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Abstract: Climate change has proven to have a profound impact on the growth of vegetation from
various points of view. Understanding how vegetation changes and its response to climatic shift is
of vital importance for describing their mutual relationships and projecting future land–climate interactions. Arid areas are considered to be regions that respond most strongly to climate change.
Xinjiang, as a typical dryland in China, has received great attention lately for its unique ecological
environment. However, comprehensive studies examining vegetation change and its driving factors across Xinjiang are rare. Here, we used the remote sensing datasets (MOD13A2 and TerraClimate) and data of meteorological stations to investigate the trends in the dynamic change in the
Normalized Difference Vegetation Index (NDVI) and its response to climate change from 2000 to
2019 across Xinjiang based on the Google Earth platform. We found that the increment rates of
growth-season mean and maximum NDVI were 0.0011 per year and 0.0013 per year, respectively,
by averaging all of the pixels from the region. The results also showed that, compared with other
land use types, cropland had the fastest greening rate, which was mainly distributed among the
northern Tianshan Mountains and Southern Junggar Basin and the northern margin of the Tarim
Basin. The vegetation browning areas primarily spread over the Ili River Valley where most grasslands were distributed. Moreover, there was a trend of warming and wetting across Xinjiang over
the past 20 years; this was determined by analyzing the climate data. Through correlation analysis,
we found that the contribution of precipitation to NDVI (R2 = 0.48) was greater than that of temperature to NDVI (R2 = 0.42) throughout Xinjiang. The Standardized Precipitation and Evapotranspiration Index (SPEI) was also computed to better investigate the correlation between climate change
and vegetation growth in arid areas. Our results could improve the local management of dryland
ecosystems and provide insights into the complex interaction between vegetation and climate
change.
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1. Introduction
Vegetation performs an essential part in terrestrial ecosystems, which influence soil,
the atmosphere, moisture and other natural items [1,2]. It also affects the balance of the
energy of the earth–atmosphere system [3]. Therefore, vegetation and its dynamic
changes have received much attention over the years [4–7]. Researching vegetation
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change in dryland is now in the mainstream [8,9]. Drylands are critical global environments, accounting for around 40% of the earth’s land surface and over 2 × 109 people live
in these regions [10]. The types of land cover vary in arid areas and include sandy deserts,
temperate grasslands, savanna woodland, etc. [11]. Because of the high sensitivity to climate in arid areas, the ecosystems of drylands are expected to have a strong response to
climate change [12]. Therefore, research on drylands is critical and essential, especially for
realizing the response of dryland ecosystems to climate change. Traditional vegetation
monitoring methods require a lot of manpower and material resources, and the data acquisition cycle is long and the coverage area is small, making it difficult to obtain data
over the large-scale. It is the appearance of remote sensing technology that has made up
for the deficiencies of conventional monitoring methods. This is an excellent way to detect
the dynamic changes in vegetation by remote sensing since it can acquire a wide range of
data in a short time and data acquisition is convenient and free of charge.
A wide range of vegetation indices have arisen based on remote sensing [13], such as
the Normalized Difference Vegetation Index (NDVI), Leaf Area Index (LAI), Enhanced
Vegetation Index (EVI), etc. [14]. NDVI has been used quite extensively among the different spectral vegetation indexes retrieved from remote sensing [13,15], owing to its simplicity and robustness [16,17]. NDVI is also sensitive to canopy configurations, chemical
compositions, photosynthesis, and vegetation production in sparse canopy areas [18,19].
Monitoring and assessing NDVI changes in vegetation are central to the evaluation of
vegetation performance under fluctuating climate patterns and to track the quality of the
ecological environment [20]. The entire phenological cycle of vegetation is most active
during the growing season and is usually used to explore vegetation dynamics in this
stage, other than in evergreen forests [21]. Therefore, detecting the NDVI can represent
the characteristics of the changes in vegetation cover during the growing season [22].
Most current studies have indicated that a global greening trend in vegetation has
occurred over the last 40 years [23]. The situation is similar in arid regions [8,24]. There
are different vegetation changes in different environmental conditions, and many factors
contribute to the changes in vegetation greenness. Much research has focused on the effects of several climate factors, such as precipitation, temperature and evaporation, especially in arid and semi-arid regions because of their high sensibility to climate change [25–
28]. Lian et al. [8] advocated that the intensification of meteorological drought and the
improvement of vegetation growth occurred simultaneously in arid regions. Nemani et
al. [29] suggested that warming caused NDVI to increase in the middle latitudes of the
Northern Hemisphere while temperature and precipitation both affected NDVI in arid
regions.
With the accumulation of different satellite data, there are several frequently-used
long time serious datasets of NDVI, such as NOAA/AVHRR NDVI, SPOT-VGT NDVI,
MODIS NDVI, etc. [30]. The MODIS imaging sensor started to collect in 2000, and is regarded as bringing an improvement in measuring surface condition [31]; it is widely used
now in vegetation dynamics detection. MODIS is good at NDVI dynamic monitoring and
the data is of low fluctuation [32]. Meanwhile, MODIS NDVI datasets are advantageous
because of their high spectral resolution [33]. Furthermore, it has a greater dynamic range
of NDVI than other data [34].
It is worth noting that paying attention to only one of these three factors (precipitation, temperature and evaporation) regarding their effect on vegetation changes in arid
areas is one-sided [35]. Some studies have not comprehensively analyzed the factors influencing vegetation change. For example, research pointed out that warming was the
dominant driver causing the acceleration of vegetation green-up from 1982 to 2016 [36].
Another study concluded that increased precipitation and irrigation practices are important reasons for greening in arid areas [9]. Standardized Precipitation and Evapotranspiration Index (SPEI) could fill this gap since it performs well over dryland [37]. Meanwhile, as a drought index, SPEI is better at evaluating the drought crises due to global
warming in drylands [38]. In addition, NDVI change rates in different vegetation types
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are distinguishable. However, most existing research has concentrated on the whole vegetation regardless of vegetation types, and there is a need for finer classification of vegetation to analyze its response to climate [39].
Xinjiang is a representative arid region located in northwestern China, with a proportion of about a sixth of the overall Chinese territory. It is a significant strategic region
[40,41] and it is reported that the warming rate of almost 0.3 °C per decade makes the
vegetation of Xinjiang sensitive to climate shift [42]. There some researchers are paying
attention to the relationships between vegetation and climate factors in this area, but the
results are different. Zhang et al. [43] found that the vegetation showed apparent greening
trends in most parts of Xinjiang, and temperature and moisture mainly controlled this
vegetation change. Luo et al. [35] explored the reasons for the significant increase in NDVI
in northern Xinjiang through the lag effects of drought on vegetation, and verified the
strong and positive correlation between NDVI and precipitation. Xu et al. [44] drew a
conclusion that the grassland in southern Xinjiang is more sensitive to temperature change
than that in northern Xinjiang. This research used either interpolated climate datasets or
data from meteorological stations, but did not combine the two types of data to explore
the response of NDVI to climate changes in multiple dimensions. We used the data from
meteorological stations and a grid cells dataset to investigate climate change and its correlation with vegetation growth in this study.
This study was conducted to explore the NDVI dynamic change trends and their response to climate change from 2000 to 2019 across Xinjiang, relying on the Google Earth
Engine (GEE) platform. Specifically, this study aimed to (1) detect the trend of NDVI
change in the plant growing season in Xinjiang over the past two decades; (2) investigate
the changes in vegetation greenness with different land use; (3) calculate the SPEI and
analyze the influence of climate (precipitation, temperature and SPEI) changes on the dynamics of vegetation greenness. The results are promising with relation to improving the
management of dryland ecosystems, delving into the response of different vegetation to
climate change, and dealing with the effects of climate shift to improve the ecology.
2. Materials and Methods
2.1. Study Area
Xinjiang is situated along the northwestern border of China between 73°20′−96°25′E
and 34°15′−49°10′N (Figure 1). It is a typical arid area, with a total area of approximately
1.66 million km2. The three major mountain systems, Kunlun Mountains, Tianshan Mountains and Altai Mountains, which extend roughly in the zonal direction, separate the Junggar and Tarim Basins, forming a unique landscape pattern of mountains and basins [45].
There are obvious differences in the vertical zoning of the mountains. The unique topographical distribution creates in Kunlun, Tianshan and Altai Mountains a large amount
of grassland and forest vegetation. Meanwhile, Junggar and Tarim Basins are covered by
typical temperate desert vegetation. Oases and cities are distributed in the valley plains.
Although Xinjiang belongs to a temperate continental climate, due to the large northsouth span of Xinjiang, a pattern with the Tianshan Mountains as the boundary is formed,
and the physical and geographical conditions of southern and northern Xinjiang are quite
different. The regional climate features of drought, low rainfall, and high winds have
formed a widespread desert on the Gobi landscape. The vegetation generally provides a
low degree of coverage, and the ecosystem is relatively fragile and sensitive. It is an ideal
area for researching vegetation changes and their correlation with climate change.

Remote Sens. 2021, 13, 4063

4 of 19

Figure 1. (a) Meteorological stations in Xinjiang overlaid on the terrain map (Shuttle Radar Topography Mission;
https://eospso.gsfc.nasa.gov/missions/shuttle-radar-topography-mission, accessed on 8 February 2021). (b) Land use types
in 2010 in Xinjiang (http://www.resdc.cn/, accessed on 2 March 2021).

2.2. Datasets
2.2.1. NDVI Dataset
Given the long temporal sequences of the study period and a large study area, we
selected 20 years (2000−2019) of MOD13A2 NDVI data to evaluate the vegetation dynamics. The MOD13A2 dataset was a 16-day period collection at a spatial resolution of 1 km.
We retrieved the NDVI data from GEE (https://developers.google.com/earth-engine/datasets/catalog/MODIS_006_MOD13A2#citations, accessed on 13 February 2021). For purpose of minimizing the effects of ice and snow, the NDVI was considered in a plant growing season which was from May to September during 2000−2019 [10]. We identified the
monthly NDVI with the maximal value composites (MVC). The mean NDVI (NDVImean)
and maximum NDVI (NDVImax) mentioned in this study were computed on the basis of
the corresponding NDVI during the plant growing season. For fear of noise from nonvegetation signals, we got rid of the time series grid cells with NDVImean lower than 0.1
(2000−2019) during the plant growing seasons [46,47].
2.2.2. Climate Data
We obtained daily temperature and precipitation data from 42 meteorological stations during 2000−2018 in Xinjiang (Figure 1a). To correspond with the NDVI data, we
calculated mean temperature and total precipitation for the plant growing season (May to
September) from 2000 to 2018 depending on the data mentioned above.
We obtained the TerraClimate dataset from GEE (https://developers.google.com/earth-engine/datasets/catlog/IDAHO_EPSCOR_TERRACLIMATE,
accessed on 13 February 2021). This dataset is a monthly climate and climatic water balance
for global terrene surfaces with a high-spatial resolution of 2.5 arc min from 1958 to present [48]. To correspond with the NDVI data, we calculated the temperature and total
precipitation (May to September) based on this dataset through GEE to investigate the
climate change on the pixel scale during the study period (2000−2019).
To better reflect the correlation between climate shift and plant change in arid areas,
we also calculated the monthly SPEI for the plant growing season through GEE based on
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the TerraClimate dataset. SPEI is a drought metric based on climate data [49]. which explains both temperature and precipitation influences on soil moisture; it works especially
well over dryland areas [37]. Meanwhile, we also used the points data of 42 meteorological
stations to extract SPEI from grid data. We calculated the SPEI using Equation (1):
𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑗𝑗 = 𝑃𝑃𝑗𝑗 − 𝑃𝑃𝑃𝑃𝑃𝑃𝑗𝑗 ,

(1)

where p is precipitation, PET is potential evapotranspiration (gained from the PenmanMonteith approach), and j is the unit time. Here j refers to the plant growing season (May
to September) from 2000−2019.
In accordance with the standards put forward by China in 2006 [50], the drought
classification is divided into 8 levels with SPEI between −2 and 2, and the corresponding
levels are from extreme drought to extremely wet.
2.2.3. Land Use Data
In our research, we used the land use types of 2010 (Figure 1b) as a benchmark to
analyze the NDVI changes for different vegetation types. Because 2010 is the middle year
of the study period, the land use types of 2010 represent the land use types of the two
decades. The land use map was developed from the Resource and Environment Data Center of the Chinese Academy of Sciences (http://www.resdc.cn/, accessed on 2 March 2021).
There are six categories of land use type (cropland, woodland, grassland, water, urban
and built-up and unused areas), among which water also includes permanent glaciers and
snow [51].
We took three main land use types (woodland, grassland and cropland) in Xinjiang
as the research objects and analyzed their responses to climate variation, and discussed
the sensitivity of different plants to climate change in arid areas. The vegetated areas cover
35.43% of Xinjiang, of which 28.89% is grassland, 4.23% is cropland and 2.31% is woodland (Figure 2d). The unused area and other areas are sparsely vegetated or non-vegetated, and our study does not focus on these areas.
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Figure 2. Spatial patterns of the long-term average growing season NDVI for 2000−2019, (a) mean NDVI (NDVImean), (b)
maximum NDVI (NDVImax). The white parts indicate the areas where the multiyear NDVImean is under 0.1. (c) Average
annual NDVImean and NDVImax of each land use type for 2000–2019. The NDVI was calculated for the growing season from
May to September. (d) Zonal statistics for each land use type were based on the land use map.

2.3. Methods
2.3.1. Spatio-Temporal Change Analysis
In this study, we applied the linear regression method based on the least squares
approach to estimate the NDVI spatial change rate in the course of the plant growing season (May−September) of twenty years (2000−2019), and used the slope of the regression
curve to present the change trend. We also calculated the p-value based on the F test to
analyze the significance of the slope in the model, and p < 0.05 is a significant change
[52,53]. The slope is calculated in Equation (2):
𝑆𝑆𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙 =

𝑛𝑛
𝑛𝑛
𝑛𝑛×∑𝑛𝑛
𝑖𝑖=1 𝑖𝑖×𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑖𝑖 −∑𝑖𝑖=1 𝑖𝑖 ∑𝑖𝑖=1 𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑖𝑖
𝑛𝑛
2
𝑛𝑛×∑𝑛𝑛
𝑖𝑖=1 𝑖𝑖 −�∑𝑖𝑖=1 𝑖𝑖 �

2

,

(2)

where i indicates 1 for the first year (2000) of the study, 2 for the second year (2001), and
so on; n equates to the summation years of the research period; and 𝑁𝑁𝐷𝐷𝐷𝐷𝐷𝐷𝑖𝑖 represents the
value of annual NDVI in time of the ith year. If the slope is larger than 0, the 𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁 increased; otherwise, it declined.
The change trend of the yearly average maximum temperature and total precipitation are the same as the NDVI.
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2.3.2. Correlation Analysis
We calculated the Pearson correlation using the MATLAB software in the spatial distribution maps to uncover the correlation between NDVI and the climate dataset. This can
display the positive or negative correlation between the two variables for each pixel. The
R represents the Pearson correlation, which is calculated by formula (3):
𝑅𝑅 =

∑𝑛𝑛
�)]
𝑖𝑖=1[(𝑥𝑥𝑖𝑖 −𝑥𝑥̅ )(𝑦𝑦𝑖𝑖 −𝑦𝑦

2 𝑛𝑛
�)2
�∑𝑛𝑛
𝑖𝑖=1(𝑥𝑥𝑖𝑖 −𝑥𝑥̅ ) ∑𝑖𝑖=1(𝑦𝑦𝑖𝑖 −𝑦𝑦

,

(3)

where xi and yi mean the individual values of climate factors and NDVI for the ith year,
while x and y are the mean of climate factors and NDVI values over 20 years.
3. Results
3.1. NDVI Dynamic Changes
3.1.1. Annual NDVI Spatial Change Trend
The change rate in Xinjiang was derived by linear regression, which is a long time
series plant growing season NDVI change throughout the period from 2000 to 2019. As
presented in Figure 3, the overall patterns of the change rates of mean and maximum of
NDVI were positive in Xinjiang, and they had similar spatial patterns of greening (increasing tendency of NDVI) and browning (decreasing tendency of NDVI).
The greatest change rate of mean NDVI (Rmean) was observed among the northern
Tianshan Mountains, southern Junggar Basin and northern margin of the Tarim Basin,
where the main vegetation type is cropland, while the lowest Rmean was observed over the
Ili River Valley where woodlands and grasslands were distributed. The spatial distribution of browning areas is in keeping with existing research [24,43]. The Rmean (Figure 3c) in
Xinjiang was 0.0011 per year. The change rate of maximum NDVI (Rmax) (Figure 3c) was
0.0013 per year in Xinjiang, and the change regions (Figure 3b) resembled that of Rmean,
while the change degree was greater than Rmean. The results were relatively in accord with
the results acquired by Luo et al. [35] who researched the NDVI change from 1998 to 2015
in northern Xinjiang. Jiapaer et al. [24] also observed the same vegetation dynamics in
Xinjiang. From Figure 3d, we found that the greening pixels of NDVImean were 95.35%, and
the browning pixels were 4.65%. Meanwhile, the greening pixels of NDVImax were more
numerous than the browning pixels. The results suggested that the situation for plant
growth is improving over time. On the whole, the results of the vegetation change in Xinjiang were similar to previous research, the minor discrepancies in results probably due
to the differences in study area and period.
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Figure 3. The spatial patterns of (a) change rate of mean NDVI (Rmean) for 2000−2019 and (b) change rate of maximum
NDVI (Rmax) for 2000−2019. The white parts indicate the areas where the multiyear NDVImean is under 0.1. (c) The longterm trend of NDVImean and NDVImax for 2000−2019 based on the average value from zonal raster statistics. (d) The frequency of NDVImean and NDVImax change rate for different numerical intervals. The NDVI was calculated throughout the
growing season (May to September).

3.1.2. Annual NDVI Change for Diverse Land Use Types
Diverse land use types showed dissimilar change trends in Xinjiang, but the NDVI
for all vegetation showed an upward trend over the two decades (2000–2019) (Figure 4).
For example, cultivated vegetation in croplands, which has the highest value of NDVImean
(0.44) and NDVImax (0.56) (Figure 2), showed a significant and rapid greening rate for Rmean
(0.0067 per year) and Rmax (0.0077 per year) over the study period. The greening rate of
Rmean (0.0011 per year) and Rmax (0.0015 per year) in the grassland is lower than other land
use types. The greening rates of Rmean (0.0014 per year) and Rmax (0.0017 per year) in the
woodland are at a moderate rate among land use types. The increasing trend of NDVI
proved that the environment for vegetation growth is improving. Furthermore, the response of all vegetation to environmental changes was diverse, and the distinct change
rates of the different types of vegetation demonstrated that there are many reasons behind
vegetation greenness.
Viewing the segment changes of NDVI, we can find that the average and maximum
values of NDVI of all three land use types have increased significantly compared to the
previous year in 2005, 2007 and 2013. In contrast, a marked decline was observed in 2006,
2008, 2014 and 2018. This reflected the opposite NDVI change trends in different periods,
with woodland and grassland both decreasing in 2004 and increasing in 2009. However,
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the NDVI of croplands increased in 2004 and decreased in 2009. These results indicated
that the responses to environmental change of the natural vegetation are different than
artificial cultivation vegetation.

Figure 4. The average NDVImean and NDVImax of the grid cells for every land use type in plant growing season for two
decades (2000−2019).

3.2. Climate Change
The changes in total precipitation, average temperature and SPEI during the longterm growth season (May-September) based on meteorological stations are shown in Figure 5. This shows that the total precipitation, mean temperature and SPEI were increasing.
Across Xinjiang, the change rate of total precipitation was 0.994 per year, average temperature was 0.028 per year and the average SPEI was 0.046 per year. Among the three types
of land use, cropland experienced the greatest change in precipitation (1.84 per year),
grassland has the largest change in temperature (0.034 per year), and woodland has the
largest change in SPEI (0.119 per year). Meanwhile, temperature (0.028 per year) and SPEI
(0.031 per year) have the least change in cropland, and precipitation has the least change
in grassland (1.11 per year). The higher the SPEI, the lighter the drought occurrence. The
results indicated that there has been a trend of warming and increased humidity across
Xinjiang over the past 20 years.
Except for cropland, the average temperature was relatively low in 2003, 2009, 2013
and 2017, and the corresponding total precipitation was relatively high. At the same time,
evaporation was often relatively low, and the corresponding SPEI was relatively high.
Compared with the above years, opposite results were obtained in 2001, 2008, and 2014.
It is reported that Xinjiang suffered from heavy drought in 2008 and 2014 [54,55], therefore
the SPEI in these years were very low. As for cropland, the average temperature was relatively low in 2004, 2010, 2012, and 2017 whereas the mean total precipitation and SPEI
were relatively high for the latter three years. In 2001, 2008, and 2011 the average temperature was relatively high. SPEI is correlated with precipitation and temperature. In grassland, SPEI reflects the high and low values of precipitation.

Remote Sens. 2021, 13, 4063

10 of 19

Figure 5. Long-term growing season (May-September) total precipitation, and average mean temperature and SPEI, spatially aggregated over (a) Xinjiang, (b) cropland, (c) woodland and (d) grassland. Comparison was performed based on
average values during growing season in the 42 meteorological stations over 2000−2018. The regression lines are drawn
for every climate factor and the label shows the corresponding regression equation.
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We also used the TerraClimate dataset to analyze the spatial distribution characteristics of different climatic factors (Figure 6). The overall spatial pattern of change rates of
precipitation and SPEI were contrary to that of temperature. Precipitation declined significantly in the Ili River Valley, Altay Mountains and the regions to the north, and increased
in the Kunlun Mountains, southern Tianshan Mountains and east of the Hami basin. The
temperature decreased in the southeastern part of Xinjiang and rose significantly in the
northerly regions of Xinjiang and the western border of the Tarim Basin. We can see that
SPEI decreased in the Altay Mountains and in the Ili River regions where temperature
increased and precipitation decreased. SPEI also increased in the areas where temperature
decreased and precipitation increased, for example, the southeast part of Xinjiang and
south of the Junggar Basin. Therefore, the changes in SPEI comprehensively reflect the
changes in precipitation and temperature. We find that southern Xinjiang has become significantly wetter, and the areas around the Ili River Valley have become drier. The increasing trend in humidity in southern Xinjiang may be affected by the monsoons.

Figure 6. Spatial distribution of climate change rate for May to September of 2000−2019, (a) Change rate of annual precipitation accumulation, (b) Change rate of mean temperature, (c) Change rate of SPEI.

3.3. Response of Vegetation to Climate
We drew scatter plots (Figure 7) and spatial distribution maps (Figure 8) of the correlation between NDVI and climate factors to reveal the reasons for vegetation changes.
We comprehensively analyzed and selected some suitable meteorological stations with
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different land use types according to the data integrity of meteorological stations and their
distance to densely populated areas and other disturbing factors. Meanwhile, we made a
10 km circle buffer zone for every meteorological station and averaged the NDVI values
of all pixels within a buffer zone to calculate the representative NDVI. In Figure 7, we can
see that NDVI has the highest correlation with SPEI (R2 = 0.69), followed by precipitation
(R2 = 0.48), and lowest correlation is with temperature (R2 = 0.43). SPEI has the highest
correlation with all three land use types. As for cropland, the contribution of temperature
to the growth of cultivated vegetation is more than the precipitation. We found that the
R2 between NDVI and precipitation is 0.2 and it is 0.31 with temperature. As for woodlands and grasslands, NDVI of these two kinds of land use responded more to precipitation than temperature. The R2 between woodland NDVI and precipitation is 0.42, and 0.12
with temperature. Meanwhile, the R2 between grassland NDVI and precipitation is 0.44,
and 0.104 with temperature. The results revealed that different vegetation responds differently to climate change. The growth of natural vegetation is more dependent on precipitation than artificial (irrigated) vegetation.

Figure 7. Correlations between the mean value of NDVI of three land use types and the mean annual total precipitation
of meteorological stations, the mean annual mean temperature and SPEI during the 2000−2018 growing season in Xinjiang.
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The Pearson correlation was calculated for each pixel, which provides a better reflection of the interaction between NDVI and temperature or precipitation for different land
use types across locations (Figure 8). Figure 8 shows that the correlation between NDVI
and precipitation was strongly positive in the Tianshan Mountains, the mountains in the
west of the Junggar Basin and the southwestern part of the Tarim Basin. These areas are
mainly grassland and woodland. We found that the correlation between NDVI and temperature was weakly positive and moderately negative in woodland and grassland. However, it was strongly positive in cropland, which is largely spread over the south of the
Junggar Basin and around the Hami basin. The spatial correlation patterns of SPEI were
similar to precipitation. Meanwhile, we calculated that the proportions of the pixels in
which NDVI positively correlated with precipitation, temperature and SPEI were 79.79%,
55.24%, and 88.29%, respectively. In comparison, the proportions of the pixels that NDVI
negatively correlated with precipitation, temperature and SPEI were 20.21%, 44.76% and
11.72%, respectively. The results revealed that different climate factors have varied effects
on vegetation growth. Moreover, NDVI showed a very high relationship with SPEI, which
indicated SPEI performs well in describing the interaction between climate variation and
plants growth over the dryland. SPEI reflects the relationship with vegetation growth, and
shows that precipitation has a great impact on vegetation growth.

Figure 8. Pearson correlation between the mean value of NDVI during the 2000−2019 growing season and (a) the average
annual total precipitation, (b) the average annual mean temperature, and (c) the SPEI of TerraClimate dataset.
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4. Discussion
4.1. Analysis of NDVI Change Trends and Effects of Climate Factors to Vegetation
This study revealed the spatial and vegetation-specific NDVI dynamic changes in
Xinjiang (Figure 3). The NDVImean trends showed that 95.35% of Xinjiang has been greening since 2000 and long-term greening is widespread over the province. There were only
a few areas with browning. On average, Rmean for 2000 to 2019 was 0.0011. This rate is
lower than the global estimation (0.00069) during the period 1982−2013 [23]. However,
different data sources and study periods may explain the differences.
Variations in environmental conditions caused by climate affect the growth of vegetation [56]. The effect of climatic elements such as precipitation and temperature on vegetation growth is mainly dependent on the characteristics of different environments [57].
The NDVI trends may be influenced by the variations in temperature and precipitation.
This research confirms the existing assertions that temperature and precipitation have increased [24]. From the results of the land use types, due to the distinct growth characteristics of various vegetation, the reaction of different plants may be variable in the context
of climate change [27].
There has been an obvious growing tendency of NDVI in the edge of the Tarim Basin
and Jungar Basin, which are mainly cropland. In order to discuss the responses of NDVI
to climate change in depth, we extracted the cropland for two types (rain-fed and irrigated) using the GLC_FCS30 dataset [58], and analysis was respectively conducted over
two kinds of cropland. The Figure 9 displays some differences between rain-fed cropland
and irrigated cropland. NDVI peaks were observed for rain-fed crops in high SPEI years,
in which the precipitation was relatively heavy. The finding was in line with previous
research showing that the condition of rain-fed crops highly depended on precipitation
[59,60]. As shown in Figure 9, Xinjiang experienced severe drought in 2008 and 2014 when
the temperature was high, the precipitation was low and the SPEI was high. In these two
years, the extremely low values were observed within the NDVI of rain-fed crops, while
irrigated crops did not show the same situation. NDVI of the two types of crop increased
during the study period, while the interannual difference of NDVI of rain-fed crops was
greater than that of irrigated crops and the crop condition of irrigated was better than
rain-fed as a whole. These fully demonstrated that irrigation has significantly alleviated
plant water stress and boosted the growth of the average soil moisture, which can in turn
promote crop growth, especially in a dry year [61]. Agriculture in Xinjiang is dominated
by oasis agriculture, and there are very few rain-fed crops. Therefore, the growth of crops
is very dependent on irrigation, especially in arid areas [56]. Because of limited precipitation, overflowing floodwaters and groundwater are also important water sources for crop
growth. At the same time, temperature showed a rising trend from 2000 to 2019, and the
melting water of Tianshan Mountains increased, which led to an increase in NDVI. Most
of the water needed for crop growth was provided by these water sources, making it insensitive to natural rainfall [24]. Among the three types of land use, temperature contributed the most to irrigated cropland NDVI, denoting that the growth of irrigated crops is
easily affected by temperature [29].
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Figure 9. Long-term growing season (May-September) trend of (a) total precipitation, and average mean temperature and
SPEI that spatially aggregated over cropland, (b) the average NDVImean of the grid cells for rain-fed and irrigated cropland.

NDVI of woodland increased at a steady rate, which was faster than grassland and
slower than cropland. The natural vegetation is relatively more sensitive to changes in
precipitation due to the shortage of water resources [53]. Therefore, woodland is sensitive
to changes in precipitation while insensitive to temperate changes in Xinjiang. We can see
that most of the woodland areas were greening during 2000−2019 because of increased
precipitation during the study period. Mountain vegetation, such as coniferous forests
growing on shady slopes depends on rainfall instead of groundwater due to the shallow
root system [24]. The incremental precipitation in the plant growing season improves the
conditions of plants. In addition, rising temperature will lead to increased snowmelt in
mountains, which will increase soil moisture and vegetation growth.
We found the browning areas were mostly distributed in the southern Altai Mountains around the Ili River Valley and some areas along the border of the Tarim Basin. The
land use type of these areas is mainly grassland, where the NDVI is more susceptible to
precipitation than other vegetation. Meanwhile, the SPEI indicated that drought occurred
in these areas during 2000−2019. Therefore, the decrease in precipitation and the increase
in evaporation reduced the water available for vegetation, which is an important cause of
grassland degradation.
4.2. Effects of Other Factors on Vegetation
The drivers affecting the NDVI changes are both natural and human [62,63]. Although climate is a key factor affecting NDVI, terrain [7], soil attributes [64] and other natural factors cannot be ignored.
Changes in cropping systems have contributed to the increase in NDVI on croplands.
Cotton, for instance, has experienced a short, dense, and early cultivation mode based on
dense planting, dwarf plants, early emergence and early maturity, which has been beneficial in achieving high and excellent quality yield for cotton in recent years [65].
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The degradation in grassland is similar to that in existing studies [43], with certain
discrepancies due to inconsistent data sources and research period. The grassland in the
Ili River Valley was a relatively severely degraded area. Due to the combined influence of
many factors such as climate change, overloading and overgrazing, pests and rodents,
and insufficient investment in construction, the situation of grassland degradation has
been severe in recent years [66,67].
The increase in woodland NDVI may be the result of major vegetation projects. Since
1977, the government of Xinjiang has attached great importance to forestry, and has actively promoted and strengthened the construction of key forestry projects under the
guidance of the ideology of forestry ecological benefit first. Consequently, great progress
has been made in forestry development.
The results of our study reflect the long-term vegetation change trend in Xinjiang and
its response to climate factors to a certain extent. The observed patterns are helpful in
realizing the evolution of the dryland ecosystem in Xinjiang. This may provide new ideas
in protecting fragile ecosystems in arid regions such as Xinjiang. For example, the rainfed vegetation can be a climate change receptor due to high sensitivity to it and the fact
that irrigated vegetation shows low sensitivity to climate change, so the two type of vegetation can be mixed-planted. Meanwhile, more detailed measures should be implemented according to the specific situation. In this way, we can better deal with the impact
of climate change on the ecological environment. In addition, the findings can further
serve as a useful reference and technical support for local adaptive decision-making. The
GEE used in this study can make the continuous and rapid observation of vegetation
growth come true, which would further facilitate local management of dry-land ecosystems. Better management of dryland ecosystems can enhance grain safety, biological diversity and sustainability under climate change conditions.
5. Conclusions
The study was undertaken to investigate the change in vegetation greenness and its
response to climate in Xinjiang from 2000 to 2019 based on the Google Earth Engine platform. The study provides a new idea for ecological protection in arid areas. However, the
effects of terrain, soil attributes and other natural factors and human activities on the
growth of vegetation cannot be ignored. We need further discoveries in future studies.
The main results are as follows:
(a) The overall NDVI increased during 2000−2019 in Xinjiang, and the NDVI of three
kinds of land use (cropland, woodland and grassland) were all in growth trend. The
change rate of mean and maximum NDVI were 0.0011 per year and 0.0013 per year,
respectively.
(b) Xinjiang overall experienced warming and wet trends over the past 20 years. SPEI is
a good indicator of climate change.
(c) In arid regions, growth is more dominated by precipitation than temperature for vegetation. These areas commonly have limited water resources because of low precipitation and high evaporation. Overall, the correlation between NDVI and precipitation (R2 = 0.48) is higher than that of temperature (R2 = 0.42). Meanwhile, natural vegetation is more sensitive to climate change than artificial vegetation.
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