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Abstract: Drought and vegetation dynamics in the northern Xinjiang Uygur Autonomous Region
of China (NXC), the centre of Asia with arid climate, were assessed using the standardized
precipitation evapotranspiration index (SPEI) and the normalized difference vegetation index (NDVI).
Analyses were performed through the use of Sen’s method and Spearman’s correlation to investigate
variations in the NDVI and the impacts of drought on vegetation from 1998 to 2015. The severity
of droughts in the NXC was assessed by the SPEI, which was revealed to increase over the last
60 years at a rate of 0.017 per decade. This indicates that an alleviating tendency of drought intensity
occurred in the NXC. Specifically, the spatial pattern of drought intensity increased gradually from
the north-western to south-eastern regions. The average yearly NDVI was 0.28 and increased slightly
by 0.001 yr−1 (r = 0.94, p = 3.64) between 1998 and 2015. Additionally, the NDVI showed an obviously
spatial heterogeneity, with greater values in the west and small values in the east. Significantly,
positive correlations between SPEI and NDVI were observed, while drought exerted a five-year lag
effect on vegetation.

Keywords: climate change; drought; SPEI; NDVI; arid zone; the northern Xinjiang Uyghur
Autonomous Region of China (NXC)

1. Introduction

The impact of worldwide climate change has led to changes in terrestrial ecosystems, of which
vegetation is a fundamental element and forms a core component of the soil–vegetation–atmosphere
continuum. Various studies have proven the sensitivity of vegetation in various regions of the world
to environmental changes [1], where vegetation dynamics are significantly affected by climate change,
particularly in the arid zone. Therefore, the investigation and examination of dynamic vegetation
changes and the major drivers for such changes has an important significance in the understanding of
the response mechanism and managing regional ecosystems [2,3].

The use of the normalized difference vegetation index (NDVI) enables the effective monitoring of
vegetation activity and natural environments at multiple scales [4,5], as well as aiding investigations
relating to climate change influences on the growth of vegetation and the structure and functions of the
ecosystem [6–10]. Previous studies have shown that the climate warming was not occurred only at the
global scale, but also in regional scale. Specifically to the arid zone, the implications of environmental
changes on regional vegetation is complex due to the spatiotemporal variations in such changes and
eco-environmental circumstances [11–13].
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Temperature and precipitation were primarily used as indicators in previous studies focusing on
the relationship between vegetation and climate change. With the further study of climate change,
the “time-lag” effect is a common method of studying climate change, due to the cumulative effect of
plants on climate change, in addition to the influence of climate conditions at that time on vegetation
change, the climate conditions in the previous period also have an impact on vegetation growth [14,15].
Some researches tried to use the drought index to analyze the impact of drought on the vegetation
dynamics. For example, Liu et al. [16] showed that the correlation between annual average values of
the NDVI and the standardized precipitation evapotranspiration index (SPEI) in Yunnan Province
of China was very weak, while the annual maximum value of the NDVI was positively correlated
with the SPEI. Li et al. [17] found a positive correlation of the NDVI and SPEI from 2001 to 2015
in China’s Hutuo River basin. The SPEI taken at multiple time scales from the monthly averages
of temperature and precipitation clearly reflect the regional dry-wet evolution and the availability
of water resources. Furthermore, the SPEI serves as an indicator of drought by taking into account
the multi-scale characteristics of the standardized precipitation index (SPI) and the implications of
evaporation on the Palmer drought severity index(PDSI), enabling a better evaluation of the recent
drought crises due to global warming, particularly those in semi-arid and arid areas [18,19].

In drylands, the loss of any precipitation-induced moisture at the ground surface is largely caused
by evaporation. The infertile nature of soils of arid and semi-arid areas and the long-term sparsity of
vegetation cover result in their fragility and sensitivity to environmental changes. The northern region
of Xinjiang (NXC) is situated within the center of Eurasia at a considerable distance from surrounding
seas, with landscapes characteristic of arid Eurasian areas. At the present time, the understanding
of vegetation dynamics in NXC is still inadequate in several respects, despite efforts made to
evaluate the impacts of environmental changes on vegetation dynamics in NXC [20,21]. Additionally,
reports have revealed an overall rise in vegetation cover in Xinjiang and evident geographical
differences, while differing climate characteristics have led to a varied response from vegetation vertical
bands [22–25]. This growth in vegetation cover is attributed to the enhancement of precipitation and
subsequent evaporation in certain ecoregions of Xinjiang [22,26,27]. Liu et al. [20] found an increase
in vegetation dynamics in Xinjiang between 2001–2012, during which the NDVI mainly exhibited a
decreasing spatial trend. Most existing studies focused on the pattern of spatio-temporal variation
of the NDVI in Xinjiang and its relationship with climate factors of temperature and precipitation,
which cannot comprehensively reflect climate change. Furthermore, research on the time-delay
characteristics of vegetation cover and meteorological factors at different spatial scales in Xinjiang is
not clear, and the scale of studies correlating the NDVI and individual climate variables is singular
and incomplete, resulting in a lack of information available to evaluate the interactions between the
climate and vegetation. The objectives of this study were (1) to investigate the frequency and intensity
of drought using SPEI in the NXC, and (2) to analyze the spatiotemporal characteristics of vegetation
characterized by NDVI, and (3) to explore the correlation between SPEI and NDVI with different time
lags. It is expected that the findings will promote regional ecological protection and maintain ecological
construction achievements under the local climate change.

2. Materials and Methods

2.1. Study Area

The NXC covers an area of 5.95 × 105 km2 with a longitude if 75◦ to 95◦ E and a latitude of 35◦ to
50◦ N, encompassing the Junggar basin, Yili and Tacheng valleys, Hami region and the Turpan basin
(Figure 1). This area of land has a climate characteristics of a central Asian desert with greater amounts
of rain in the spring season. The NXC region receives between 150 to 250 mm of rain annually with
copious amounts of sunlight and heat. The annual values of temperature accumulation above 10 ◦C
and average evaporation are 3500 to 4500 ◦C and 1000–1600 mm, respectively. The land cover data
shared from the Data Center for Resources and Environmental Sciences of the Chinese Academy of
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Sciences (http://www.resdc.cn). It has a spatial resolution of 300m and contains 22 land cover categories.
The data were generated by visual interpretation using Landsat series images [28].
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cultivated vegetation are primarily present in areas of industrial and economic development. In areas 
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Data of temperature and precipitation recorded at 48 meteorological stations in the NXC region 
shown in Figure 1 was accessed through the China Meteorological Data Sharing Service System 
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Figure 1. A map of the NXC showing the locations of meteorological stations and vegetation distribution.

We used a vegetation map (vector data) with a scale of 1:1,000,000, which was created in 2001
as a part of the Atlas of China’s Vegetation. The vector data were converted into raster format at
a 1/12 spatial resolution. The vegetation present across the NXC region can be classified into ten
types, as indicated by Figure 1. It is evident that grassland and broadleaf forest cover the largest area,
and cultivated vegetation are primarily present in areas of industrial and economic development.
In areas with mountainous cover, inappropriate land usage and alterations in climate typically lead to
the degradation of vegetation and soil [29].

2.2. Sources of Data and Subsequent Processing

2.2.1. Remote Sensing

The Global Inventory Monitoring and Modelling Systems (GIMMS 3g) NDVI dataset was obtained
from (https://ecocast.arc.nasa.gov) as the remote sensing data of this investigation. The data were
processed to reduce cloud cover, atmospheric and solar altitude angle impacts through the maximum
value composite procedure [30]. The annual value of NDVI was obtained by the monthly average
values of each year.

2.2.2. Meteorological Data

Data of temperature and precipitation recorded at 48 meteorological stations in the NXC
region shown in Figure 1 was accessed through the China Meteorological Data Sharing Service
System (http://cdc.cma.gov.cn/index.jsp). The SPI was numerically evaluated using data of monthly
precipitation, and the SPEI dataset, which can be openly accessed from the Spanish National Research

http://www.resdc.cn
https://ecocast.arc.nasa.gov
http://cdc.cma.gov.cn/index.jsp


Land 2020, 9, 90 4 of 18

Council (CSIC) (http://digital.csic.es), was calculated using the average values of monthly temperature
and precipitation of.

2.2.3. Drought Metric

The drought in NXC was examined using SPEI, allowing for a greater understanding of its
commencement, timespan, severity and scope of impact. The data obtained from (http://digital.csic.es/
handle/10261/153475). Further details of SPEI calculation are described in the Appendix A.

2.3. Statistical Analyses

2.3.1. Trend Analysis

The identification of critical trends of climatological changes over a period of time can be performed
through parametric and non-parametric techniques. For both methods of trend detection, the data
must be independent and additionally exhibit a normal distribution for parametric trend testing.
This investigation utilized the non-parametric methods of Mann-Kendall (M-K) and Sen’s slope
estimator to analyze the trends of meteorological variables [31].

(1) Sen’s slope estimator
The Sen’s slope estimation and Mann-Kendall trend test are combined to identify the trend in

the long time series vegetation cover [32]. Sen’s slope estimation method was used to calculate the
slope equation of the sequence. Slope is the average rate of change of the sequence and the trend of the
time series, The Sen’s slope estimation is a robust nonparametric statistics method and the calculation
formula is

β = Median
(NDVIi −NDVI j

i− j

)
,∀i ≺ j (1)

where 1 < i < j < n. β is utilized to quantify the monotonic trend. The equation represents the median
of the combined slope of the data (the data number is n (n − 1)/2). When β > 0, it reflects that the
vegetation cover in this time series shows an increasing trend; otherwise, a decreasing trend occurs.

(2) Mann–Kendall trend test
The Mann–Kendall analysis was first developed by Mann and Kendall. It is a non-parametric,

rank-based method for evaluating trends in time-series data [33]. Compared to other analysis methods,
the use of nonparametric techniques is known to be more resilient to outliers. After a series of
improvements, the current calculation process in this study was perfected. To perform this test,
you first construct a rank sequence (Sk) for time series:

Sk =
k∑

i=1

ri(k = 2, 3, . . . . . . , n) (2)

where k is the dataset record length, here is the year. In addition, ri is

ri =

{
1 xi � xk
0 xi ≺ x j

}
( j = 1, 2, . . . . . . , i) (3)

Under the assumption of random and independent time series, the statistic Z is defined as

Zk =
(Sk − E(Sk))√

Var(SK)
(K = 1, 2, . . . . . . , n) (4)

Moreover, Z1 = 0, E(Sk) and Var (Sk) are the mathematical expectation and variance, respectively:

E(Sk) =
n(n− 1)

4
(5)

http://digital.csic.es
http://digital.csic.es/handle/10261/153475
http://digital.csic.es/handle/10261/153475


Land 2020, 9, 90 5 of 18

Var(Sk) =
n(n− 1)(2n + 5)

72
(6)

The value of Zk is positive, thus averages an increasing trend, and vice versa. Compared Zk with
Zα (α is the significance level, α = 0.05 for this study), the result of |Zk| > Zα (Z0.05 = 1.96) represents
that the series has a significant trend during this period. All Zk will form a UF curve. The reliability test
can be used to determine whether there is an obvious change trend. Applying the same method to the
inverse sequence, to another curve UB. UF > 0, the table sequence shows an upward trend, and UF < 0
shows a downward trend. If the two curves of UF and UB intersect at the critical point, the moment
corresponding to the intersection point is the time when the abrupt transition begins [34–36].

This trend analysis and significance testing is also applied to the meteorology data, which can be
implemented by Raster calculator in ArcGIS and writing a piece of code in MATLAB

2.3.2. Frequency of Drought

The frequency of drought occurrence was examined through the ratio (Pi), defined in
Equation (7) [37]:

Pi = (n/N) × 100% (7)

where n represents the number of the years over which a region experiences a drought with SPEI≤−0.50,
N is the number of years between 1960 to 2015, and i represents the identifier for each region.

The SPEI dataset was obtained from the differences between precipitation and potential
evapotranspiration which are standardized by the long-term climatic balance [38]. Thus, the SPEI
can provide an effective indication of drought severity under precipitation and temperature effects.
The evaluation of SPEI spans over a course of 1 to 48 months, reflecting the cumulative water availability
over the specific time period. As such, the severity of droughts can be assessed through the SPEI [39,40],
and further details are available in Appendix A. This study utilized a 12-month SPEI (SPEI12) to assess
droughts from 1960 to 2015, which has been shown to accurately reflect the behaviors of soil moisture
variations over the short-term. According to the standards proposed by the Chinese Academy of
Meteorological Sciences in 2006 [41], the categorization of the SPEI meteorological drought index can
be seen in Table 1.

Table 1. Categorization of meteorological drought through the SPEI.

Level Type Drought Severity

1 SPEI ≥ 2 Extremely wet
2 1.5 < SPEI ≤ 2 Severely wet
3 1 < SPEI ≤ 1.5 Moderately wet
4 −1 < SPEI ≤ 1 Near normal
5 −1.0 < SPEI ≤ −0.5 Mild drought
6 −1.5 < SPEI ≤ −1.0 Moderate drought
7 −2.0 < SPEI ≤ −1.5 Severe drought
8 SPEI ≤ −2.0 Extreme drought

2.3.3. Linear Regression Analysis

The least squares method was applied to the slope (or gradient) of the trendline to dynamically
analyze the changes in vegetation of each pixel and expressed in Equation (8). This method allows for
a representation of the spatiotemporal changes of vegetation coverage to be obtained [42]:

θslope =
n×

∑n
i=1 i×Ci −

(∑n
i=2 i

)(∑n
i=1 Ci

)
n×

∑n
i=1 i2 −

(∑n
i=1 i

)2 (8)

where θslope is the slope of the trend line, n represents the duration of study (n = 18), and Ci represents
the NDVI of the ith year.
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2.3.4. Correlation Analysis

Each pixel was analyzed spatially to obtain the coefficient of correlation R between the NDVI
and SPEI:

R =

∑n
i=1[(xi − x)(yi − y)]√∑n

i=1 (xi − x)2∑n
i=1(yi − y)2

(9)

where xi and yi represent the respective values of SPEI and NDVI for the ith year, while x and y are
average SPEI and NDVI values over many years.

The points of trend variations of the SPEI and NDVI over time were identified through the
least squares method, after which the behaviors of the two indices were evaluated at each phase
between points of variation. The correlation coefficient (R) between the average NDVI, rainfall and
temperature per year versus the NDVI value of the same year were evaluated to understand the
impacts of inter-annual climatic variables on vegetation dynamics.

3. Results

3.1. The Spatial and Temporal Distributions of Drought

Annual average SPEI from 1960 to 2015 is shown in Figure 2. Applying Sen’s slope estimation,
the annual SPEIs increased at a linear rate of 0.017yr−1 (p < 0.01), and shows a significance level of
α = 0.05 based on the M–K test (Figure 2b).The lower the SPEI was, the heavier the drought occurrence
was; that is, an increasing trend of SPEI indicates that drought occurrence has been decreasing.
With reference to the drought classifications of Table 1, the inter-annual variation of the SPEI indicates a
total of 16 droughts from 1960 to 2015 in the NXC region, at a frequency of 28.57% (Figure 2a). The data
also show light occurrences of drought in 1964, 1966, 1973, 1975, 1981 and 1985, and moderate droughts
in 1961, 1962, 1967 and 1974. Furthermore, it can be seen from the UF curve that the average SPEI in
NXC shows an increasing trend and exceeds the critical line at 0.05 significance level. In the critical
line of 0.05 of the significant level, the UF and UB curves intersect in 1982, which is the beginning of
the NXC annual average SPEI mutation and exceeded the 0.05 significant level in 1993.

The changes of the SPEI spatial pattern in the NXC region from 1960–2015 is presented in Figure 3,
showing a gradual increase in spatial distribution of drought intensity from northwest to southeast,
with the drought intensity strongest in the eastern regions (Dongjaing), including Turpan and Hami.
Overall, large differences in drought frequency exist, with greater dryness observed in about 16.7% of
the investigated area. The areas of the western and northern regions of Altay, Tacheng, Yili, Wu-chang
area, and the Bozhou regions experienced increasingly wet climates. The regions which experienced
drier conditions were basins at low elevations with barely utilized land. The areas are described as
wasteland, saline–alkaline land, or sandy land, which encompass the Turpan and Hami basins (SPEI
tendency rate value was from −0.21 to 0.26). Although regions which retain water more effectively
exhibit greater wetness, other areas are likely to lose moisture, causing further imbalances in water
resources between arid and semi-arid land.
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3.2. The Spatial and Temporal Distributions of vegetations

The interannual variations in NDVI for the NXC are shown in Figure 4. It is indicated that NDVI
significantly increased at the rate of 0.0015/year (r = 0.64, p = 0.0001) from 1998 to 2015. In addition,
the maximum appears in the year 2010 (Figure 4a).The findings of point analysis suggest the occurrence
of trend variations in 2001, 2006 and 2010 (Figure 4b) with a decreasing average NDVI value from 1988
to 2001 (r = 0.98, p = 0.001), demonstrating a degradation in vegetation during this time. Conversely,
an increase in the average NDVI by 0.01 from 2001 to 2006 (r = 0.98, p = 1.29) was observed, while further
increases from 2006 to 2010 (r =0.99, p = 0.0001) and 2010 to 2015 (r = 0.99, p = 2.24), signal growing
improvements in vegetation of this area. The results reveal an average yearly NDVI of 0.28, rising at
0.001/year (r = 0.94, p = 3.64) from 1998 to 2015 (Figure 5b), with a maximum observed in the year
2010. Although deviations in NDVI were largely negative prior to 2002, positive anomalies can be
observed from 2002 onwards. Moreover, the M-K test (Figure 4c). Moreover, from the Mann-Kendall
test (Figure 4c). From the UF curve, it can be seen that the average NDVI index of NXC shows a
decreasing—continuously increasing—decreasing trend from 1998 to 2015, However, neither exceed
the 0.05 significant level. Within the significant level of 0.05, The UF and UB curves intersect in 2002,
which is the beginning of the NDVI exponential mutation in NXC.Land 2020, 9, 90 9 of 19 
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variations in average NDVI throughout the region, ranging from 0.14 to 0.66 with greater values 
observed in the west and lower indices in the east. Areas with significant vegetation coverage such 
as the forestry and grassland of the Altay and Tianshan Mountains in Yili, Bozhou, and Tacheng, 
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Figure 5. (a) Yearly average NDVI values and (b) slope of annual NDVI variations in the NXC from
1998 to 2015.

According to the GIMMS data, the maximum and minimum NDVI of the NXC region were 0.344
and 0.25, respectively, between 1960 and 2015. Figure 5a presents a spatial map of the average NDVI
for all the regions of investigation the regional variations in the gradient of yearly NDVI from 1960
to 2015 is depicted in Figure 5b. Regional values were segregated into five categories depending on
the difference between the highest and lowest NDVI values. The results of Figure 5 reveal evident
variations in average NDVI throughout the region, ranging from 0.14 to 0.66 with greater values
observed in the west and lower indices in the east. Areas with significant vegetation coverage such
as the forestry and grassland of the Altay and Tianshan Mountains in Yili, Bozhou, and Tacheng,
which make up most of the study area, generally exhibited an NDVI of over 0.66. The distribution of
vegetation is consistent with the regional water balance apart from the Junggar and Turpan basins due
to the elevated altitude and human impacts on the environment. Lower NDVI values were primarily
found in the Dongjiang area and Gurbantunggut Desert, owing to the sparse vegetation cover and lack
of land usage. The trend of NVDI variance over the region suggests an overall reduction from the
west to the east. Furthermore, the index displays a rising tendency in most areas, particularly near
the Ebinur Lake and central NXC (Shihezi, Urumqi), where the greatest rate of NDVI increase of over
0.034/year can be found (Figure 5b).
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3.3. Climate Change Influences on Vegetation Dynamics

The average NDVI is seen to respond differently to variations in the inter-annual variability of
precipitation and temperature, as presented in Table 2 and Figure 6. The NDVI was strongly and
positively correlated with precipitation (reached the significance level of 0.05), but the relation is weak
to temperature, implying that precipitation has a great influence on vegetation in the NXJ over the
long term. The average NDVI correlates positively with the annual precipitation (0.541, p < 0.05) in
most of the vegetated areas (Figure 6a,b), and the correlation coefficients display regional variations
over the investigated area. This significant correlation of the NDVI and precipitation in the mountains
and basins was markedly greater than in the desert areas of NXC. Specifically, it is observed in the
southwestern (Yili, Bozhou, Tacheng) and northern regions of Altay and Turpan, and the Hami Basin.
In contrast, the NDVI of the deserts were negatively correlated to precipitation, particularly in the
Gurbantunggut Desert and the Gobi Desert.

Table 2. Spearman’s correlation coefficients for the NDVI, precipitation, and temperature in NXC.

1998–2015 Precipitation Temperature NDVI

Precipitation 1 0.469 * 0.541 *
Temperature 1 0.127

NDVI 1

* With a significance level of 0.05.
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Figure 6c,d illustrates the that the average NDVI was insignificantly and positively correlated to
the inter-annual variability of temperature in the majority of vegetated areas (correlation coefficient of
0.127), while the Altay Mountains, Gurbantunggut Desert and Gobi Desert of eastern Xinjiang showed
negative correlations. Furthermore, the correlation coefficients in the southwest regions (Yili, Bozou,
Tacheng), Hami Basin and Tianshan Mountains were highly positive.

The annual average SPEI from 1998–2012 and the NDVI data from 1998–2015 at each station of
NXC were used to analyze the correlation coefficient R between the two in different years and to
explore the correlation and hysteresis between the two in the inter-annual change. Table 3 shows
the correlation coefficient between annual average NDVI and annual average SPEI, including the
correlation coefficient between the same years (1998–2015), in the lag of one year (1997–2014), in the
lag of three years (1995–2012) and in the lag of five years (1993–2010). Greater positive values of SPEI
suggest meteorological conditions of higher humidity, which favour vegetal development. NDVI with
a lag of one year in the study area showed a negative correlation with SPEI, which may be related to
the climatic zone, indicating that the change of drought degree affected the vegetation status in this
area to a certain extent. Moreover, the SPEI and NDVI are positively correlated at temporal scales with
a five-year lag (Table 3), and changes in vegetation indices such as the NDVI also exhibited a time lag
to variations in SPEI. Obvious positive responses to the SPEI were found for the NDVI, demonstrating
the clear influence of drought on the annual NDVI values and its high sensitivity to changes in the
drought index.

The relationship between the SPEI and NDVI in NXC from 1998 to 2015 (Figure 7a) and its
corresponding significance are depicted in Figure 7b. Most of the investigated area exhibits positively
correlated SPEI and NDVI values at the 0.05 level. These findings demonstrate the dependence of
vegetation growth on the availability of water. However, negative correlations were found in the
smaller areas of the Junggar and Turpan basins, which can be attributed to severe drought conditions
where the moisture level is incapable of supporting vegetation. The significance tests show that the
relationships are insignificant except for those in the Dongjiang central region.
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Table 3. Spearman’s correlation coefficients for the vegetation index and SPEI of the NXC.

Vegetation
Index Period Spei

(Zero Year Lag)
Spei

(One Year Lag)
Spei

(Three-Year Lag)
Spei

(Five-Year Lag)

NDVI-annual 1998–2015 0.4718 −0.209 0.106 0.146 *

* With a significance level of 0.05.

4. Discussion

Among the various types of natural disasters, droughts are considered to cause some of the
greatest damage to the social economy, environment, and humans [43]. The results indicate an increase
in the spatial extent of droughts throughout the NXC between 1960 and 1986, primarily due to reduced
precipitation and increased evaporation, although droughts decreased in 1986 [44]. Since the 1990s,
the frequency of droughts in NXC has dropped due to greater humidification, and the scope and
incidents of drought have also reduced [45]. As discussed, the NXC is located in north-western China,
and because of the dry conditions, the majority of land in the NXC is arid, while the south-western areas,
including the Yili River basin, exhibits a more humid climate [46]. The findings of this investigation
also reveal the occurrence of moderate drought four times since the 1960s. Droughts can lead to
regional alterations in water balance, causing adverse effects on grassland productivity and in turn
hindering sustainable animal farming, which is an important industry of the NXC region.

The SPEI of the NXC showed an increasing trend from 1961 to 2015, indicating an alleviation
in drought frequency. Moreover, the results of the M–K mutation test show that the SPEI increased
significantly after the mutations in 1990, and a mutation in the NDVI was observed in 2002.
This phenomenon is due to the incoherence and lags of climate change. The spatial distribution
results show that the place where the drought is occurring is consistent with the actual local research
results [47,48]. Consequently, the SPEI is a useful indicator of climate change effects on the NDVI
dynamics. Remote datasets were used in this analysis to compute changes in the NDVI, which
showed a slight increasing trend (0.001/10a) for the NDVI in the NXC from 1998 to 2015, which is
consistent with the results of previous studies [49,50]. For the correlations between vegetation and
climate indices (e.g., SPEI), the results indicate that the correlation coefficients between the NDVI and
climate factors presented characteristics of regional variation, revealing that certain climate extreme
indices had stronger impacts on vegetation in the NXC. In addition to the regional deviations in
climate, these observations are also a result of the complex and differing characteristics over the NXC.
These findings are in accordance with those reported by Ci et al. [51,52], and may cause uncertainties
in the impacting factors of vegetation. Furthermore, inappropriate land utilization as well as various
ecological restoration schemes since the 1990s could have contributed to the differences in correlation
slope distribution. The correlation between the NDVI and SPEI appears to be stronger in the southwest
and northwest of NXC than in the central parts of the Junggar and Turpan basins.

Combined with climate change researches in NXC in recent years, the NXC is becoming warmer
and wetter [48,53]. The NDVI was strongly and positively correlated with precipitation, but related
weakly to temperature, implying that precipitation has a great influence on vegetation in the NXC over
the long term. This is consistent with the research results of Wang et al. [52] who found that the SPEI
showed a slight decline trend from 1982 to 2012, that is, weak dryness, in terms of spatial distribution,
the trend of drought was mainly distributed in northeast China, loess plateau and southwest China,
while the trend of wetting was obvious in northwest China, and rainfall dominated vegetation growth
in north China, Especially in Xinjiang. The NDVI and SPEI were found to be negatively correlated
in the central parts of the Junggar and Turpan basins, which can be linked to the severe droughts
where moisture levels are incapable of supporting vegetation, or the cold climate of high-altitude
mountainous basins. Recent explorations of the climate-vegetation interactions in north-western China
back the conclusions of this study, which have demonstrated the dependence of vegetal development
on the sufficiency of water in arid and semi-arid areas. Obvious correlations were primarily found in
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the northern regions of the area studied, while the north-western and western sectors mainly had a
wet climate with greater vegetation cover, and the northeastern parts of Dongjiang showed evident
dryness with little vegetation cover.

Due to global climate change, the vegetation ecosystems in Eurasia show a series of spatiotemporal
variations that directly influence the ecological environment in the countries and regions of the Belt and
Road Initiative (BRI). The task of simulating the spatial and temporal trends of these ecosystems from
the perspective of global climate change has become a focus of environmental research in countries
and regions involved in the BRI [54]. At the same time, in the context of global change, with the
gradual promotion and implementation of the BRI, the analysis of the dynamic changes of vegetation
ecosystems in Eurasia can provide scientific data and aid in various ecological and environmental
studies and sustainable development planning.

The findings of this investigation are in agreement with the existing literature on the time-lag
effects of vegetation responses to drought [55]. Liu et al [56] found that NDVI in Yunnan, China,
and NDVI in SPEI has a lag of one year, while in lancang River basin, China, there is a lag of two year.
The reason why this is inconsistent with the results of this paper is the response and lag period of
NDVI to SPEI are related to the climate region, vegetation type and growth status, and soil texture.
Different data sources, research period, research scope and analysis methods may cause differences in
research results. It should be noted that as data of both rainfall and temperature were used to obtain
the drought indices of the investigation, the independent impacts of the two factors on the NXC will
require further investigation. Uncertainties in the accuracy of the SPEI also exist due to the limitations
of both the density and spatial distribution of meteorological data. This paper provides a theoretical
basis for further exploration of the relationship between the NDVI changes and its human factors.

5. Conclusions

This investigation examined the dynamic characteristics of drought and vegetation cover over the
NXC region and evaluated the interactions between the two from 1998 to 2015. On an inter-annual
scale, both NDVI and SPEI showed a fluctuating and increasing trend, and the vegetation status
was slightly improved. Since climate change in recent years, the drought degree of NXC has been
weakened, and the trend of warming and humidification has been strengthened, which provides
favorable conditions for the ecological restoration of the region. It was determined that while humid
years contributed to greater vegetation coverage in the NXC, growth was hindered in drier years.
Most regions of NDVI and SPEI in NXC show a significant positive correlation, indicating that the
response degree of SPEI to NDVI at each station of NXC may be related to the climatic zone, the effect
of climate change on NDVI could be reflected well by SPEI, which comprehensively considers the
temperature and precipitation together. Furthermore, a five-year time lag in the NDVI response to the
SPEI. The research results provide an important theoretical basis for the planning, management and
development of regional vegetation conservation, agriculture, forestry and animal husbandry in China.
However, the impacts of human activities and climate factors on vegetation cover evolution remains to
be understood, and further discussion is needed in future research. In addition, the sensitivity and
response characteristics of different vegetation types, land utilization and seasonal variations of the
NDVI to climate change must be further explored.
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Appendix A

Appendix A.1. SPI and SPEI Data

The SPI was first proposed by McKee et al. [57] and is commonly applied to evaluate changes
in meteorological and hydrological droughts. The software spi_sl_6.exe (https://drought.unl.edu/

droughtmonitoring/SPI/SPIProgram.aspx) provided by the National Drought Mitigation Center was
used to numerically evaluate the SPI. The SPEI and its corresponding software for calculation
(http://digital.csic.es/handle/10261/10002) was developed by Vicente-Serrano et al. [58] to evaluate
drought variations.

Appendix A.2. Potential Evapotranspiration

The Penman–Monteith (PM) method is a commonly used approach recommended by the Food
and Agriculture Organization of the United Nations to determine the potential evapotranspiration
(PET) [59], and is considered by the International Commission on Irrigation and Drainage and American
Society of Civil Engineers as the standard method for such calculations [60]. Combining the SPEI with
the PM method was revealed to increase the reliability of results in arid areas of Northwest China [61].
As such, this method is applied in this study to calculate the PET given in Equation (A1).

PET =
0.408∆(Rn −G) + γ. 900

273+T ·u2·(ea − ed)

∆ + γ(1 + 0.34·u2)
(A1)

where ∆ represents the gradient of the saturation vapor pressure curve (kPa◦C−1); T represents average
daily air temperature (◦C); ea represents the saturation vapor pressure (kPa); Rn represents net radiation
at the surface (MJ/(m2 d)); ed represents the actual atmospheric water vapor pressure (kPa); G represents
all-wave ground heat flux, (MJ/(m2 d)); γ is the psychometric constant (kPa ◦C−1) and u2 represents the
daily average wind velocity at 2 m above ground level (m s−1).

Appendix A.3. Standard Precipitation-Evapotranspiration Index

The numerical evaluation of SPEI is based on that of the original SPI. In addition, standardizes
the difference between rainfall and PET to describe the extent of deviation of wet or dry conditions.
The calculation procedure is detailed below:

(1) First, the difference between precipitation and monthly PET is obtained:

Dj = Pj − PETj (A2)

where, Pj and PETj represent the total rainfall and PET of the jth month. Respectively (mm).
(2) Next, the Di data sequence is normalized. Three parameters of the log-logistic probability

distribution F(x) are used for the normalization of Di, and the SPEI values corresponding to each Di are
calculated respectively.

F(x) =

1 + (
α

x− γ

)β−1

(A3)

where α, β and γ represent the respective scale, shape and position parameters, obtained through
equations proposed by [58].

https://drought.unl.edu/droughtmonitoring/SPI/SPIProgram.aspx
https://drought.unl.edu/droughtmonitoring/SPI/SPIProgram.aspx
http://digital.csic.es/handle/10261/10002
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The probability p of definite Xi k, j values are evaluated by Equation (A4):

p = 1− F(x) (A4)

If p ≤ 0.5

w =
√
−2 ln(p) (A5)

SPEI = w−
c0 + c1w + c2w2

1 + d1w + d2w2 + d3w3
(A6)

If p > 0.5

w =
√
−2 ln(1− p) (A7)

SPEI =
c0 + c1w + c2w2

1 + d1w + d2w2 + d3w3
−w (A8)

where C0, C1, d1, d2 are 2.515517 . . . respectively.
SPEI values greater than 1.0 indicate increasing humidity, while values below −1.0 are

representative of drier conditions. The SPEI is classified into seven categories to describe the
intensity of drought (Table 1).
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