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Agricultural drought (AD) refers to a decline in crop yield as a result of a decrease in soil moisture, 
which is closely associated with land use type and soil texture. In semi-arid climates, however, it 
is unclear what role land use type and soil texture play in AD. Here, soil water deficit index (SWDI) 
considering the physiological state of vegetation is used to characterize AD. This study systematically 
investigated the effects of land use type and soil texture on the evolution of AD, and also analyzed 
the temporal changes of soil moisture, water deficiency in the vadose zone, and precipitation at 
annual and monthly scales. The results indicate that there is a broad similarity between the annual 
variation trends of soil moisture and precipitation in the Ziya River Basin (ZRB), while water shortages 
in the vadose zone are opposite. It is evident that SWDI has good applicability in characterizing AD in 
ZRB by comparing it with meteorological drought (MD). For impacts of different land use types and 
soil textures, Forest and Grassland exhibit greater drought resistance with the lowest duration (D, 
4.12 and 3.92) and severity (S, 7.76 and 7.93), whereas Cropland, Waters, and Urban Land (D > 5.39; 
S > 11) are more susceptible to severe droughts. For soil textures, Sand (D, 4.56; S, 8.32) and Loam (D, 
5.09; S, 10.32) are more prone to AD than Clay (D, 3.24; S, 5.13). Overall, these findings contribute 
to understanding the role of the land use types and soil textures in the evolution of AD in semi-arid 
regions and provide practical recommendations for early identifying AD.
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 Agricultural drought (AD) is a recurring, long-lasting and unstructured natural disaster in all lands of the 
world1–3, which is the result of many factors, such as hydrological conditions, meteorological conditions, crop 
layouts, crop varieties and growth conditions, farming system and tillage level4. Since the beginning of the 21 st 
century, the average annual grain loss due to drought in China is 37.284 million tons, about twice the grain loss 
in the 1980 s, accounting for 7.7% of the total grain production in the same period5. Therefore, understanding 
and evaluating AD is of great significance to improve the ability of drought resistance and disaster reduction, 
ensure food security, and promote the sustainable development of social economy and environment6–10.

Soil moisture is widely considered to be an important indicator for monitoring AD, as water stress on crops 
is closely related to soil moisture content11–14. The essence of AD is that soil water shortage cannot meet the 
water demand of vegetation roots15,16. The traditional AD monitoring method mainly comes from the station 
data17,18, which is difficult to realize the macro dynamic monitoring of AD due to its low efficiency and lack 
of representativeness10,18. Compared with traditional AD monitoring methods, remote sensing monitoring 
methods can realize large-area and dynamic monitoring by using the spectral, spatial and azimuth information 
of surface objects, and can also dynamically monitor soil moisture content19–21. While recent reanalysis and 
remote sensing soil moisture data are typically available at coarse resolution and remote sensing data are limited 
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to surface soil19,22–26, high-quality gridded soil moisture products are essential for many Earth system science 
applications27–30.

AD monitoring indices based on soil moisture can be classified into two categories: The first type of index 
requires long-term soil moisture data to determine the extent to which the current soil moisture deviates from 
the historical normal range, such as standardized soil moisture index (SSMI), soil moisture anomaly index 
(SMAI), soil moisture percentile (SMP). Such indicators only need soil moisture data, and the monitoring results 
in different regions are comparable. The disadvantage is that the time series is required to be long enough. The 
second category realizes AD monitoring based on soil moisture and soil hydraulics parameters, such as soil 
moisture index (SMI) and soil water deficit index (SWDI)31. The advantage of this type of index is that from 
the perspective of soil available water, the influence of soil properties in different regions on water deficit is 
considered. However, for regional AD monitoring, it is difficult to accurately obtain soil attribute parameters 
in different regions. From the perspective of AD monitoring, SWDI considers the relationship between a plant 
physiological state and soil water and is more suitable for monitoring AD. Previous studies have shown that 
SWDI can well reflect the relationship between soil moisture and AD at both basin scale and regional scale and 
is considered as a potential indicator for AD monitoring32–36.

The spatial distribution of soil moisture varies greatly due to the diversity of soil types, land use/land cover, 
topography and soil textures. With the deepening influence of climate change and human activities, drought 
appears to be widespread and frequent. Land use/cover change, as a man-made “system disturbance”, is one 
of the main driving factors affecting the spatio-temporal evolution of drought events in river basins37,38. In 
addition, soil texture is closely related to soil water content. The water capacity of different soil textures in 
farmland is different, and the effective water content of soil and plants is also different. However, how different 
soil textures affect the evolution of AD is closely related to the response of soil water to AD under different soil 
textures39. Therefore, it is necessary to systematically study the effects of land use types and soil textures on the 
evolution of AD in semi-arid areas.

The purpose of this study is to evaluate the impacts of land use types and soil textures on AD in ZRB, by using 
the widely used and effective SWDI. Specifically, the objectives of this study are: (1) to investigate the feasibility 
of SWDI in a semi-arid area; (2) to evaluate the impacts of different land use types on AD; and (3) to evaluate 
the impacts of different soil textures on AD.

 In the following, Sect.  “Materials and methods” describes the materials and methods. The impacts of 
different land use types and soil textures on AD are presented in Sect.  “Study area”, with a specific focus on 
comparing average SWDI time series and violin graphs of drought characteristics of AD. Discussion is presented 
in Sect. “Data”, followed by the conclusions summarized in Sect. “Methodology”.

Materials and methods
Study area
As a subbasin of the Haihe River Basin, the Ziya River Basin (ZRB, 36° 3’ N to 39° 5’ N, 112° 20’ E to 116° 0’ 
E) is situated in a semi-arid and warm temperate continental monsoon climate zone and covers 46,328 km2. 
The upper reaches of the basin are located at the eastern foot of the Mountains, where the terrain uplift is 
relatively obvious, precipitation is relatively abundant, and the temperature is relatively low, showing certain 
characteristics of mountain climate. The terrain in the middle and lower reaches of the plain is flat, with slightly 
less precipitation, higher temperatures, more vigorous evaporation and more prominent continental climate 
characteristics (Fig. 1).

In recent years, it has been observed that land use types have not changed significantly over ZRB40. For 
purposes of this study, the land use types in 2010 were chosen in order to better match the data period (2000–

Fig. 1.  Map showing the location of Ziya River Basin (ZRB). The figure is created in ArcMap 10.3 (​h​t​t​p​s​:​​/​/​d​e​s​k​​
t​o​p​.​a​r​​c​g​i​s​.​c​​o​m​/​z​h​​-​c​n​/​d​e​​s​k​t​o​p​/​​i​n​d​e​x​.​​h​t​m​l).
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2018, see Sect. “Data”. Data). Figure 2 shows the spatial distribution of (a) land use and (b) soil textures in ZRB. 
From Fig. 2a, vegetation covers approximately 90% of the basin area (49.86% of Cropland, 15.78% of Forest and 
24.38% of Grassland) and there is a very limited amount of Unused land and Waters. Among the soil types (Fig. 
2b), Loam accounts for a large proportion (75.98%), Sand represents a small percentage (21.76%), and Clay is 
the smallest (2.26%).

Data
Digital elevation model (DEM), land use, soil texture, precipitation, and soil moisture data are the main data 
sources in this paper. We used the high spatial-resolution (1 km) precipitation data from a long-term (1901–
2021) dataset produced by Peng et al. (2020), which is generated in China by Delta spatial downscaling scheme 
based on global 0.5° climate data set published by Climatic Research Unit and global high-resolution climate 
data set published by WorldClim database (website address: https://worldclim.org/). DEM with a resolution of 
30 m was downloaded from the Geospatial Data Cloud website (http://www.gscloud.cn/search); the land use 
data in 2010 come from http://www.resdc.cn; Chinese soil data set-based Harmonized World Soil Database 
(version 1.2) and the monthly rainfall data with a resolution of 1 km from 1961 to 2018 come from ​h​t​t​p​:​/​/​w​w​w​.​
t​p​d​c​.​a​c​.​c​n​/​z​h​-​h​a​n​s​/​​​​​; the SMCI1.0 (Soil Moisture of China by in situ data, version 1.0) with a resolution of 1 km 
from 2000 to 2020 was downloaded from https://doi.org/10.11888/Terre.tpdc.272415. In order to match the 
research period of all data, 2000–2018 is selected as the study period in this paper.

Methodology
Soil water deficit index
Soil water deficit index (SWDI) is an effective indicator of agriculture drought that quantifies soil moisture 
deficits associated with drought conditions. According to the Eq. 1, SWDI can be calculated by combining land 
surface soil moisture and soil water parameters as follows:

	
SW DI = (θ − 0.8 × θF C

θAW C
) × 10� (1)

where θ determines the land surface soil moisture (m3/m3); θF C  and θAW C  represent the soil moisture (m3/
m3) at field capacity (FC) and at available water capacity (AWC), respectively; θAW C  is calculated by subtracting 
θF C  from soil moisture at the wilting point (θW P ), as shown in Eq. 2:

	 θAW C = θF C − θW P � (2)

The reduction factor is set as 0.8 in this study, indicating that drought occurs when θ is less than 0.8 times θF C . 
Referring to the findings of the following relevant studies, Pan et al. (2014) studied the effect of drought on six 
plant species on the Tibetan Plateau, they determined the normal level of soil moisture to be more than 0.8 times. 
According to Wu (2013), the photosynthetic physiological response of three tree species peaks at 0.8 times θF C  
and declines when soil moisture decreases. A final step is to multiply the index by 10 in order to make the value 
agronomically relevant in terms of soil water availability.

 In the presence of a positive SWDI, the soil moisture is greater than 0.8 times θF C , indicating that there 
is no AD. Thus, a threshold of 0 is considered to be the point at which drought conditions begin and end. The 
SWDI was calculated at a monthly time scale, and an overview of the drought classification was provided in 
Table 110,41,42.

Note: Here SPI, SWDI represent standardized precipitation index and soil water deficit index.

Fig. 2.  Spatial distributions of (a) land use and (b) soil texture and the corresponding site locations in Ziya 
River Basin. The figure is created in ArcMap 10.3 (​h​t​t​p​s​:​​​/​​/​d​e​s​k​t​o​​p​.​a​r​c​g​i​​s​.​​c​​o​m​/​​​z​h​​-​c​n​/​​d​e​s​k​​t​​o​p​/​i​​n​​d​e​x​.​h​t​m​l).
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Standardized precipitation index
SPI is a commonly used metric for assessing meteorological drought (MD)43–46 on a range of timescales, 
proposed by McKee et al. (1993). In this study, the SPI and SWDI are compared to analyze the relationships 
among MD and AD. The gamma probability density function was used to fit precipitation data as follows47–49:

 

	
g(x) = 1

βα · Γ(α)xα−1 · e
− x

β , x > 0

where α and β (> 0) are the shape and scale parameters, respectively; and x (> 0) is the amount of monthly 
precipitation.

Water shortage in vadose zone
The vadose zone is the area where atmospheric water and surface water are connected with groundwater and 
exchange water. It is a complex system of rock and soil particles, water and air. The vadose zone has the ability 
to absorb water, retain water and transfer water. For ease of calculation, the water shortage of the vadose zone is 
defined as follows:

	 V = θF C − θi� (3)

where V is the water shortage of the vadose zone of a certain soil moisture grid, %; θi is the initial soil moisture 
content, %.

Drought characteristics
Drought characteristics, including duration (D), and severity (S) were extracted by using the Runs theory50. D is 
the number of consecutive months with both SPI < −0.546,51 and SWDI32 < 0; S is the summation of the absolute 
values of drought indices for a drought event. To analyze the regional impact of drought, we also use the ratio of 
drought areas (RDA), which is the percentage of grids where drought occurs compared to the total number of 
grids in the region. The higher the RDA, the wider the area affected by the drought.

Results
Temporal variations of precipitation and soil moisture
In ZRB, annual average soil moisture and annual precipitation show similar trends, with soil moisture increasing 
as precipitation increases (Fig. 3a). In contrast, the water shortage in the vadose zone decreases with an increase 
in precipitation. There is an average annual precipitation of 463.95 mm in the watershed; however, in 2001, 2002, 

Fig. 3.  Temporal variations of precipitation, soil moisture and water shortage in vadose zone at (a) annual and 
(b) monthly scales of Ziya River Basin.

 

Drought class SPI SWDI

No drought > 0 > 0

Mild drought −1.0 ~ 0 −2 ~ 0

Moderate drought −1.5 ~ −1.0 −5 ~ −2

Severe drought −2.0 ~ −1.5 −10 ~ −5

Extreme drought ≤ −2.0 ≤ −10

Table 1.  Drought categories in accordance with the values of SPI and SWDI.
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and 2014 the annual precipitation was less than 400 mm, and the minimum value of 332.85 mm appeared in 
2014. Statistically, the soil moisture of the watershed is 25.03% on average, while 2006, 2009, 2014 and 2018 are 
among the years with reduced soil moisture. In the vadose zone of the basin, the average annual water shortage 
is 6.0%; 2014 is the year that has the highest value of water shortage, which is 7.04%. By analyzing the above 
information, it is evident that the ZRB is in a situation where soil moisture is scarce in 2014.

Similarly, the interannual distribution of soil moisture and precipitation in the basin is well-consistent, 
as monthly soil moisture increases with increased precipitation (Fig.  3b). However, as depicted in Fig.  3b, 
precipitation has increased from January to July, but soil moisture decreased slightly from March to June, and 
it did not increase until July, indicating that soil moisture has a lag during spring (March to June). There is 
an uneven distribution of precipitation throughout the year in ZRB, with low precipitation recorded in both 
October-December and January-April of the following year, and the lowest precipitation recorded in January, 
only 3.04 mm. In winter, soil moisture is less than 23%, and the minimum value is 20.69% in January, which 
coincides with the month of the minimum precipitation. It is noticeable that the vadose zone exhibits a water 
shortage of more than 8% between January and February as well as December of each year, with the maximum 
showing up in January at 10.33%, followed by a shortage of 8.68% and 9.38% in December and February. Overall, 
winter is the most prominent season when soil moisture levels are low in ZRB.

Investigation into the feasibility of SWDI in the study area
The Run theory is used to identify drought events of MD and AD, and the accuracy of SWDI at the monthly scale 
is verified by comparing the drought characteristics of the two. Table 2 represents the drought characteristics 
sequences for MD and AD in ZRB from 2000 to 2018, and the most significant drought events with a long 
duration and high severity are indicated in red color. As shown in Table 2, it is believed that the time at which 
AD began and ended is almost in accordance with the time at which MD began and ended, based on the dates 
from the two sources. The following four typical drought events are taken as examples. In 2005–2006, MD lasted 
for 20 months with S of 6.54, while AD had a shorter D of 11 months with a higher S of 8.3. In 2008–2009 and 
2010–2011, AD and MD are both beginning and ending at the same time, however, AD exhibits a more severe 
S (3.35–4.15) than MD (9.08–10.19). Additionally, there have been three small drought events for MD in 2013–
2015 resulting in the longest and most severe drought event for AD over the entire study period.

Figure 4 illustrates the temporal variations of RDA under different levels (mild, moderate and severe drought) 
of AD in ZRB. The extraordinary droughts of 2005–2006, 2008–2009, 2010–2011 and 2013–2015 affected a 
larger geographic area (RDA > 60%) and had more serious consequences, which is consistent with the findings of 
Table 2. During 2000–2018, AD was mainly associated with mild droughts, and the number of moderate drought 
events has increased significantly since 2004, indicating that AD has gradually evolved from mild to moderate in 
recent years although some mitigation of droughts in 2016–2017. Hence, these analyses suggest that the SWDI 
calculated in the ZRB is reliable and accurately reflects the soil water balance. It should be noted that AD has 
become increasingly serious in ZRB in recent years, and more early warnings of drought are required.

No.

MD AD

Beginning-End D (month) S Beginning-End D (month) S

1 2001.5-2001.10.5.10.5.10 6 4.34 2000.4–2000.6.4.6 3 3.17

2 2002.1–2002.4.1.4 4 3.05 2001.5-2001.10.5.10.5.10 6 2.59

3 2002.7–2002.8.7.8 2 2.04 2002.3–2002.4.3.4 2 1.65

4 2003.6–2003.8.6.8 3 1.02 2002.8-2002.11.8.11.8.11 4 2.80

5 2004.9-2004.11.9.11.9.11 3 1.86 2004.10–2004.11.10.11 2 0.38

6 2005.3–2006.10.3.10 20 6.54 2005.6–2006.4.6.4 11 8.30

7 2007.7–2007.8.7.8 2 1.16 2006.9–2007.2.9.2 6 5.19

8 2008.7–2009.7.7.7 13 3.35 2007.5–2007.9.5.9 5 4.63

9 2009.12–2010.1.12.1 2 0.68 2008.1–2008.3.1.3 3 1.27

10 2010.4–2010.7.4.7 4 3.36 2008.8–2009.7.8.7 12 10.19

11 2010.10–2011.8.10.8 11 4.15 2009.10–2009.12.10.12 3 1.88

12 2013.3–2013.5.3.5 3 1.55 2010.5–2010.7.5.7 3 2.96

13 2013.10–2014.1.10.1 4 2.98 2010.10–2011.8.10.8 11 9.08

14 2014.5-2014.11.5.11.5.11 7 3.48 2012.5–2012.6.5.6 2 1.15

15 2015.6–2015.8.6.8 3 2.51 2012.10–2013.5.10.5 8 3.50

16 2016.3–2016.5.3.5 3 1.40 2013.8–2015.8.8.8 25 17.52

17 2016.8–2016.9.8.9 2 0.82 2016.4–2016.5.4.5 2 1.12

18 2017.6–2018.3.6.3 10 3.27 2017.5–2017.7.5.7 3 1.85

19 2018.9-2018.11.9.11.9.11 3 3.63 2017.12–2018.3.12.3 4 1.58

20 - - - 2018.6-2018.12.6.12.6.12 7 6.84

Table 2.  The drought characteristics sequences of MD and AD in Ziya river basin during 2000–2018. Note: 
Here MD, AD, D, S represent meteorological drought, agricultural drought, duration, and severity.
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Impacts of land use types on AD
Figure 5 shows the average SWDI time series during 2000–2018 for each land use type (Cropland, Forest, 
Grassland, Waters and Urban land, respectively) in ZRB. Generally, there is a similar tendency of AD across 
different land use types during 2000–2018 (Fig. 5). Also, severe drought events occurred more frequently for 
all land use types in 2004–2015 with lower SWDI values (more negative), which is consistent with the findings 
of Fig. 4. As a general rule, more severe droughts can be observed in Cropland, Waters and Urban land than 
other land use types throughout the entire period. In contrast, it appears that Forest and Grassland are more 
susceptible to wet events and light droughts with high SWDI, as demonstrated by the years 2002–2003, 2011–
2012, 2014 and 2017, although they may suffer from severe droughts in certain cases (such as in 2006). This is 
possibly due to the fact that Forest and Grassland have higher drought resistance and toughness.

For further investigation of the differences in drought characteristics (D and S) across different land use types 
(Fig. 6), violin graphs were conducted during 2000–2018 over ZRB. The quantiles range from 25% to 75%, and 
the white circles represent the mean values. Generally, the mean values of D (5.81) and S (11.72) identified by 
Urban land are highest than other land use types, followed by Cropland (D, 5.41; S, 11) and Waters (D, 5.39; S, 
11.57). Forest and Grassland show the lowest D (4.12 and 3.92, respectively) and S (7.76 and 7.93, respectively) 
over ZRB, leading to the conclusion that Forest and Grassland exhibit more light droughts with shorter D and 
lower S due to their superior water holding capacity. Conversely, Cropland, Waters, and Urban land are prone to 
severe droughts, which may be caused by increased evaporation and human activity.

Fig. 5.  Average soil water deficit index (SWDI) timeseries during 2000–2018 for each type of land use in Ziya 
River Basin.

 

Fig. 4.  Temporal variations of ratio of drought areas under different levels of agricultural drought in Ziya River 
Basin.
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Impacts of soil textures on AD
Figure 7 shows the average SWDI time series of AD during 2000–2018 for each type (Sand, Clay, and Loam, 
respectively) of soil textures in ZRB. Generally, it has been noted that all types of soil textures experienced 
similar changes in AD during the entire period (Fig. 7). Similarly, it can be found that severe drought events were 
more frequent for all types of soil textures between 2004 and 2015, and SWDI values were lower (more negative) 
in most cases. Clay is more likely to experience wet events as well as light droughts with a larger SWDI, whereas 
the most severe droughts have occurred in Sand and Loam (e.g., 2009, 2011, 2013, 2015, and 2018), indicating 
that AD occurs more frequently in Sand and Loam.

Figure 8 shows the violin graphs of D and S for different soil textures: Sand, Clay, and Loam, respectively, with 
quantiles ranging from 25% to 75%, and white circles indicating the mean values. Among the three soil textures, 
Loam has the largest D (5.09) and S (10.32) of AD over ZRB, followed by Sand (D, 4.56; S, 8.32), and the lowest is 
for Clay (D, 3.24; S, 5.13). In addition, the distribution of drought characteristics for Sand (D, 1–9; S, 2–20) and 
Loam (D, 1–11; S, 2–23) is relatively uniform, whereas Clay tends to concentrate on lower D of 2–4 months and S 
of 1–7, suggesting that Clay shows best performance with higher water holding capacity and drought resistance.

Discussion
Comparisons of impacts of land use types on AD
In this study, five different land use types are analyzed (Cropland, Forest, Grassland, Waters, and Urban Land) 
to evaluate the impacts of AD in semiarid areas. Our findings show that Forest and Grassland are more drought-
resistant while Cropland, Waters, and Urban land are more susceptible to severe droughts (Figs. 5, and 6). 
Adaptation strategies to water deficits and the ability to absorb water can determine drought resistance and 
recovery capabilities among different vegetation types52. In a study published by Hanson and Weltzin et al. 
(2000), it was shown that vegetation with well-developed roots (e.g., Forest and Grassland) is more resistant to 
drought and water shortages than vegetation with less-developed roots (e.g., Cropland), which is in accordance 
with the findings of our study. In addition, Water areas are directly affected by drought resulting in reduced water 

Fig. 7.  Average soil water deficit index (SWDI) timeseries during 2000–2018 for each type of soil texture in 
Ziya River Basin.

 

Fig. 6.  Violin graphs of duration and severity of agricultural drought for different land use: Cropland, Forest, 
Grassland, Waters and Urban land, respectively.
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storage, and Urban land may also be more prone to drought due to multiple factors such as high temperature, 
human activities, precipitation deficit, low humidity, and strong evapotranspiration53.

Comparisons of impacts of soil textures on AD
Our results indicated that Clay performs better than Loam and Sand (Figs. 7, and 8), the reason can be that Clay 
has good water retention due to smaller pores and low evapotranspiration rate. The finding of Yu et al. (2022) 
confirmed that Sand has a lower capacity to absorb and store rainfall than the other two soil textures, making 
it less able to recover from severe AD, while Clay and Loam can recover more quickly due to their better water-
holding capacity when replenished by timely precipitation. A number of important implications can be drawn 
from these results for crop selection and the allocation of soil texture types in the semi-arid region. AD intensity 
and frequency are closely correlated with soil texture, demonstrating the importance of integrating local soil 
types, main planting structures, and topographic features into the design of soil moisture monitoring stations so 
that agricultural management may be improved.

The impact of other relative factors on AD
Vegetation structure, soil hydrological characteristics and human activities are also the key factors that interact 
and jointly drive the dynamics of AD. Vegetation regulates water consumption and microclimate through 
transpiration. The texture and structure of the soil determine the ability of water infiltration, storage and 
transmission. Human activities directly alter the natural water cycle by changing land use (such as deforestation 
and urbanization) and water resource management (such as excessive water extraction), often reducing the 
resilience of ecosystems. The coupling of the three, through positive and negative feedback mechanisms, amplifies 
or alleviates meteorological drought, jointly determining the occurrence, intensity and recovery process of AD. 
Therefore, sustainable land management and water resource utilization strategies, such as protecting forests, 
improving agricultural soil health, and adopting water-saving technologies, are crucial for enhancing the 
drought resistance of ecosystems.

Conclusions
In this study, we have analyzed the temporal variations of precipitation, soil moisture, and water shortage in 
the vadose zone in ZRB on an annual and monthly scale, evaluated the applicability of SWDI in ZRB, and 
quantitatively assessed the effects of land use type and soil texture on AD. In summary, the following conclusions 
can be drawn:

	(1)	 The annual variation trends of soil moisture and precipitation in the ZRB are broadly similar, while the 
trend for water shortage in the vadose zone is the opposite. Similarly, the interannual distribution of soil 
moisture and precipitation in the basin is well-consistent. Overall, winter is the most prominent season 
when soil moisture levels are low in ZRB.

	(2)	 SWDI is capable of characterizing the water balance of the ZRB soil layer to a certain extent and can be used 
for AD assessment, monitoring, early warning, and forecasting. To some extent, AD and MD are both be-
ginning and ending at the same time in a specific drought event. However, AD tends to exhibit more severe 
S than MD.

 

	(3)	 Different types of land use in semi-arid areas demonstrate significant impacts of AD. There is a greater 
drought resistance among Forest and Grassland with lower D and S, while Cropland, Waters, and Urban 

Fig. 8.  Violin graphs of duration and severity of agricultural drought for different soil textures: Sand, Clay, 
Loam, respectively.
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land are more susceptible to severe droughts because of their poorer water holding capacity and human 
activities.

	(4)	 Soil texture also has a significant effect on AD. Generally, Sand and Loam are more prone to severe drought 
with higher D and S under the similar climate. On the other hand, Clay has better drought resistance tough-
ness.

Data availability
The data that support the findings of this study are available from the corresponding author (Yimin Hao: 
934060679@qq.com) upon reasonable request.
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