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Abstract: With the influences of climate change and human activities, the resources and environ-
ment of “One Belt and One Road” are facing severe problems and challenges. This study aims to 
analyze the temporal and spatial dynamics of the drought environment and the response of vege-
tation cover to the drought by using drought indicators. Gravity Recovery and Climate Experiment 
(GRACE) drought severity index (GRACE-DSI) and GRACE water storage deficit index (GRACE-
WSDI), were calculated to present hydrological drought. Moreover, based on GRACE, Water-Global 
Assessment and Prognosis (WaterGAP) model, and Global Land Data Assimilation System 
(GLDAS) data, the groundwater in Central Asia was retrieved to calculate the groundwater drought 
index called the GRACE Standardized Groundwater Level Index (GRACE-SGI). The results show 
that the annual precipitation in Central Asia increased slightly at a rate of 0.39 mm/year (p = 0.82) 
since 2000, while the temperature increased slightly at a rate of 0.05 ℃/year (p = 0.10). The water 
storage decreased significantly at -0.59 mm/year (p <0.01) and experienced a decrease-increase-de-
crease process. During the study period, the arid situation in Central Asia deteriorated, especially 
in the eastern coast of the Caspian Sea and the Aral Sea basin. From 2007 to 2015, the Central Asian 
environment was generally arid and suffered from different du-rations and degrees of hydrological 
and groundwater droughts. The drought indicators (i.e., GRACE-DSI, GRACE-WSDI) and the 
NDVI showed a significantly positive correlation during the growing season. However, the NDVI 
of cultivated land and grassland distribution areas in Central Asia showed a strong negative corre-
lation with GRACE-SGI. It is concluded that the drought environment in Central Asia affected the 
growth of vegetation. The continued deterioration of the arid situation may further stress the eco-
logical system in Central Asia. 
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1. Introduction 
Drought is the most common and the most widespread natural disaster in the world. 

It can be frequent and long-lasting, resulting in a wide range of impacts and damages. 
Drought has a profound impact on agricultural production, ecological environment, and 
socio-economic development [1]. The economic losses caused by global climatic disasters 
account for 70% of total losses of natural disasters, while the losses resulting from drought 
account for 50% of the climatic losses [2]. Climate change is still a global challenge as 
poorly addressed by governments, and climate warming made drought disasters and 
risks more and more severe [3]. Unfortunately, the occurrence of global drought disasters 
has gradually become overwhelming as the frequency and intensity of extreme drought 
events continue to increase. Drought disasters became more prominent and more destruc-
tive, and their impacts lead to global consequences [4]. While causing huge economic 
losses, droughts also increasingly have an enormous negative impact on society and the 
ecological environment, especially in developing countries. In addition, human activities 
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contributed to the accelerating droughts, especially in arid and semi-arid regions, where 
natural ecosystems are relatively vulnerable, with a combination of low rainfall, intensive 
evaporation, low vegetation covers, and scarce water resources. The drought occurrences 
in human-dominated environments should not be perceived as purely natural hazards 
since anthropogenic changes to the land surface alter hydrological processes and affect 
the development of drought [5]. Meteorological to hydrological drought propagation was 
influenced mostly by direct human activities, which has both positive and negative effects 
on the severity and duration [6]. 

Central Asia is located in the core area of "One Belt and One Road", and is an inland 
arid and semi-arid region, with extremely unevenly distributed water resources [7, 8]. 
Municipal and industrial water sources are mainly sourced from glacial meltwater, which 
somewhat alleviates the drought stress in Central Asia [9]. Due to significant geographic 
heterogeneity and complex climate system processes [10], ecosystems are very sensitive 
to global climate changes [11]. In the past 30 years, the temperature rise rate in Central 
Asia reached 0.4 ℃/decade, higher than that of the northern hemisphere land and sur-
rounding areas (0.3 ℃/decade). Moreover, it shows rapid warming in the center of Cen-
tral Asia, while a decreasing rate from northwest to southeast [12]. The changing climate 
impacts the water resources in the region directly and rapidly. The total water storage 
over Central Asia, derived from GRACE and GLDAS, shows a decreasing trend over the 
past 30 years [13]. The water resources diminished from 2003 to 2013 at a rate of -4.44 ± 
2.2 mm/a [14].  

Climate change and its environmental pressure on the unique temperate desert eco-
systems of Central Asia threaten the ecological security of the core area of "One Belt and 
One Road". With the background of global warming, there have been significant vegeta-
tion changes in Central Asia since the 21st century. While vegetation greening led to sig-
nificant temperature decreasing, that moderating regional warming throughout Central 
Asia [15], the arid environment in Central Asia is getting drier [16]. Between 1966 and 
2015, most drought events in Central Asia lasted 3 to 5 months and tended to have an east-
west trajectory [17]. Since the beginning of the 21st century, Kazakhstan suffered drought 
hazards every year. Droughts in different severity occurred in half of Central Asia in 2000, 
2008, 2011, 2012, and 2014, and the most severe droughts took place in 2012 and 2014 [18]. 
Due to the combination of low rainfall, high temperature, and frequent natural disasters, 
western Central Asia's desertification is intensifying [19].  In the future century, Central 
Asia is expected to become drier, especially in the western part of Turkmenistan, Uzbeki-
stan, and Kazakhstan, potentially impacting agriculture in the region [20]. 

Traditionally, the drought monitoring and evaluation methods are mostly based on 
hydrometeorological observation data, such as precipitation and evapotranspiration. Due 
to the spatial heterogeneity of the natural environment and the scarcity of ground-based 
observations, the spatial distribution characteristics of droughts obtained through inter-
polation have large uncertainties [21], which necessitates further improvements. Addi-
tionally, it is infeasible to adequately assess the risk of drought disasters based on a single 
variable or indicator, such as precipitation, runoff, or soil water [22]. The causes and ef-
fects of droughts are complex, affecting not only surface water but also groundwater. 
Changes in regional-scale water storage include groundwater, soil water, surface water, 
ice, snow, biological water content, precipitation, evapotranspiration, and so on.  

Hence, the drought indicators that consider all of these changes can more compre-
hensively capture the characteristics of drought disasters. The Gravity Recovery and Cli-
mate Experiment (GRACE) satellites are used to monitor the dynamics of terrestrial water 
storage [23], and the hydrological variations [24]. The change in water storage derived by 
the GRACE satellites, including surface water and the groundwater over 10 km, is the 
composite outcome of natural processes and human activities. The analysis of droughts 
from GRACE-based water storage is more comprehensive than the traditional methods 
[25]. Comparing to other remote sensing data for monitoring the occurrence of droughts, 
GRACE assessments of water storage have the advantage of predicting hidden drought 
disasters. For example, the soil moisture in the root zone may be in a suitable condition, 
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while irrigated agriculture consumed a large amount of groundwater. Thus, GRACE as-
sessments of water storage are valuable for monitoring and predicting drought disasters. 

Based on the gridded hydrological drought index and groundwater drought index 
retrieved from GRACE satellite water storage changes, this paper quantitatively evaluates 
the spatial and temporal distribution of hydrological and groundwater drought events in 
Central Asia since the 21st century. This study could provide scientific data for the eco-
environmental protection policies and practices. 

2. Materials and Methods 
2.1. Study Area 

The Central Asian region (35.14°~ 55.44°N, 46.50°~ 87.35°E) includes five countries: 
Kazakhstan, Kyrgyzstan, Tajikistan, Uzbekistan, and Turkmenistan. It is located in the 
Eurasian continent's hinterland, covering a vast area of about 4.19 million km2 (Figure 1). 
The terrain is generally high in the southeast and low in the northwest, with a typical 
mountain basin structure. The region is of a typical continental climate of temperate de-
serts and grasslands, with sparse and extremely uneven distributed precipitation (125 to 
289 mm/year) [26], and climate is drier in the east and west than the rest. The average 
summer (July) temperature is between 26℃ and 32℃, while temperature ranges from -20
℃ at the northern end to 2℃ in the south of the basin. The regional evapotranspiration 
greatly exceeds precipitation. As shown in Fig. 1, the major vegetation types in Central 
Asia are cropland (22%), grassland (24%), forest (2%), shrubs (7%) and sparse vegetation 
(17%). The southeast parts of Central Asia are mainly mountainous areas, with abundant 
water resources. Central Asia's center is mainly covered by sparse vegetation; the north-
ern CA is dominated by farmland and grassland, while grasslands and croplands are 
mixed in the eastern part. The mountain-oasis-desert ecosystem in this area makes it 
unique and complex in response to global climate change [27]. 

Central Asia has rich land resources; however, local agriculture is not fully developed 
due to the limitation of water resources. The per capita arable land area of the five Central 
Asian countries is 0.52 hectares, which is about six-fold of the one in China. Agriculture is 
the primary sector in Central Asia; about 90 % of water abstractions are consumed in local 
agriculture, with the land undergoing widespread irrigation [28]. According to the FAO 
statistics, irrigated agriculture prevails in Central Asia except for the northern part of Ka-
zakhstan, where features rainfed agriculture (http://www.fao.org/nr/water/aquastat/irri-
gationmap/index10.stm). Given the necessity for irrigation across most of Central Asia, 
water is the most critical factor driving the economic and social development in the region 
[29]. 
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Figure 1. The location of the Central Asia, and land cover over the Central Asia in 2018. The Cen-
tral Asia includes five countries. 

2.2. Satellite Data 
GRACE satellites launched in 2002 provide a new method to monitor drought/flood 

events. Terrestrial water storage changes (TWSC) can be captured by GRACE satellites 
observing Earth’s mass redistribution. The latest GRACE CSR RL06 Mascon TWSC were 
retrieved via the GRACE website (http://www2.csr.utexas.edu/grace/RL06_mas-
cons.html). This dataset has a monthly temporal resolution and a spatial resolution of 
0.25°. Previous studies have shown that the accuracy of the TWSC based on the Mascon 
algorithm is higher [30]. The terrestrial water storage anomalies (TWSA) were calculated 
by removing the monthly average of TWSC during the study period from the monthly 
TWSC. Previous studies that focused on the spatiotemporal characteristics of TWSC of 
Central Asia [13, 14] approved the effectiveness of GRACE data in this region. With the 
support of TWSA, we calculated two hydrological drought indicators, the GRACE 
drought severity index (GRACE-DSI) [31] and the GRACE water storage deficit index 
(GRACE-WSDI) [32]. 

The GRACE TWSC integrates five parts, including groundwater, soil water, surface 
water, ice and snow water, and biological water content in the vertical direction [33]. Bio-
logical water change is usually neglected due to its relatively little change amount in de-
riving groundwater change [34]. With the availability of the GRACE TWSA, the soil mois-
ture and snow water equivalent data of the Global Land Data Assimilation System 
(GLDAS), surface water storage of the hydrological model Water-Global Assessment and 
Prognosis (WaterGAP), we derive the groundwater storage in Central Asia by Equation 
1. Further, the GRACE standardized groundwater level index (GRACE-SGI) [35] is calcu-
lated accordingly. 

𝛥GWS = TWSA − ΔSM − ΔSWE − ΔSW                    (1) 
where𝛥represents the amount of change, GWS is the groundwater storage, TWSA is the 
terrestrial water storage anomalies, SM is the soil moisture, SWE is the snow water equiv-
alent, and SW is the surface water. 

The soil moisture (SM), snow water equivalent (SWE), precipitation, and air temper-
ature were obtained from the Noah model of GLDAS-2.0 and GLDAS-2.1 [36], at the 
monthly time scale with a spatial resolution of 0.25°× 0.25°. The GLDAS model data have 
been widely used in various regions, including Central Asia [13, 14]. All of the spatial data 
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were reprojected to the WGS84 geographic coordinate system and were masked by the 
study area's boundary. Based on the monthly soil moisture and snow water equivalents, 
the monthly anomalies between 2002 and 2017 were calculated, which is the monthly val-
ues of soil moisture or snow water equivalent minus the averages. Based on the principle 
of groundwater-derived, the spatial and temporal dynamics of groundwater in the region 
were quantitatively retrieved with water storage change, soil moisture, and SWE anoma-
lies. The climate distribution in Central Asia was analyzed, and the gridded Standard Pre-
cipitation Index (SPI) at different periods were calculated with monthly precipitation [37]. 

The surface water storage, including rivers, lakes, wetlands and reservoirs, were ob-
tained from the hydrological model WaterGAP, which was developed by Döll et al. [38]. 
This model simulates global-scale terrestrial water storages and flows under the influence 
of humans except Antarctica [38, 39]. With a spatial resolution of 0.5°× 0.5° every month, 
surface water storage from WaterGAP model for the period of 2003-2016 were used in this 
paper. A thorough description of the model and its components can be found in Müller 
Schmied et al. [39].  

The surface water storage, including rivers, lakes, wetlands and reservoirs, were ob-
tained from the hydrological model WaterGAP [38]. This model simulates global-scale 
terrestrial water storages and flows under the human influence [38, 39]. Monthly surface 
water storage from WaterGAP model for 2003-2016 is in a spatial resolution of 0.5°× 0.5°. 
A thorough description of the model and its components is available in Müller [39].  

We utilized the L3 level normalized vegetation index (NDVI) at 0.05°spatial resolu-
tion of the Terra Moderate Resolution Imaging Spectroradiometer (MODIS) sensor 
(MODIS / Terra Vegetation Indices Monthly L3 Global 0.05deg CMG) from 2002 to 2017 
derived from the NASA Land Processes Distributed Active Archive Center (LPDAAC) 
(available at https://ladsweb.modaps.eosdis.nasa.gov/search/). The MODIS Reprojection 
Tools (MRT) was used to implement the format conversion, splicing, and projection.  

With the support of python and the arcpy package, the 0.5°grid surface water and 
0.05°grid NDVI index data were resampled to 0.25°resolution. 

Renewable water resources per capita in the five Central Asia countries were ob-
tained from the website (https://www.worldometers.info/water/). Here the “renewable 
water source” refers to the water resource removed from a lake or river. A portion of this 
water is often returned to the source and is available again; therefore, this source is termed 
“renewable water source”. For more detailed information, please refer to the website data 
description. 

2.3. Data analysis 
2.3.1. Drought indexes 

This study calculated GRACE-DSI, GRACE-WSDI and GRACE-SGI based on the 
changes in the water content of a grid. For each grid, the standardized anomalies of 
GRACE TWSA for month j and year i (ranging from 2002 to 2017), as 𝐷𝑆𝐼௜,௝ =
𝑇𝑊𝑆𝐴௜,௝ − 𝑇𝑊𝑆𝐴௝

𝜎௝
൘ , where 𝜎௝ and 𝑇𝑊𝑆𝐴௝ are the standard deviation and average value 

of TWSA for j-month, respectively [31]. The global GRACE-DSI distribution meets the 
non-standard state distribution. Table 1 lists the classification of different classes of 
drought according to GRACE-DSI. 

Table 1. Dynamic range and relative categories for dry conditions of GRACE-DSI, GRACE-WSDI, 
GRACE-SGI and SPI. 

Category Description GRACE-DSI GRACE-WSDI GRACE-SGI SPI 
D0 Near normal 0.49 to -0.49 0 or greater -0.3 or greater -0.5 or greater 
D1 Mild dry -0.50 to -0.79 -1.0 to 0 -0.6 to -0.3 -1.0 to -0.5 
D2 Moderate drought -0.80 to -1.29 -2.0 to -1.0 -0.9 to -0.6 -1.5 to -1.0 
D3 Severe drought -1.30 to -1.59 -3.0 to -2.0 -1.2 to -0.9 -2.0 to -1.5 
D4 Extreme drought -1.60 to -1.99 -3.0 or less -1.5 to -1.2 -2.0 or less 
D5 Exceptional drought -2.0 or less  -1.5 or less  
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GRACE-WSDI [32] is able to identify various levels of hydrological drought events, 
with following equation. 

WSD௜.௝ = 𝑇𝑊𝑆𝐴௜.௝ − 𝑇𝑊𝑆𝐴௝                 (2) 
 

WSDI௜,௝ =
ௐௌ஽೔.ೕିఓ

ఙ
                      (3) 

where 𝑇𝑊𝑆𝐴௝ refers to the average TWSI of j-months from 2002 to 2017. and refer to the 
mean value and standard error of the WSD time series data, respectively. The Table 1 lists 
the classification of different degrees of drought according to GRACE-WSDI. Based on the 
standard normal distribution, the GRACE-WSDI values between great than 0, -1.0 and 0, 
-2.0 and -1.0, -3.0 and -2.0, less than -3.0 are classified as near normal, mild dry, moderate 
drought, severe drought and extreme drought, respectively. 

GRACE-DSI and GRACE-WSDI are mainly used to assess hydrological drought 
events. When extreme hydrological drought occurs, groundwater drought events also oc-
cur when groundwater resources are severely depleted. Based on the GRACE inversion 
of grid-scale groundwater data, the groundwater drought assessment index GRACE-SGI 
[35] is calculated via Equation 4: 

SGI௜,௝ =
௱ீௐ ೔,ೕି௱ீௐௌ

ఙ೩ಸೈೄ
             (4) 

SPI is a commonly used indicator for assessing drought disasters based on precipita-
tion alone [40]. Since the distribution of precipitation is asymmetric, when analyzing 
drought disasters based on precipitation, the gamma function 𝛤describes the change in 
precipitation. After calculating the 𝛤probability distribution in a certain period, the stand-
ard normalization processing is performed, and the drought level is finally classified by 
the cumulative frequency distribution of precipitation. Assuming that the amount of pre-
cipitation in a certain period is 𝑥, its probability density function (PDF) is shown in Equa-
tion 5: 

𝑓(𝑥) =
ଵ

ఉഀ௰(௫)
𝑥ఈିଵ𝑒

ି
ೣ

ഁ，𝑥 > 0      (5) 
Where 𝛼  and 𝛽are shape parameters and scales respectively, 𝛼  >0，𝛽  >0；𝑥  is the 
amount of precipitation; 𝛤(𝑥) is the gamma function. 𝛼 and 𝛽 can be obtained by the 
maximum likelihood estimation method, according to Equation 6 and 7:   

𝛼 =
ଵ

ସ஺
ቆ1 + ට1 +

ସ஺

ଷ
ቇ              (6) 

𝛽 =
௫̄

ఈ
                             (7) 

where 𝐴 = 𝑙𝑛(𝑥̄) −
∑௟௡(௫)

௡
, n is the length of the measured precipitation and the specific 

calculation steps follows McKee et al. [37]. 
The monthly SPI is calculated based on the precipitation of the previous i months. 

The specific period length is i. The i could be equal to 1, 3, 6, 9, 12, 24, and 36. When i is 1 
or 3, it is a short-term drought, 6 and 9 represent medium-term droughts, and 12, 24 and 
36 mean long-term droughts. The short-term SPI reflects the drought upon agriculture in 
the short term, such as deficit of soil moisture, crop yield reduction, etc. Long-term SPI 
reflects the droughts in hydrology and water supply, such as reducing groundwater, run-
off, and reservoir water storage [41]. Table 1 lists the classification of drought levels ac-
cording to GRACE-DSI, GRACE-WSDI, GRACE-SGI and SPI [31, 32, 42, 43]. 

2.3.2. Linear regression analysis 
The spatial-temporal dynamics of the arid environment (drought index) and climate 

(precipitation and temperature) in Central Asia were analyzed with univariate linear re-
gression. The rate of change of TWSA, drought indexes (i.e., DSI, WSDI and SGI) was 
calculated respectively by Equation 3 [44]. 

Many statistical methods are available to measure time series trends; we estimated 
the significance of change trends based on the p-value. 

2.3.3. Correlation analysis 
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The correlation coefficient can quantitatively describe the strength of the linear rela-
tionship between two variables. For two variables x and y, if their sample values are 𝑥௜and 
𝑦௜  (i = 1,2, ..., n), the correlation coefficient between them is defined as Equation 8: 

𝑟௫,௬ =
∑ (௫೔ି௫෤)(௬೔ି௬෤)
೙
೔సభ

ට∑ (௫೔ି௫෤)
మ×∑ (௬೔ି௬෤)

మ೙
೔సభ

೙
೔సభ

          (8) 

where 𝑥෤ and 𝑦෤ represent the average of the sample values of the two variables. 
We calculated two correlation coefficients; the one between GRACE drought index 

and SPI, and the one between GRRACE and NDVI. The value of r can range from -1 to 1. 
Positive values indicate a positive correlation, and vise versa, 0 means no correlation. The 
non-parametric Mann-Kendall trend test method [45] was applied to determine the 
changing trend at the confidence level of 95%. 

3. Results and discussion 
3.1. Temporal Distribution of the Climate in Central Asia 

Central Asia is a climate-sensitive area. From 1901 to 2013, the seasonal precipitation 
in Central Asia concentrated in spring and summer, while the spring precipitation was 
predominant. The monthly precipitation in spring and winter increased, while the precip-
itation in summer and autumn gradually decreased [46]. The analysis of the GLDAS Noah 
model’s precipitation and temperature data (Figure 2) indicates that precipitation and 
temperature in Central Asia increased slightly since 2000. The annual precipitation in-
creased at a rate of 0.39 mm / year (p = 0.82), and the annual mean temperature has in-
creased at a rate of 0.05 ° C / year (p = 0.10). However, the strong interannual variation of 
both variables existed in the period. The maximum and minimum precipitation was rec-
orded in 2015 and 2008, respectively, while the highest and lowest mean temperature was 
recorded in 2013 and 2001, respectively. Figure 2(b) and 2(d) illustrate significant seasonal 
variations of precipitation and temperature of the region. Precipitation concentrated in 
the Spring (March-May), accounting for 30.3% of the annual precipitation approximately. 
The peak precipitation occurred in March and the lowest was in September. The highest 
temperature of the year occurred in July, and the coldest temperature was in January. 
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Figure 2. Changes in precipitation (a) and temperature (c), and multi-year monthly precipitation 
(b) and temperature (d) in Central Asia from 2000-2017. 

3.2. Spatial and temporal distribution of water resources in Central Asia 
Since 2000, increased precipitation, rising temperatures, and human interference 

have changed Central Asia's water resources [14]. As shown in Figure 3, in the context of 
climate change and human activities, the water resources per capita in the five Central 
Asia countries were decreasing year by year. Figure 4 demonstrates the significant sea-
sonal changes in water storage from 2002 to 2017 in Central Asia; the peak was around 
April of each year, and the low value was around October of each year. Comparison Fig-
ure 4 with Figure 2(b) indicated that the seasonality of water storage is consistent with 
precipitation, while the change in water resources lagged by a month. The quarterly dy-
namics of the water resources followed the variable precipitation.  The monthly TWSA 
ranged from -98.96 mm to 96.18 mm, with a peak in April 2005 and the minimum in Sep-
tember 2015. From April 2002 to April 2005, the total regional water storage showed an 
upward trend with a rate of 0.99 mm/year (p <0.09). However, it showed a significant 
downward trend from April 2005 to September 2015 with a rate of -0.65 mm/year (p <0.01). 
Then, from September 2015 to June 2017, it showed a significant upward trend with a 
change rate of 4.38 mm/year (p <0.01). Since 2000, the Central Asian water storage has 
fluctuated over time. Over the entire study period, the total regional water storage showed 
a significant downward trend with a rate of -0.59 mm/year (p <0.01). 
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Figure 3. Monthly Total Water Storage Anomaly (TWSA) in the Central Asia from April 2002 
through June 2017. 

 
Figure 4. Temporal and spatial trend of total water storage in Central Asia from 2002-2017. 
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Regarding the spatially change rate (Figure 4), water storage change from 2002 to 
2017 had evident spatial heterogeneity. The change rate of all grids varied between -54.37 
mm/year to 7.37mm/year, while 56.22% of the area showed a significant downward trend, 
mainly in the western and southeastern regions of Central Asia. The declining trend of 
the water storage in the western region was the largest; 21.14% of the area had a significant 
increasing trend, mainly in Central Asia's northeast and southwest regions. These results 
indicated that Central Asia's water storage decreased in the western regions while in-
creased in the eastern. The significant water storage reduction in the entire region was 
mainly due to the rapid decrease in the western region. Previous studies argued that hu-
man activity was the main reason for the rapid decline in water reserves in Central Asia's 
western region [14].  

3.3. Correlation analysis between GRACE drought indexes and SPI indexes 
Droughts are very likely to occur with the background of severe shortages of regional 

water resources in Central Asia. Previous studies showed that the SPI drought index is a 
significant indicator for monitoring long-term hydrological drought events [47]. We firstly 
investigated the relationship among GRACE hydrological drought indicators (DSI, 
WDSI), groundwater drought indicators (SGI), and SPI drought indicators. We utilized 
the comparative analysis to identify the drought events in Central Asia since 2000, and 
the dry/wet environment. The correlation coefficients between the average of the three 
indicators (GRACE-DSI, GRACE-WDSI, and GRACE-SGI) and the SPI for different peri-
ods were calculated in the entire Central Asia region (Table 2). In Table 2, the correlation 
coefficients between the GRACE-DSI and SPI indicators are the same as the correlation 
coefficients between the GRACE-WDSI and SPI, indicating a similarity between GRACE-
DSI and GRACE-WDSI. The correlation coefficients between GRACE-DSI, GRACE-WSDI, 
and SPI values range between 0.05 and 0.72 over different periods and gradually increase 
with time. The correlation coefficients of GRACE-DSI, GRACE-WSDI and SPI-36 reach 
0.72, indicating that GRACE hydrological drought indicators are sensitive to long-term 
hydrological drought events. The correlation coefficient between SPI and GRACE-DSI 
and GRACE-WDSI are more significant than the correlation coefficient between SPI and 
GRACE-SGI. The correlation coefficients are mainly distributed between -0.45 and 0.08, 
and only the correlation coefficient between GRACE-SGI and SPI-36 is positive, with a 
value of 0.08. Overall, the correlation between GRACE-SGI and each SPI indicator is in-
significant. 

Table 2. Average correlations between GRACE DSI, WSDI, SGI and SPI for different accumulation 
periods. 

SPI DSI WSDI SGI 
SPI1 0.05 0.06 -0.22 
SPI3 0.22 0.22 -0.32 
SPI6 0.32 0.31 -0.37 
SPI9 0.38 0.38 -0.36 

SPI12 0.45 0.44 -0.28 
SPI24 0.64 0.64 -0.09 
SPI36 0.72 0.72 0.19 

The further analysis revealed the spatially distributed correlation coefficients be-
tween GRACE-DSI, GRACE-WDSI, GRACE-SGI and SPI-1, SPI-3, SPI-6, SPI-9, SPI-12, 
SPI-24, SPI-36. In Figure 5 and Table 3, the correlations between GRACE-DSI, GRACE-
WDSI, and SPI indicators have similar patterns, mainly with significant positive correla-
tions. As the SPI time scale increases, the area with positive correlations increases, ranging 
from 74.08% to 92.90%. Intensely positive correlation grids concentrated in Kazakhstan's 
western and northern regions, and the other regions are mainly weakly negatively corre-
lated. The negative correlation coefficient is relatively strong in Turkmenistan's central 
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region and Uzbekistan-Kazakhstan's central junction. Nevertheless, with the increase of 
the SPI time scale, the spatial correlation coefficients show an increasing trend. 

 
Figure 5. Spatial correlation coefficients between GRACE-DSI, WSDI, SGI and SPI during 2002- 
2017. 

Table 3. Percentage of pixels with positive or negative correlation and mean correlation between 
the GRACE drought indexes and SPI indexes. 

 
DSI WSDI SGI 

>0 <0 Mean >0 <0 Mean >0 <0 Mean 
SPI1 74.08 25.92 0.05 73.91 26.09 0.06 17.59 82.41 -0.22 
SPI3 86.62 13.38 0.22 86.46 13.54 0.22 15.95 84.05 -0.32 
SPI6 86.86 13.14 0.32 86.87 13.13 0.31 17.12 82.88 -0.37 
SPI9 86.92 13.08 0.38 86.84 13.16 0.38 19.71 80.29 -0.36 

SPI12 89.64 10.36 0.45 89.52 10.48 0.44 23.43 76.57 -0.28 
SPI24 91.43 8.57 0.64 91.17 8.83 0.64 33.32 66.68 -0.09 
SPI36 92.90 7.10 0.72 92.88 7.12 0.72 46.37 53.63 0.19 

Unlike the relationship between GRACE-DSI and GRACE-WSDI indicators, the 
GRACE-SGI index and the SPI indexes are mainly negatively correlated. Among the cor-
relation coefficients between the GRACE-SGI and SPI-1, 86.03% of the area are correlated 
negatively. The negatively correlated regions decrease with the increase of the SPI time 
scale. Among the correlation coefficients between GRACE-SGI and SPI-36, 56.81% of the 
area are negatively correlated. The area with strong negative correlations (up to -0.93) is 
mainly distributed in Kazakhstan’s central and western regions and the central and 
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eastern regions of Uzbekistan and Turkmenistan. The strong positive correlations (up to 
0.89) are located mainly in Western Kazakhstan and Western Turkmenistan. There are 
active dynamic changes in groundwater resources in Central Asia. The strong negative 
correlation between GRACE-SGI and SPI indicates that although the regional precipita-
tion shows an increasing trend, the groundwater resources are severely depleted, and its 
consumption is more extensive than precipitation recharge. The strong positive correla-
tion between GRACE-SGI and SPI, on the other hand, indicates that regional dynamic 
changes in groundwater are consistent with precipitation changes. According to the land 
use/land cover in Central Asia, the areas with a significant negative correlation between 
GRACE-SGI and SPI are mainly distributed in grassland areas, while the area with a sig-
nificant positive correlation are found in areas of bare land. The findings imply that the 
precipitation is insufficient to meet the water demand for grassland growth in Central 
Asia, which requires supplementary groundwater. On the other hand, the amount of pre-
cipitation in bare areas can fully recharge the groundwater resources. 

3.4. Spatiotemporal distribution of drought conditions in Central Asia 
The strong correlation between the GRACE drought indicators and the SPI drought 

indicators for different periods indicates GRACE drought indicators’ effectiveness. Ac-
cording to GRACE’s drought indicator category, this study only analyzed mild drought 
events that last for three months or more, and the drought disasters above moderate 
drought. 

According to the GRACE drought indicators in Central Asia, since 2000 the mild 
droughts have been the predominant events, the moderate droughts have been relatively 
infrequent, and no extreme drought disasters occurred. Based on the GRACE-DSI indica-
tor, seven mild drought events and four moderate drought events occurred from April 
2002 to June 2017. Based on the GRACE-WSDI drought indicator, four mild droughts and 
two moderate droughts occurred. Based on the GRACE-SGI index, there were 4 mild 
drought periods, six moderate droughts, and three severe droughts. Although the results 
differ among indicators, GRACE-DSI is similar to GRACE-WSDI, which is sensitive to 
regional hydrological droughts. GRACE-SGI is more sensitive to drought events due to 
insufficient groundwater resources. The Central Asia region was relatively dry during 
2007-2015, and there were many consecutive hydrological droughts and groundwater 
droughts in different periods (Table 4). The annual precipitation from 2005 to 2013 con-
tinued to be deficient, while temperature continued to be high. The combination of low 
precipitation and high temperature in the period is the fundamental reason for the short-
age of water resources and drought in Central Asia. Guo et al.[17] calculated the Stand-
ardized Precipitation Evapotranspiration Index (SPEI) in Central Asia from 1966 to 2015 
and identified drought events in that period. Four of the drought events in April 2008 to 
August 2008, March 2009 to August 2009, June 2010 to February 2011 and December 2013 
to September 2014) are consistent with our results of GRACE-DSI and GRACE-WSDI, and 
one period (December 2013 to September 2014) is consistent with the result from GRACE-
SGI. 
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Table 4. Distribution of drought disasters in Central Asia. 

 Light drought 
Moderate 
drought 

Severe drought 

DSI 

2008.05 ~ 2009.01 (9 months) 
2009.03 ~ 2009.07 (5 months) 
2012.05 ~ 2012.09 (5 months) 
2013.01 ~ 2013.03 (3 months) 
2013.11 ~ 2014.01 (3 months) 
2014.05 ~ 2014.08 (4 months) 
2015.01 ~ 2015.04 (4 months) 

2009.02 
2012.12 
2014.09 

2015.08~2015.09 

 

WSDI 

2007.10 ~ 2009.01 (16 months) 
2009.03 ~ 2009.12 (10 months) 
2010.06 ~ 2012.11 (30 months) 
2013.01 ~ 2016.04 (40 months) 

2009.02 
2012.12 

 

SGI 

2010.02 ~ 2010.06 (5 months) 
2013.02 ~ 201304 (3 months) 
2014.04 ~ 2014.10 (7 months) 
2015.10 ~ 2016.01 (4 months) 

2010.03~2010.04 
2013.03 
2014.09 

2014.11~2014.12 
2015.02 

2015.04~2015.08 

2015.01 
2015.03 
2015.09 

Using GRACE-DSI, GRACE-WSDI, and GRACE-SGI, we analyzed the wet and dry 
conditions in the past 20 years in Central Asia. Figure 6 demonstrates the change rate of 
the drought indexes and the MK trend line. Both GRACE-DSI and GRACE-WSDI show a 
similar spatial change, decreasing in most areas that include Uzbekistan, Kyrgyzstan, Ta-
jikistan, and Western regions Kazakhstan and Turkmenistan. The significant reduction 
trend in the areas highlights the harsh arid condition and deteriorating trend in Central 
Asia. Particularly, the arid condition in western Central Asia, the eastern coast of the Cas-
pian Sea, and the Aral Sea basin has deteriorated severely. Studies argued that lasting 
deterioration is mainly ascribed to human interference [19, 48]. However, the hydrological 
drought indicators in eastern Kazakhstan and eastern Turkmenistan showed a significant 
upward trend, indicating that the partial drought condition has been alleviated. Overall, 
GRACE-SGI is consistent with GRACE-DSI and GRACE-WSDI. However, the trend of 
GRACE-SGI is different from those of GRACE-DSI and GRACE-WSDI in northwestern 
Kazakhstan. The GRACE-SGI for the northwest of Kazakhstan increased significantly. 
The trend indicates that the amount of groundwater resources is increasing in these re-
gions. 
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Figure 6. GRACE-DSI, GRACE-WSDI, and GRACE-SGI monthly rate of change and MK signifi-
cance test results. 

3.5. Correlation analysis between drought index and vegetation 
The correlation coefficients between the growing season (April-September) NDVI of 

the Central Asian region from 2002 to 2017 and the GRACE drought indexes of the corre-
sponding months were calculated. According to the correlation coefficients (Fig. 8), the 
GRACE drought indexes are sensitive to regional water resources and affect the growth 
of regional vegetation. The correlation coefficients between the drought indexes and 
NDVI are high during the growing season, especially in the middle of the growing season 
(July) when the correlation coefficient is the highest. Zhao et al. [31]argued that GRACE-
DSI is able to capture the relationship between vegetation-soil water correlation and lati-
tude. Central Asia also exhibits this regular distribution; GRACE-DSI and NDVI in the 
high latitude regions are mainly positively correlated, while those in low latitudes are 
mainly negative. The correlation distribution between GRACE-WSDI and NDVI are sim-
ilar to that between GRACE-DSI and NDVI, while the correlation between GRACE-SGI 
and NDVI is different from the two above. A comparative analysis found that the corre-
lation coefficient between GRACE-SGI and NDVI during the growing season is mainly 
negatively correlated. Notably, it has a strong negative correlation in the cultivated land 
in northern Central Asia from July to September and in the grassland area in northern 
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Central Asia from June to September, implying decreasing groundwater resources and 
growing vegetation in this region. Therefore, vegetation growth in the areas depends not 
only on precipitation but also on groundwater consumption. 

 
Figure 7. Correlation between the GRACE indicators(i.e., GRACE-DSI, GRACE-WSDI and 
GRACE-SGI) and the MODIS NDVI for the growing season (April - September). 

4. Conclusions 
Using the data from the GRACE gravity satellites and MODIS NDVI, we analyzed 

the hydrological drought and groundwater drought of Central Asia and explored the spa-
tiotemporal characteristics of the arid regional environment and its impact on the surface 
ecological environment. The main conclusions are as follows: 

1) Since the beginning of the 21st century, the annual precipitation in Central Asia 
increased slightly at a rate of 0.39 mm/year (p = 0.82). The temperature increased slightly 
at a rate of 0.05 ℃/year (p = 0.10). The water storage decreased at a rate of -0.59 mm/year 
(p <0.01), and has experienced a decrease-increase-decrease process. 

2) The GRACE hydrological drought indicator showed a strong correlation with the 
traditional drought indicator SPI, which implies the suitability for evaluating long-term 
comprehensive drought events. 

3) The environment in Central Asia was arid from 2007 to 2015 and suffered from 
various degrees of hydrological and groundwater droughts. 

4) Since the beginning of the current century, the arid conditions have deteriorated 
in Uzbekistan, Kyrgyzstan, Tajikistan, western Kazakhstan, and western Turkmenistan. 
The drought environment on the eastern coast of the Caspian Sea and the Aral Sea Basin 
has deteriorated severely. 

5) The arid condition affects vegetation growth since vegetation requires extra 
groundwater resources in such an arid area. During the growing season, the GRACE in-
dexes and NDVI show a significant correlation, while the NDVI of cultivated land and 
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grassland areas of Central Asia show a significantly negative correlation with the GRACE 
groundwater drought index. 

With the socio-economic development and the promotion of ecological civilization, 
the need for drought prevention and mitigation is very urgent. Therefore, it is of great 
significance to improve drought monitoring, prediction, and assessment in order to pre-
vent and reduce the impacts of the droughts. This paper quantitatively assessed the 
drought dynamics in Central Asia since the beginning of the 21st century by analyzing 
the GRACE data. The analysis upon spatiotemporal distribution of drought events and 
the vegetation feedback on drought provides reliable support for understanding and 
adapting the region’s ecological environment. 
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