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Abstract: The characteristics of the drought propagation from meteorological drought (MD) to
agricultural drought (AD) differ in various climatic and underlying surface conditions. However,
how these factors affect the process of drought propagation is still unclear. In this study, drought
propagation and influencing factors were investigated in an arid region of Northeast Asia (ARNA)
during 1982–2014. Based on run theory, the drought characteristics were detected using the stan-
dardized precipitation index (SPI) and standardized soil moisture index (SMI), respectively. The
propagation time from MD to AD was investigated, and the influence factors were identified. Results
demonstrated that five clusters (C1–C5) based on land cover distribution were further classified by
the K-means cluster algorithm to discuss the spatial and seasonal propagation variation. MD and
AD in ARNA became more severe during the study period in all five clusters. The propagation
times from MD to AD in all five clusters were shorter (1–3 months) in summer and autumn and
longer (5–12 months) in spring and winter. This result suggested that the impact of vegetation on the
seasonal drought propagation time was more obvious than that of the spatial drought propagation
time. Precipitation and vegetation were the major impactors of AD in spring, summer and autumn
(p < 0.05). The impact of precipitation on AD was more noticeable in summer, while vegetation
mainly influenced AD in spring and autumn. The research also found that drought propagation
time had a negative relationship (p < 0.05) with precipitation, evapotranspiration, soil moisture and
NDVI in this region, which indicated that a rapid hydrological cycle and vegetation can shorten
the propagation time from MD to AD. This study can help researchers to understand the drought
propagation process and the driving factors to enhance the efficiency of drought forecasting.

Keywords: drought propagation; meteorological drought; agricultural drought; GLDAS; K-means clustering

1. Introduction

Drought is a natural disaster that results from water deficits. Unlike other natural dis-
asters, such as inundations, long time periods are required for drought development [1,2].
The damages and losses are far-reaching and can affect the social economy, ecological envi-
ronment, agriculture and drinking water safety [3,4]. In the context of rapid global climate
change, drought events become more frequent and persist for longer times, especially in
semiarid regions, which aggravates the challenges of the water crisis [5–8].

Drought is commonly categorized into four types, which include meteorological,
hydrological, agricultural and socioeconomic droughts [9], and they consist of a lack of
water from precipitation, runoff, soil water and social water resources, independently
or collectively, respectively [2,10]. Agricultural drought (AD) originating from meteoro-
logical drought (MD) [5,11] is commonly described as a shortage in soil moisture that
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directly impacts crop growth and plays a vital role in the link between agriculture and
ecology [12,13]. AD affects crop production and results in vast damages to agriculture
and economies, which can threaten food security and social stability [14,15]. Thus, it is
necessary to evaluate drought characteristics and recognize the development of AD, which
is of great significance for drought early warning and prevention.

Standardized drought indices are widely used to evaluate drought properties such as
frequency, intensity and duration [16–18]. Numerous drought indices have been developed
to quantify drought characteristics. For instance, the standardized precipitation index
(SPI) [19] and the standardized precipitation and evapotranspiration index (SPEI) [20]
are used to evaluate MD, the standardized runoff index (SRI) [21] is used to evaluate
hydrological drought, and the standardized soil moisture index (SMI) [22] is employed to
assess AD. For example, Yang et al. analyzed the characteristics of hydrological droughts
at multiple time scales in the Aksu River Basin using the SRI and found that, with a long
time scale, the drought characteristics were more noticeable and that human activities
played an important role in hydrological drought [23]. Li et al. studied the relationship
between meteorological and hydrological droughts in the Upper Shaying River Basin and
concluded that the relationship between meteorological and hydrological droughts had
seasonal characteristics [24]. In summary, the SPI and SMI have been widely used due to
their flexible time scales and simple calculations [25,26].

Drought propagation is recognized as a transmission process of MD to AD or other
drought types [27]. MD is the origin of all types of drought [5]. AD is also delayed relative to
MD [11]. Statistics and hydrological models are two basic methods for drought propagation
analysis [28], such as the MCC method [2], cross-wavelet analysis [29] and the variable
infiltration capacity (VIC) model [30]. Effects of lag, attenuation, pooling and lengthening
are common during the process of drought propagation [31,32]. Lag and attenuation
are governed by catchment control, and pooling and lengthening are governed by both
catchment control and climate control [31]. Drought propagation from MD to AD is affected
by climate and underlying surface conditions [33,34]. For example, Li et al. proposed a
framework for identifying the drought propagation time with high spatial and temporal
resolution from MD to AD. Their results indicated that local water and heat conditions are
the main factors for drought propagation times [35]. Huang et al. examined the impact of
potential surface property factors on drought propagation and found that land cover has
potential impacts on drought propagation from MD to AD [34]. The mechanisms of the
impact of climatic and underlying surface factors on drought development and propagation
are complex and still unclear. Recent studies stress that it is necessary to further analyze
the factors influencing the drought propagation process.

Land cover is one of the most important underlying surface factors, and the water
consumption capacities of varying land cover types and stages of vegetation growth are
different and significantly impact drought propagation [33,36]. The impacts of vegetation
on drought propagation can be achieved by two approaches. One is comparing the vege-
tation characteristics of subbasins or subregions, which is an effective method [30]. The
other uses hydrological models that can simulate the process of the hydrological cycle [37].
However, the limitations of the hydrological model used on a large scale lead to more
uncertainties [30]. Land cover is significantly disturbed by human activities, which makes
it difficult to exactly detect the impacts of vegetation on drought propagation. Most pre-
vious studies are devoted to evaluating drought propagation properties and comparing
their variations in different land cover types. However, research on the comprehensive
influence of both the spatial and seasonal properties of land cover on drought propagation
is still scarce. Therefore, the spatial and seasonal influences of land cover on the drought
propagation process need to be further investigated.

The ARNA is located in Northeastern Asia and is a semiarid area. Existing studies
show that drought in the study area has become more serious in recent decades [38,39].
The ARNA has fewer human settlements and weak human activities [40,41], and land
cover plays a central role in drought propagation and can explain the effects of vegetation
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on drought propagation. In addition, the land cover of the ARNA has spatial cluster
characteristics, which can be used to effectively investigate the impact of vegetation on
drought propagation. This is the reason that the ARNA was selected.

This study aims to explore the response of drought propagation to climatic and under-
lying surface factors. We also consider the effects of vegetation on drought propagation,
both on spatial and seasonal scales. This study uses the SPI and SMI to investigate drought
propagation from MD to AD and to evaluate the effects of driving factors on the drought
propagation process. Therefore, the objectives of this study are (1) to assess the character-
istics of drought propagation from MD to AD; and (2) to estimate the effects of influence
factors on the drought propagation process from MD to AD.

2. Materials and Methods
2.1. Study Area

The ARNA, with a total area of 648,739 km2, is located in Northeastern Asia, 42.54–53.44◦N
and 104.97–122.88◦E, and spreads across three countries: China, Russia and Mongolia
(Figure 1). Hulun Lake is China’s fifth-largest inland lake and is located in the ARNA,
with an area of 2058 km2 [41]. There are three major rivers in the ARNA. The Kherlen
River and Wuerxun River are located upstream of Hulun Lake, while the Argun River is
located downstream of Hulun Lake. The ARNA is a semiarid area that has a temperate
continental monsoon climate. The average annual temperature is approximately 0 ◦C,
and the average annual precipitation is 290 mm, most of which occurs in summer [40,42].
ARNA is a relatively natural ecosystem with few human activities [40,41]. Drought has
frequently occurred and has been exacerbated in the past 30 years in the ARNA [38,39].
The ecosystems of the ARNA are generally fragile and more sensitive to drought events.
Grassland, forest and bareland are the main land cover types. Spatial heterogeneities of
land cover explain that the underlying surface conditions of the ARNA are different, which
significantly affects the drought propagation process.
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2.2. Data

The Global Land Data Assimilation System data version 2 (GLDAS-2.0) was acquired
from NASA (https://disc.gsfc.nasa.gov/ (accessed on 26 June 2021)). GLDAS is a global
grid dataset with a spatial resolution of 0.25◦ that is widely applied to evaluate environ-
mental issues [43–45], such as drought monitoring [26] and drought propagation [46,47].
To prove the reliability of the data, we compared the GLDAS data with another dataset
that is widely used, the climate data of the CRU TS (Climatic Research Unit gridded Time
Series) dataset [48]. The performance is shown in Appendix A, Figure A1. Specifically, the
monthly precipitation, evapotranspiration and soil moisture data from the GLDAS dataset
with 1391 grids from 1982 to 2014 were employed to calculate the SPI and SMI and the
influence factors on drought propagation time that were used in this study. Land cover data
with a spatial resolution of 300 m were obtained from NTPDC (https://data.tpdc.ac.cn/en/
(accessed on 13 November 2021)). Land cover data were adopted to assess the drought prop-
agation characteristics at varying land cover percentage levels. Due to land cover change
on spatial grids having significant influences on drought propagation, which could have
impacted the following research, referencing a previous study [49], this study considered
that there was no alteration in land cover types from 1982 to 2014. Forest, grassland and
bareland were selected in this study according to the land cover spatial map. Specifically,
the grids with 0.25◦ resolution were basic evaluating units. For each basic evaluating unit,
the land cover percentage of the forest, grassland and bareland was calculated because the
land cover data had a 300 m resolution, which is far less than that of basic units. Digital ele-
vation model (DEM) data were obtained from the GTOPO30 dataset of the U.S. Geological
Survey (USGS) (https://www.usgs.gov/centers/eros/science/usgs-eros-archive-digital-
elevation-global-30-arc-second-elevation-gtopo30 (accessed on 24 July 2019)). GTOPO30
is a global DEM dataset with a 1 km spatial resolution. The DEM was resampled to fit a
0.25◦ spatial resolution by using ArcGIS. The DEM was used to investigate the underlying
surface characteristics and to analyze its effects on drought propagation. The normalized
difference vegetation index (NDVI) was acquired from the Global Inventory Modelling
and Mapping Studies (GIMMS) (https://ecocast.arc.nasa.gov/data/pub/gimms/3g.v1/
(accessed on 23 July 2018)). The spatial resolution of this dataset was 1/12◦ (approximately
8 km). This study used the NDVI to explore the spatial distribution pattern and the influ-
ence of vegetation on drought propagation without NDVI trend analysis. To match the
resolution of the climate data, the NDVI data were resampled to a 0.25◦ resolution.

2.3. Methods

This study aimed to evaluate the effects of driving factors on drought propagation from
MD to AD. Seasonal and spatial drought propagation processes were analyzed, supported
by K-means clustering, drought indices, run theory and Pearson correlation methods. The
methodological framework for this work included four steps. Step 1 was data collection
and preprocessing. Step 2 was spatial cluster calculation. According to the percentage
of dominant land cover types, the spatial clusters of the study area were identified by
K-means clusters. Step 3 involved the computation of drought indices and propagation
times. Gamma distribution was used to determine the drought index series. Then, run
theory was used to detect drought events and characteristics based on drought series. The
Pearson correlation method was used to identify the drought propagation time from MD to
AD. Step 4 was influence factor analysis. This step included the response of AD of climatic
and vegetation and the impactors on drought propagation. The findings of these analyses
were supported by the Pearson correlation method. Figure 2 presents the flowchart of this
study. The introduction of the key methods is presented in the following subsections.

https://disc.gsfc.nasa.gov/
https://data.tpdc.ac.cn/en/
https://www.usgs.gov/centers/eros/science/usgs-eros-archive-digital-elevation-global-30-arc-second-elevation-gtopo30
https://www.usgs.gov/centers/eros/science/usgs-eros-archive-digital-elevation-global-30-arc-second-elevation-gtopo30
https://ecocast.arc.nasa.gov/data/pub/gimms/3g.v1/
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2.3.1. K-Means Cluster Analysis

The percentage of dominant land cover types at each grid was selected as a controlling
factor to analyze the aggregation characteristics of the underlying surface. The K-means
cluster method is an unsupervised machine learning algorithm that is widely used for
clustering problems [50–52] because it is an easy application to use and has high efficiency
and excellent performance [53]. The K-means cluster splits numerous data points into K
clusters and K coherent centers based on specific characteristics [54], which causes the
lengths of the internal points among each cluster to be small as possible, while causing
the lengths between clusters to be as large as possible. K-means clustering is controlled by
minimizing the objective function (Equations (1) and (2)), and the aim is that the sum of the
square error, S, is the minimum value. For the specific calculation steps for the K-means
cluster, see the references [54–56].

S =
k

∑
i=1

∑
x∈ci

|| x− hi||22 (1)

hi =
1
| Ci | ∑

x∈ci

x (2)

where S is the sum of squares error (Euclidean distance) between the elements in each
cluster and the cluster center, x is the sample data point, h is the cluster center, Ci is the ith
cluster, and k is the number of clusters.

2.3.2. Drought Indices and Drought Characteristics

In this study, standardized drought indices SPI [19] and SMI [22] were adopted to
evaluate meteorological and agricultural droughts, respectively. SPI and SMI are simple to
calculate, flexible on time scales and widely used in MD and AD monitoring and evaluation.
The SPI and SMI are calculated by precipitation and soil moisture series, respectively, during
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a certain accumulating period. Generally, the SPI and SMI are determined by fitting gamma
distributions with monthly precipitation and soil moisture data [57,58]. A two-parameter
gamma probability distribution function was employed to fit accumulated precipitation
and soil moisture using the following Equation (3):

h(x) =
1

βλΓ(λ)
xλ−1e−

x
β , x > 0 (3)

where x is the value of precipitation or soil moisture accumulation; λ and β denote the
shape and scale parameters of the gamma distribution, respectively. Γ(λ) is the gamma
function, which can be described as Equation (4):

Γ(λ) =
∫ ∞

0
xλ−1e−xdx (4)

The maximum likelihood estimation method can be used to estimate the parameters λ
and β (Equation (5)):

λ =
1

4A

(
1 +

√
1 +

4A
3

)
, β =

x
λ

, with A = lg(x)− ∑n
i=1 lg(x)

n
(5)

where n is the number of data series.
To fully assess drought characteristics, multiple time scale indices should be used.

This study evaluates drought under monthly, seasonal and annual time scales, where the
corresponding drought indices are SPI-1, -3, -12 and SMI-1, -3, -12, respectively.

Based on standardized drought indices SPI and SMI, the events of meteorological and
agricultural drought were detected by run theory [59]. When the value of the drought
index series was less than a threshold value, the run was identified as a drought event.
The threshold value was set as −0.5 according to the Chinese national standard grades of
meteorological drought (GB/T 20481-2017) and previous studies [60]. Drought duration
(DD), drought intensity (DI) and drought frequency (DF) were identified to describe the
drought characteristics. The DD value is determined by the months of continued drought
events, in which a higher number of months indicates longer DDs. The DI is the average
value of the drought index for each drought event. The smaller the DI value is, the more
serious the drought events are. DF is the average annual number of drought events for
the study period, and the DF values are higher with more frequent droughts. Specific
descriptions of these drought characteristics can be found in previous studies [23,61–63].
The formulas of the drought characteristics can be expressed as follows (Equations (6)–(8)):

DD = t2 − t1 + 1 (6)

DI =
∑t2

i=t1
S(t)

DD
(7)

DF =
N

nyear
(8)

where t2 and t1 are the times of drought onset and ending, respectively. S(t) is the value
of SPI or SMI in the monthly time t, N is the number of drought events during the study
period, and nyear is the number of years of the study stage.

2.3.3. Investigation of Drought Propagation Definition and Influence Factors

In general, AD is triggered by MD and experiences a certain delay time from MD. The
certain time is recognized as the drought propagation time from MD to AD. Correlation
analysis has become a popular method to acquire drought propagation time. This study
employed Pearson correlation coefficients to investigate the relationships between the
SPI and SMI at varying time scales and to identify the propagation time from MD to
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AD. The maximum correlation coefficient (MCC) between SPI-n (n = 1, 2, 3, . . . , 12) and
SMI-1 can express the most appropriate SPI accumulation period. The SPI-n can assess
the precipitation deficit in the last n months. The n is defined as the propagation time
from MD to AD [37]. The equation for the Pearson correlation coefficient is shown below
(Equation (9)):

Rxy =
∑n

i=1(xi − x)(yi − y)√
∑n

i=1(xi − x)2 ∑n
i=1(yi − y)2

(9)

where Rxy denotes the Pearson correlation between x and y, and x and y represent the
average values of x and y, respectively. n denotes the number of each variable. The range
of Rxy is −1 to 1. When the value approaches −1 or 1, this indicates a more negative or
positive correlation. When the value is 0, there is no correlation.

Many factors have significant impacts on the process of drought propagation [29]. This
study focused on hydrology and underlying surface conditions, including precipitation,
evapotranspiration, soil moisture and NDVI. The approach that compares the character-
istics of these factors in different regions is effective [64]. The characteristics of drought
propagation and influence factors were analyzed in different seasons and clusters. Finally,
the relationship between drought propagation time and influence factors was concluded.

3. Results
3.1. Cluster Results Analysis

Land cover types affect the spatial drought propagation process. Land cover has
spatial clustering characteristics in the ARNA (Figure 3a). The grasslands are widely
distributed in the study area, forests are located in the northeast of the ARNA, and bareland
is located in the southwest of the ARNA. There are also some areas with forest grass mixing
and grass bare mixing in the ARNA. Therefore, five clusters were determined. To avoid the
uncertainty of subjective classification, the objective method of K-means cluster analysis
was adopted to categorize all grids according to the percentage of the forest, grassland
and bareland at each grid. A spatial map of the cluster distributions is shown in Figure 3b.
The spatial distribution of clusters is consistent with that of land cover. Cluster 1 (C1)
and Cluster 2 (C) are located in the northeast of the ARNA, Cluster 3 (C3) is distributed
mainly in the center of the ARNA, and Cluster 4 (C4) and Cluster 5 (C5) are located in
the southwest of the ARNA. Figure 3c shows the properties of land cover and cluster
centers. The results revealed that C1 is dominated by forest, C2 is dominated by forest and
grassland, C3 is dominated by grassland, C4 is dominated by grassland and bareland, and
bareland is the main land cover type of C5.
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3.2. Meteorological and Underlying Surface Condition Analysis

Hydrological and underlying surface factors, including NDVI, DEM, precipitation
and soil moisture, were analyzed because these factors affect the propagation process
(Figure 4). The precipitation and soil moisture in most areas of the ARNA were below
400 mm and 25 mm, respectively, indicating that the study area is a typical dry region.
From the east to the west of the ARNA, the elevation increased; the NDVI, precipitation
and soil moisture decreased. The changes in DEM, precipitation and soil moisture are
notable from C1 to C5. With the vegetation coverage declining from the east to the west
of the ARNA, the elevation had an increasing trend, and the NDVI, precipitation and soil
moisture had a decreasing trend. When the area had higher vegetation coverage (C1), the
median values of NDVI, DEM, precipitation and soil moisture were 0.47, 866 m, 443.58 mm
and 22.73 mm, respectively. This condition, with relatively abundant water resources, can
promote vegetation growth. However, the higher water consumption of forests can affect
the drought propagation process. For the area with less vegetation (C4 and C5), the median
values of NDVI, DEM, precipitation and soil moisture in C4 and C5 were 0.15 and 0.11,
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1084 and 1150 m, 174.58 and 135.74 mm and 12.63 and 12.62 mm, respectively. The DEM
was higher and the NDVI, precipitation and soil moisture were lower in this condition,
which limits vegetation growth (Figure 4c,d).

Remote Sens. 2022, 14, 3307 9 of 21 
 

 

1084 and 1150 m, 174.58 and 135.74 mm and 12.63 and 12.62 mm, respectively. The DEM 
was higher and the NDVI, precipitation and soil moisture were lower in this condition, 
which limits vegetation growth (Figure 4c,d). 

 
Figure 4. Spatial distribution and boxplot in different clusters of NDVI (a), DEM (b), precipitation 
(c) and soil moisture (d). 

3.3. Drought Characteristics Analysis 
To detect the episodes of drought, the changes in the series of SPI-1, -3, -12 and SMI-

1, -3 and -12 in C1 to C5 were determined and are shown in Figure 5. Drought episodes 

Figure 4. Spatial distribution and boxplot in different clusters of NDVI (a), DEM (b), precipitation (c)
and soil moisture (d).

3.3. Drought Characteristics Analysis

To detect the episodes of drought, the changes in the series of SPI-1, -3, -12 and SMI-1,
-3 and -12 in C1 to C5 were determined and are shown in Figure 5. Drought episodes



Remote Sens. 2022, 14, 3307 10 of 20

were identified in the study period, in which the ARNA experienced severe drought in
approximately 1987 and 2015. Drought episodes were prolonged with increasing time
scale. For SPI, five clusters provided a slight change, indicating that MD presented weak
spatial discrepancies (Figure 5a–e), although that the MD in C2 and C4 was more severe
than that in other clusters in 1988. The drought event that began in 2005 had a longer
duration in the ARNA. These findings correspond to existing research that found that the
drought in Mongolia became more serious from 1982 to 2014 [38,39]. For SMI, the AD
change is evidenced through the alteration of the SMI series (Figure 5f–j). From 1982 to
2000, the ARNA was relatively wet. However, a drought event was identified to occur in
1986 under C2 and C4. Extremely dry episodes were detected in approximately 2005 in
the ARNA. There were fewer differences among the five clusters. However, the time of
drought occurrence in C5 was ahead of that in other clusters. Drought propagation effects
with lag, attenuation, pooling and lengthening were obvious in the ARNA, which may
have been caused by catchment factors such as vegetation [32].
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Figure 6 presents drought characteristics for the five clusters according to the SPI and
SMI at -1, -3 and -12 month time scales during 1982–2014. The average DD of AD was
larger than that of MD in all clusters except C2 and C5 at the 12-month time scale, whose
maximum value of DD was larger than that of MD (Figure 6a,b). The longest average DDs
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for SPI -1, -3 and -12 were in C4 (3.43 months), in C4 (5.91 months) and in C5 (23.88 months),
respectively, while the longest average DDs for SRI -1, -3 and -12 were 7.52 months (C4),
9.09 months (C4) and 32 months (C4), respectively. The DDs for SPI -1, -3 and -12 were more
serious than those for SRI -1, -3 and -12 in all clusters (Figure 6c,d). The most severe average
DI values for SPI -1, -3 and -12 were −0.8 (C1), −0.71 (C3) and −0.60 (C4), respectively,
and those for SRI -1, -3 and -12 were −0.72 (C5), −0.56 (C5) and −0.52 (C2), respectively.
The DFs for SPI -1, -3 and -12 were more frequent than those for SRI -1, -3 and -12, except
in C2 and C5 at the 12-month scale (Figure 6e,f). The maximum DFs for SPI -1, -3 and -12
were 1.97 (C1, C5), 1.24 (C5) and 0.39 (C1) times/year, respectively, and those for SRI -1, -3
and -12 were 0.91 (C1, C3), 0.79 (C2) and 0.3 (C5) times/year, respectively. Generally, AD
had a longer DD, a weaker intensity and more frequent drought events than MD in the
ARNA. The average values of drought characteristics were relatively stable, with fewer
spatial changes across all five clusters. This is mainly because drought is determined by
deficits in water, especially precipitation and soil moisture. Despite obvious discrepancies
existing among the five clusters, the ARNA is located in an arid area with the same water
condition [37], and the annual precipitation and soil moisture in most areas were below
400 mm and 25 mm, respectively (Figure 4). However, MD is significantly influenced by
surface conditions such as land cover change and vegetation growth, which affects drought
propagation [34].
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3.4. Drought Propagation from MD to AD

The seasonal Pearson correlation coefficients between the SPI-n and SMI-1 were com-
puted in five clusters to explore the most likely cumulative relationship between MD and
AD. As shown in Figure 7A, the correlation between the SPI-n and SMI was high and
had evident seasonality. There were fewer spatial discrepancies between C1 and C5. The
correlation coefficient in summer was higher than that in other seasons. In spring and
winter, the correlation coefficients were relatively low. Similarly, the drought propagation
time had similar characteristics to the correlation coefficients between the SPI-n and SMI-1.
The propagation time was identified by the MCC between SPI-n and SMI-1. The MCC
can state the most probable SPI accumulation stage, and n is the propagation time. The
most likely seasonal propagation time from MD to AD in the five clusters is presented in
Figure 7B. The drought propagation time in the five clusters was characterized by obvious
seasonality. In summer and autumn, drought quickly propagated from MD to AD with
1–3 month propagation times. Drought propagation was slow in spring and winter, with
5–12 month propagation times. Varying from C1 to C5, the drought propagation time
had fewer discrepancies in the same season, except in winter under C5. The land cover
type is different from C1 to C5, and the land cover growth has differences over the four
seasons. Therefore, the results indicated that the effects of vegetation on seasonal drought
propagation may be larger than that of regional drought propagation in the ARNA.
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These alterations were determined by the differences in meteorological conditions
and underlying vegetation [30,65]. Summer and autumn are rainy seasons and have
rapid hydrological cycle processes. Strong precipitation and evapotranspiration result
in rapid changes in soil moisture, which is the main reason that summer has a strong
relationship and a short drought propagation time. In the dry seasons of spring and
winter, due to the low temperature and weak evapotranspiration, the hydrological cycle
slowed down. In addition, the study area experiences a frozen period in winter, and
precipitation does not supply soil moisture. These reasons may extend the time from
MD to AD in winter and spring. Vegetation also plays an important role in drought
propagation. In summer, vegetations have a relatively large leaf area, which accelerates
the loss of soil moisture. In winter, vegetations slow down soil moisture loss due to low
evapotranspiration. Previous studies pointed out that the vegetation type has a significant
influence on drought propagation [33,66]; however, there are fewer discrepancies in drought
propagation among C1 to C5 in the ARNA. The key reason is that the ARNA is an arid area
with low annual precipitation and soil moisture.

4. Discussion
4.1. The Response of AD to Climate and Vegetation

Soil moisture can characterize the degree of AD; with a deficit in soil moisture, the
AD is more serious. Soil moisture is also the link between precipitation and vegetation. To
explore the relationship between AD and climate and vegetation, the Pearson correlation
coefficients between soil moisture and precipitation and NDVI in different seasons under
the five clusters were discussed (Figure 8). The impact of precipitation on AD is more
obvious in summer, and vegetation mainly impacts AD in spring and autumn. Soil moisture
has a significant (p < 0.05) positive relationship with precipitation and NDVI in spring,
summer and autumn, indicating that the increases in precipitation and vegetation growth
in the wet season accelerate water transport, which will affect the process of drought
propagation [37,67]. In addition, as the vegetation grows, the water consumption increases
because the vegetation needs to obtain more soil moisture [68]. In spring and autumn, the
correlation coefficient of soil moisture and precipitation (approximately ranging from 0.40
to 0.56) was lower than that of soil moisture and NDVI (approximately ranging from 0.60
to 0.93). The precipitation at these times is lower than that in summer, while the NDVI at
these times is higher than that in winter. The results showed that the contribution to the
drought propagation process by vegetation was larger than that by precipitation in spring
and autumn [69]. The correlation coefficient was weak in winter and was controlled by soil
freezing. In winter, precipitation does not enter the soil, and soil water cannot be absorbed
by vegetation due to soil freezing [70]. There are fewer discrepancies in the correlation
coefficient in the five clusters. The key reason is that the ARNA is located in an arid area,
and the annual precipitation and the soil moisture in most regions of the ARNA are below
400 mm and 25 mm, respectively. This decisive condition determines that the propagation
characteristics are similar [57].
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4.2. Impactors of Drought Propagation

The impact of precipitation and vegetation on the seasonal drought propagation
time is more significant than that on the regional drought propagation time. Figure 7A
shows a highly positive correlation between MD and AD. The main reason for this is
that MD and AD are tightly connected by hydrometeorological conditions, and AD orig-
inates from MD [5,11]. The results indicated that the drought propagation times varied
in different seasons but changed less in various clusters (Figure 7B). In addition, drought
propagation could be impacted by meteorological conditions, soil properties and vege-
tation cover [29,57,71]. The elevation determines the local moisture conditions and veg-
etation growth in the monsoon region and affects the values of precipitation and soil
moisture [72,73]. The water consumption of vegetation affects the process of drought
propagation. In the ARNA, although the annual precipitation of C1–C5 varied significantly,
the amounts of most positions were below 400 mm (Figure 4), which is characteristic of
an arid area. Due to precipitation being a basic factor for drought development [37], the
spatial propagation time from MD to AD had fewer discrepancies despite the land cover
having obvious alterations. Seasonal precipitation and vegetation changes contribute to
the propagation process and account for the changes in propagation time. Previous studies
also show that the drought propagation process from MD to AD may be affected by climate
and vegetation [65,74]. For example, Huang et al. found that the evapotranspiration rate
can accelerate drought propagation [69]. Zhou et al. investigated the relationship among
drought indices and concluded that forest and other land cover types significantly affected
the process from MD to AD [75]. Specifically, vegetation can consume and can acquire
much water from the soil, which demonstrates that vegetation can impact the process from
MD to AD [36,68]. Therefore, the effects of climate and vegetation on drought propagation
need to be further discussed.

This study attempted to detect the influencing factors on drought propagation accord-
ing to the changes in climate factors, vegetation and propagation time. The relationship
between propagation time and influence factors is shown in Figure 9. It can be seen that
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precipitation, evapotranspiration, soil moisture and NDVI are the most important fac-
tors in drought propagation and significantly (p < 0.05) affect the drought propagation
time, with the values of these factors changing in opposite directions. For climatic factors,
precipitation, evapotranspiration and soil moisture are relatively higher in wet seasons,
especially in summer. The hydrological process is accelerated and further shortens the
response time from MD to AD. The propagation time becomes shorter. In dry seasons, due
to the decrease in temperature and precipitation, evapotranspiration is low, which further
slows the hydrological process and prolongs the drought propagation time [65,69,76]. For
vegetation factors, the annual changes in NDVI are similar to climatic factors. Vegeta-
tion evapotranspiration consumes water in the soil, especially in growing seasons that
exceed the drought propagation times [1,77]. These results can verify that the drought
propagation time is short in the growing season, with a quick hydrological cycle speed and
well-growing vegetation.
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4.3. Limitations and Prospects

Although climate and vegetation factors had obvious variation across the ARNA
(Figure 4), the propagation times had slight alterations (Figure 7B). There were two reasons
for these results. One reason is that the ARNA is a typical arid area with less precipitation,
which causes fewer spatial discrepancies in propagation time [37]. The other reason is that
the monthly MCC method is simple and is helpful to recognize in the propagation process,
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but there are still some limitations to understanding the propagation process on a more
specific time scale [35]. We will determine the drought propagation time from MD to AD on
a 2-week or weekly time scale. Due to the restrictions of observational data of precipitation
and soil water data, this study acquired these datasets from the GLDAS product, whose
performance may lead to uncertainties in the evaluation results [13]. We will use more
datasets to sufficiently analyze drought assessments in the future. In addition, we explored
the impact of climate and vegetation factors on drought propagation from MD to AD
and concluded that vegetation has an important influence on the drought propagation
process. Therefore, we will specifically investigate the relationship between the vegetation
growth process and the drought propagation process and select more useful drought and
vegetation indices, such as SPEI and gross primary productivity (GPP) [78].

5. Conclusions

This study primarily investigated the properties of drought propagation from MD to
AD and its driving factors in the ARNA, using the K-means clustering method, during
1982–2014. First, five clusters were detected by K-means clustering based on the dominant
vegetation cover. Then, drought characteristics were identified according to drought indices
and run theory. Finally, the seasonal characteristics of drought propagation and its driving
factors were discussed in the five clusters. The main conclusions of this study are as follows.

Five clusters (C1–C5) were detected by the K-means cluster algorithm with different
characteristics of land cover. From 1982 to 2014, the drought condition in the ARNA
gradually became more severe in all five clusters. MD and AD were detected by the SPI
and SRI. AD had a longer DD, a weaker intensity and more frequent drought events than
MD in the ARNA. Drought characteristics had little spatial variation across all five clusters.

The impact of vegetation on the seasonal drought propagation time is larger than that
on the regional drought propagation time. The correlation between SPI-n and SMI-1 is
higher in summer and autumn and lower in winter and spring. Drought propagation times
in all five clusters were 1–3 months in summer and autumn and 5–12 months in spring
and winter.

The response of AD to precipitation is more obvious during summer, while vegeta-
tion mainly affects AD in spring and autumn. Precipitation and vegetation have a close
relationship with soil moisture in spring, summer and autumn (p < 0.05). The correlation
coefficient between soil moisture and NDVI (approximately 0.60–0.93) was higher than that
between soil moisture and precipitation (approximately 0.40–0.56) in spring and autumn.

Drought propagation time from MD to AD has a significant (p < 0.05) negative relation-
ship with precipitation, evapotranspiration, soil moisture and NDVI. This result indicates
that the rapid hydrological cycle and well-growing vegetation can accelerate the water
transport process and further shorten the propagation time from MD to AD.

These conclusions might help in understanding the drought propagation process from
MD to AD and can provide scientific reference for addressing drought disasters.

Author Contributions: Conceptualization, C.L. and X.Z.; methodology, C.L., X.Z. and Y.X.; data
curation, C.L. and G.Y.; formal analysis, C.L. and X.Z.; writing—original draft preparation, C.L.;
writing—review and editing, C.L. and X.Z.; visualization, C.L., Y.X. and F.H.; supervision, X.Z. and
F.H.; funding acquisition, X.Z. and G.Y. All authors have read and agreed to the published version of
the manuscript.

Funding: This research was funded by the National Key Research and Development Program of
China (Grant No. 2019YFC0409201) and the National Natural Science Foundation of China (Grant
No. 41907157).

Data Availability Statement: Not applicable.

Conflicts of Interest: The authors declare no conflict of interest.



Remote Sens. 2022, 14, 3307 17 of 20

Appendix A

To prove the reliability of the data, the GLDAS data were compared with another
widely used set of climate data, the CRU TS (Climatic Research Unit gridded Time Series)
dataset. The CRU TS, with 0.5◦ spatial resolution, was principally developed by the UK’s
Natural Environment Research Council (NERC) and the US Department of Energy. We
mainly considered the variable of monthly precipitation. Due to the discrepancies in spatial
resolution, 1040 grids in two datasets around the study area were selected, respectively. To
evaluate the prediction performance, the Nash–Sutcliffe efficiency coefficient (NSE) and
root mean square error (RMSE) were used in this study. Higher NSE and lower RMSE
values indicate better prediction performance. The results are shown in Figure A1. Results
indicated that all selected grids had an average value of 8.98 mm for RMSE, and an average
value of 0.92 for NSE, indicating that the GLDAS data have high quality, similar to the CRU
TS data, and are reliable.
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