRR GIMMS 
showed a similar strong linear correlation between the cyclic vegetation dynamics that dominate both 
archives. Comparable to the results from our comparison of SPOT VGT and MODIS Terra, NDVI 
time series from SPOT VGT and AVHRR GIMMS were positively correlated with generally high r 
values (r > 0.9) in vegetated areas of Inner Mongolia (Figure 2(B)). 
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However, when comparing inter-annual trends between SPOT VGT and AVHRR GIMMS NDVI, 
major disagreements became apparent (Figure 4(A,B)). Trends from AVHRR GIMMS showed, for 
example, a significant NDVI decrease in the vegetation-free western part of Inner Mongolia. Almost 
the whole desert area exhibited this decreasing trend. In comparison, SPOT VGT did not show any 
significant trends in these areas. Considerable trend disagreement was also evident in northeast Inner 
Mongolia, where only AVHRR GIMMS-derived trends showed a strong greening pattern. Although 
the trend patterns from AVHRR GIMMS exhibit similarities with those derived from SPOT VGT in 
some regions, e.g., greening patterns in southern Inner Mongolia, trend discrepancies clearly prevail at 
a regional scale. Generally, the substantial trend disagreement in the maps was supported by a low r of 
0.28, 0.42 and 0.37 (for trends derived from NDVI, amplitude and integral, respectively; Figure 4(C)). 

Figure 4. Maps of NDVI change between 1999 and 2006 based on statistically significant 
Sen’s slope of 8-km AVHRR GIMMS (A) and 1-km SPOT VGT (B) time series (p < 0.05, 
MSK test). Comparison of Sen’s slope values for different phenological parameters based 
on 2,770 sampling plots (C). 
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Figure 4. Cont. 

 

As we were interested in better understanding the causes for the discrepancies, we analyzed if trend 
differences were associated with specific land cover categories and also if low NDVI values were 
differently affected than high NDVI values. To answer these questions we first grouped all pixels 
based on five land cover classes derived from the reclassified CAS map (excluding waterbodies, 
constructed area, and non-vegetated land), and then we grouped pixels based on 0.1 NDVI intervals 
from multiannual averages of SPOT VGT NDVI (Figure 5). The slope differences derived from the 
two archives increased with higher NDVI levels (Figure 5(A)). This was also in agreement with 
forested areas exhibiting the largest trend disagreement between archives, while sparse grassland 
correlated better (Figure 5(B)). As grassland fractional cover increased, higher variance in differences 
and stronger average differences were observed between trends from both archives. 

Trends derived from amplitude and integral also support these findings (not shown). Similarly, 
correlations of AVHRR GIMMS and SPOT VGT-derived Sen’s slope values for all phenological 
parameters were low (Figure 4(C)). 

Figure 5. Boxplots of absolute differences between regression (Sen’s) slopes derived from 
SPOT VGT and AVHRR GIMMS time series grouped by land cover types (A) and SPOT 
VGT-based NDVI intervals (B). See Table 1 for a description of land cover types. The 
boxes represent first (25%) and third (75%) quartiles; the whiskers are defined as 1.5 times 
interquartile. The bold horizontal line in the box represent median. 
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Large trend discrepancies between SPOT VGT and AVHRR GIMMS can be found in our test 
regions Ordos and Hinggan (Figure 6). Grazing land did generally not exhibit strong trends for the 
Ordos region (Figure 6(A)), which is reflected in the SPOT VGT derived map. Significant changes 
between 1999 and 2006 relate to the growing city of Yinchuan and intensified irrigation in its 
surroundings and along the Yellow River. Quite the opposite, trends from AVHRR GIMMS data 
clearly suggest strong vegetation cover decreases in the dryland areas, while there is no detection of 
increased productivity in irrigated west Yinchuan plain. Interestingly, AVHRR GIMMS data estimate 
changes in the opposite direction for the Hinggan region (Figure 6(B)). 

Figure 6. Maps of Sen’s slope for AVHRR GIMMS and SPOT VGT from 1999 to 2006 in 
Ordos (A) and Hinggan (B). NDVI time series for a sample location in Ordos and Hinggan 
(below respective maps).  
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To illustrate the disagreement in NDVI trends from the two archives, we plotted NDVI time series 
for selected pixels from both focus regions (Figure 6). The samples show that SPOT VGT was able to 
depict the vegetation seasonality in a semi-arid to arid environment in the Ordos region, while 
AVHRR GIMMS did not resolve such information in years with low average NDVI (e.g., 2003 and 
2005; Figure 6(A)). Major discrepancies also existed in 1999 and 2000 when NDVI values from 
AVHRR GIMMS were much higher compared to SPOT VGT, leading to a significantly decrease in 
NDVI for the Ordos region. In the Hinggan region, AVHRR GIMMS deviated from SPOT VGT 
mostly at the start of the time series (1999 and 2000), while the similarity much improved between 
these two products for later years. However, the considerably lower values from AVHRR GIMMS 
NDVI in these two years overall lead to a more positive trend compared to SPOT VGT. 

5. Discussion 

The high temporal resolution of global data sets such as AVHRR, MODIS and SPOT VGT allows us 
to derive indicators of agricultural dynamics across the globe. However, spectral mixtures and a broad 
range of problems largely related to the pre-processing of global remote sensing data sets complicate the 
interpretation of trends from such coarse resolution data (250 m–8 km). Thus, it is important to gain a 
deeper knowledge on the reliability of temporal patterns derived from coarse resolution datasets before 
we interpret trends and link change trajectories to specific agricultural processes. 

AVHRR-based NDVI datasets such as the AVHRR GIMMS data constitute the longest  
hyper-temporal remote sensing records for agricultural monitoring at global scales. Much research 
related to the impact of global climate change on agricultural productivity and to land degradation 
monitoring in arid and semi-arid agriculture is based on AVHRR GIMMS [59,91,99–101]. 

We established a benchmark for analyzing the consistency of AVHRR GIMMS-derived vegetation 
trends in Inner Mongolia, an important area of agricultural production in China, based on a comparison 
of MODIS and SPOT-derived trend parameters. Integrating large areas implies that average changes in 
NDVI are subtle. Still, similar patterns are found when comparing these effects in MODIS and SPOT 
VGT derived time series. The high consistency between MODIS Terra and SPOT-derived results 
proves the general reliability of analyses based on these archives. Our comparison shows that different 
satellite platforms and sensors, differing pre-processing schemes and moderately different spatial 
resolutions do not hamper the analytical potential of time series analysis when using MODIS Terra and 
SPOT-derived vegetation products. In Inner Mongolia, analysis based on both MODIS Terra and 
SPOT VGT allow for successfully analyzing multiple agricultural processes related to a set of 
agricultural and environmental policies in China addressing increasing agricultural production and 
decreasing environmental degradation.  

Our results from the trend analysis of SPOT VGT and MODIS Terra time series indicate that land 
degradation processes only marginally affected the agricultural sub-systems of Inner Mongolia during 
the last decade. Most of Inner Mongolia’s grasslands did not exhibit a significant change after the 
restrictive fencing policies were introduced for all the grassland in Inner Mongolia around the turn of 
the century. The significantly increasing trend of NDVI in mountainous environment (e.g., Loess 
Plateau, Yan Mountains) reflects the process of afforestation based on massive subsidization. The 
“greening” pattern also confirms the effectiveness of China’s “Grain for Green” program in Inner 
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Mongolia in the last decade (Figure 3). However, comparing trends derived from SPOT-VGT and 
AVHRR GIMMS reveals that major discrepancies can occur when comparing trends from NDVI 
archives that are more profoundly different. This is also the case when compared the trends from all 
three NDVI archives during their overlap period (2001–2006) and using increasing kernel size (3 × 3 
GIMMS pixels) of sampling plots (not shown for brevity). Differences between NDVI trends seem to 
increase with increasing NDVI levels (Figure 5(A)). [59] assume on a global level that these deviations 
relate to land cover classes. Comparing different agricultural land cover categories with trend 
discrepancies (Figure 5(B)), our findings generally agree with this assumption. From our quantitative 
analysis across arid to semi-arid biomes, we conclude differently from [58] that the differences in 
NDVI trends not only affected desert regions but also semi-arid landscapes. However, further tests 
across a broader range of biomes with in-depth regional information on land use and land cover 
changes will be needed to quantitatively confirm this finding. Different regional land surface 
biophysical properties and the limitations of NDVI in relation to the respective sensor characteristics 
and preprocessing schemes hence contribute to these trend differences [102,103]. Moreover, the 
sensitivity of trend analysis needs to be tested further to gain a more confident assessment for  
long-term land degradation [104]. 

The two focus regions of Ordos and Hinggan served for a more detailed analysis of GIMMS- and 
SPOT VGT based trends. The Ordos region exhibited a clear decreasing trend in NDVI based on the 
GIMMS data for the Otog Qianqi grasslands that was not evident from SPOT VGT (Figure 6(A)). 
Likewise, the GIMMS-based trend analysis did not reflect the immense growth of Yinchuan city 
(negative trends), which was correctly identified in SPOT VGT-derived trends (Figure 6(A)). Our 
results for Ordos are in line with findings derived from Landsat data by [105], which indicate a slight 
vegetation increase across different ecosystems during our observation period. Also, field-based 
measurements of vegetation cover, height and biomass indicate no broad-scale degradation in the vast 
grasslands of Otog Qianqi [106]. The patterns related to agricultural intensification along the Yellow 
River in Ningxia (Figure 1, Figure 6(A)) was captured both by SPOT VGT and AVHRR GIMMS. 
However, cropland intensification and expansion in the western Yinchuan Plain was not well detected 
based on AVHRR GIMMS data (Figure 6(A)).  

In Hinggan, positive trends were extracted from SPOT VGT data along the Taor River valley. Rice 
is the main crop along the Taor River, and these positive trends correspond well with the intensified 
cropping system that was established in the early-1990s [107,108]. AVHRR GIMMS derived trends 
did clearly not preserve the patterns retrieved from SPOT VGT (Figure 6(B)). While the overall trend 
is also positive, the greening up for a major area north of the Taor River is largely overestimated, as 
the intensified irrigation does not prevail across these several 1,000 km2. Moreover, land use and land 
cover change assessments based on Landsat data do not support the positive trends identified in 
AVHRR GIMMS data [64]. 

We also observed an overall decreasing trend in AVHRR GIMMS-derived NDVI values across 
non-vegetated areas of Inner Mongolia. This trend was likely caused by satellite drift effects in the 
signal [109]. NOAA AVHRR platforms do not allow for orbital drift adjustments, resulting in 
illumination differences affecting NDVI values [110]. According to  [73], EMD largely minimizes 
effects related to orbital drift. However, as AVHRR GIMMS data are not accompanied by metadata on 
applied pixel-wise EMD correction, it is not possible to conclude on the local effects of EMD. 
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Further, differences in atmospheric correction algorithms likely contributed to trend discrepancies. 
Natural variability in column water vapor, ozone and aerosol optical thickness (AOT) in the 
atmosphere can greatly affect land surface reflectance estimates [111]. Unlike MODIS on the Terra 
and Aqua platforms, AVHRR does not provide additional spectral channels that allow us to derive 
information on atmospheric composition to be used for correction [103,112]. To minimize impacts 
from the atmosphere, a bimonthly MVC is applied for the top-of-atmosphere GAC data to produce 
AVHRR GIMMS. However, it has been reported that MVC does not significantly improve data quality 
in regions with persistently high AOT [102,103]. This is most likely the case for Inner Mongolia, 
where high aerosol loads prevail due to frequent dust storms  [113]. 

Different spatial aggregation algorithms applied for producing NDVI archives certainly contribute 
to trend discrepancies as well. The input data used for producing the AVHRR GIMMS archive is the 
GAC 1B product, which is sampled spatially through a combination of line skipping and 
averaging [114,115]. Each GAC pixel (roughly 3 km by 5 km) is binned into one of the 8 km pixels of 
the output product based on a forward, nearest neighbor mapping, where the GAC pixel with the 
highest NDVI value is selected [116]. As a consequence, at least four GAC 1B pixels are mapped to 
one bin. At nadir, the binning can include up to 6 pixels [116]. The much coarser spatial resolution per 
AVHRR GIMMS pixel certainly hampers the comparability of AVHRR GIMMS to finer spatial 
resolution NDVI archives. Specifically, knowledge on the detectability of fine scale processes in 
64 km2 pixels is limited, and statistically valid experiments for increasing our understanding based on 
field data are complex [117,118]. The small average patch size of Inner Mongolian croplands limits the 
ability of AVHRR GIMMS for consistent change detection. This is specifically the case for 
agricultural intensification along the river valley. Taking the smaller absolute vegetation variation in 
arid and semi-arid environments into account, NDVI derived from AVHRR data are generally less 
sensitive and hence less correspondent to finer spatial resolution NDVI archives. 

Summarizing, our findings indicate a good agreement between trends from SPOT VGT and MODIS 
Terra for different agricultural land uses across Inner Mongolia, although the spatial and temporal 
resolution, the spectral bandwidths and preprocessing algorithms are different. This consistency is 
supported by trends based on phenological indicators derived from original NDVI time series. Overall, 
trend analyses from AVHRR-related products did in most cases not reproduce similar patterns of 
change across different agricultural systems across Inner Mongolia.  

6. Conclusions  

AVHRR GIMMS has regularly been employed for detecting hot-spots of land surface changes via 
NDVI trend analyses or NDVI-based phenological parameters derived from time series. While 
comparisons based on the raw time series indicate congruence between AVHRR GIMMS and other 
NDVI archives, more recent studies based on trend parameters derived from these archives indicate 
that inconsistencies exist between trends [52,119,120]. We here demonstrated that considerable 
discrepancies in trend magnitude and direction exist between AVHRR GIMMS and SPOT VGT-based 
NDVI products (r = 0.28). These discrepancies are exemplified for a range of agricultural land use 
systems across Inner Mongolia. Analyses based on phenological parameters derived from such NDVI 
time series lead to comparable dissimilarities (supported by a low r of 0.42 and 0.37 from amplitude 
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and integral, respectively). While quantifying the magnitude of different factors contributing to these 
inconsistencies is beyond the scope of this paper (and probably not possible due to the lack of 
empirical evidence), it is obvious that hyper-temporal NDVI products and related trend analyses from 
AVHRR GIMMS can strongly differ from those retrieved from instruments such as MODIS Terra and 
SPOT VGT. 

We have shown that such deviations can occur regardless of the chosen trend indicator and across a 
range of agricultural systems. Comparing significant positive and negative trend hotspots in Ordos and 
Hinggan derived from SPOT VGT and AVHRR GIMMS revealed that even broad scale changes in 
vegetation cover can be missed in 8 km AVHRR GIMMS data.  

There is an urgent need to better understand the opportunities and limitations of AVHRR GIMMS 
data in different regions of the world to advise a broad user community on where and how different 
NDVI archives can be reliably linked to derive longer and more reliable time series. Based on our 
findings along climate and land-use gradients from the Gobi desert to the northeast of China across the 
3,000 km of Inner Mongolia, we caution that monitoring of agricultural lands based on hyper-temporal 
imagery from AVHRR GIMMS needs to be underpinned with viable consistency checks on the 
comparability of trends derived from time series in the respective regional setting. We conclude that 
AVHRR GIMMS and NDVI products from other sensors cannot be combined into homogeneous, 
long-term time series across the globe without regional sensitivity analyses. 
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