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A B S T R A C T   

The risk of compound drought heatwave events (CDHEs) and their persistence has intensified in recent decades 
and is expected to increase faster in the future. Projecting future changes in the CDHEs and the area of the 
cropland exposed to CDHEs under different scenarios is critical for climate adaptation and sustainable devel
opment. In this study, we analyze cropland exposure to extreme CDHEs at the global and continental scales under 
different Shared Socioeconomic Pathways (SSPs) scenarios for the mid-term (2041–2060) and long-term 
(2081–2100) of the 21st century by using 14 CMIP6 GCMs and LUH2 land-use data. We find that the extreme 
CDHEs with high frequency are mainly located in tropical areas. The frequency of extreme CDHEs in the future 
will be much higher than that of the baseline period (1995–2014), and the increased frequency will be more 
obvious with the emissions increase. Overall, the global total cropland exposure in warm season during the 
1995–2014 period will be 148.05 × 103 km2 month− 1. Exposure in the mid-term and long-term will be 
868.68–1801.25 and 1058.58–3887.54 × 103 km2 month− 1 under the different SSP scenarios. The climate effect 
will be the dominant driving factor for the increase in cropland exposure. Cropland exposure to extreme CDHEs 
will increase on all continents, especially in Asia and Africa. Our findings provide scientific evidence of the 
benefit of limiting low-emission scenarios which will effectively reduce cropland exposure to CDHEs under future 
climate change.   

1. Introduction 

Climate change is one of the most serious threats to human society in 
the 21st century and may generate more extreme weather events and 
show an increasing trend at regional and global scales under anthro
pogenic climate change (AghaKouchak et al., 2014; Leonard et al., 2014; 
Zscheischler et al., 2020; IPCC, 2021). Extreme weather and climate 
events are often triggered by complex atmospheric physical processes 
and can cause disasters that contribute to severe socioeconomic risk 
(Zscheischler et al., 2020). These impacts may not be uniquely deter
mined by a single extreme but may be related to compound extreme 
weather and climate events that have high impacts, an idea first intro
duced by the special report on managing the risks of extreme events and 
disasters to advance climate change adaptation (SREX), which released 

by the Intergovernmental Panel on Climate Change (IPCC) (Agha
Kouchak et al., 2014; Leonard et al., 2014; Zscheischler et al., 2020). 
Compound extreme weather and climate events can be defined as the 
combination of two or more extreme events that occur concurrently or 
sequentially (AghaKouchak et al., 2014; Leonard et al., 2014; 
Zscheischler et al., 2020; Zhang et al., 2021a). Compared with individ
ual extreme events, compound extreme events often have substantially 
amplified harmful impacts, leading to much more severe ecological and 
socioeconomic damage (Hao et al., 2020; Weber et al., 2020; He et al., 
2022b; Zhang et al., 2022a). 

Among the multiple compound weather and climate events, com
pound drought heatwave events (CDHEs) are one of the most typical 
compound extreme events that have attracted increasing attention 
(Mazdiyasni and AghaKouchak, 2015, 2020; Feng et al., 2019; Alizadeh 
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et al., 2020; Mukherjee et al., 2020; Liu et al., 2021; Tang et al., 2022; 
Wu and Jiang, 2022; He et al., 2022a, 2022b; Li et al., 2022; Libonati 
et al., 2022). Drought and heatwave are two kinds of disasters with a 
high frequency and wide range in the world and are also the most 
obviously affected by climate change. The relationship between the 
temperature and the precipitation is negative, influenced by the 
land-atmospheric feedback (Zscheischler and Seneviratne, 2017). The 
occurrence of a heatwave would inhibit the precipitation generation, 
increase the sensible heat flux, which could further lead to the surface 
temperature increase, accelerate the soil moisture evaporation, and 
finally aggravate drought severity (Seneviratne et al., 2010; Miralles 
et al., 2019). 

Previous studies have shown more frequent CDHEs in recent decades 
globally (Alizadeh et al., 2020; Liu et al., 2021). In the USA, compound 
drought heatwave events increased with a statistically significant shift in 
their distribution during 1960–2010 (Mazdiyasni and AghaKouchak, 
2015). A similar phenomenon is found in China, where the events have 
become more frequent and widespread, especially since the late 1990s 
(Yu and Zhai, 2020a), with a large population exposed to CDHEs (Liu 
et al., 2021; Zhang et al., 2021b). Due to the combined effects of 
long-term trends of global warming and multi-time scale variability, 
CDHEs will increase under the influence of climate change and will be 
projected to further increase in the future (Hao et al., 2018; Liu et al., 
2021). According to Liu et al. (2021), population exposure to severe 
CDHEs under 2.0 ◦C and 3.0 ◦C global warming relative to the prein
dustrial level will increase by 108 and 266 million, respectively, 
compared with the 1.5 ◦C global warming. 

The harmful impact is not only on population, but also on crop 
growth, produce serious economic losses, and has a serious impact on 
food security (Zscheischler et al., 2018; Feng et al., 2021; He et al., 
2022a). Agricultural production is mainly determined by meteorological 
factors such as temperature and precipitation, and climate variation 
explains a third of global crop yield variability (Ray et al., 2015). 
Drought and heatwave are among the most detrimental climate extreme 
with a variety of direct, indirect, immediate, and delayed impacts 
(Mazdiyasni and AghaKouchak, 2015). The drought and extreme heat 
significantly reduced national cereal production by 9–10% (Lesk et al., 
2016; Alizadeh et al., 2020). Drought mainly reduce the yield by slowing 
down photosynthesis and shortening the growth season (Lesk and 
Anderson, 2021), while the heatwave can not only directly affect the 
crop growth by reducing pollen viability and damaging tissues, but also 
indirectly reduce the yield by decreasing soil moisture and causing 
drought through evapotranspiration (Siebert et al., 2017; Lesk and 
Anderson, 2021). The impact of CDHEs on cropland at the global and 
continental scales has not been discussed carefully, though this infor
mation is critical to preparing for and mitigating their negative effects 
on agricultural production, which are closely related to human 
well-being and social stability (Hu et al., 2020; Potapov et al., 2022). 

Traditionally, drought events are described by monthly drought 
indices (i.e., the standardized precipitation evapotranspiration index 
(SPEI) and standardized precipitation index (SPI) (McKee et al., 1993; 
Vicente-Serrano et al., 2010), while heatwaves (or hot extreme events) 
are often defined by using the absolute or relative threshold temperature 
on daily scales as a period of consecutive extremely hot days (Wang 
et al., 2020; Zhang et al., 2021b; Luo et al., 2022). Therefore, how to 
combine the two kinds of disasters with different time scales is the pri
mary problem in exploring CDHEs (Mukherjee et al., 2020; Yu and Zhai, 
2020a; Zhang et al., 2021b). With the development of research, scholars 
have attempted to directly describe the CDHE by using one index, such 
as the standardized dry and hot index (SDHI) (Hao et al., 2018; Wu et al., 
2020; Liu et al., 2021; Tang et al., 2022), standardized compound event 
indicator (SCEI) (Hao et al., 2019), and compound drought-hot extreme 
index (CDHI) (Hao et al., 2020). 

In the present paper, we present the CDHEs by using the SDHI and 
project cropland exposure in the global and continental scales under the 
mid-term and long-term period of the 21st century, based on 14 GCMs 

outputs and cropland area projection. The main target of this paper is to 
improve our understanding in the projection of CDHEs and the impacts 
of climate drives to the CDHEs under various future scenarios, which 
will provide support about the risk assessment, adaptation, and miti
gation strategies under climate change. The rest of this paper is orga
nized as follows: Section 2 describes the datasets and methods used in 
this study. The results are presented in Section 3. In Section 4, we pre
sent some discussions and conclusions. 

2. Data and methods 

2.1. Data 

2.1.1. Climate data 
Global monthly temperature and precipitation data are extracted 

from the Climatic Research Unit (CRU) datasets with a spatial resolution 
of 0.5◦ × 0.5◦ for the period 1961–2014, which were generated based on 
data from more than 4000 meteorological stations around the world 
(Harris et al., 2020; Wang et al., 2020; Liu et al., 2021). 

The monthly air temperature and precipitation outputs during 
1961–2100 of 14 global climate models (GCMs) are from the Coupled 
Model Intercomparison Project Phase 6 (CMIP6) (Table 1). The GCM 
temperature and precipitation are divided into two periods: before 2014 
(including 2014) is the historical period, and after 2014 is the projection 
period. The historical scenario used in this study has all-forcing simu
lations, which are forced by both anthropogenic and natural forcing 
(Zhang et al., 2022b). Four scenarios including SSP1-2.6, SSP2-4.5, 
SSP3-7.0, and SSP5-8.5, are used in this research, belonging to Tier-1 
experiments. Tier-1 experiments are the core experiments, designed to 
provide a full range of forcing targets (Eyring et al., 2016; Gidden et al., 
2019; Hofer et al., 2020; Liu et al., 2021; Ma and Yuan, 2021; Ullah 
et al., 2022). 

The period 1995–2014 is considered the baseline period in the 6th 
Assessment Report (AR6) of the IPCC, and the 21st century has been 
divided into three periods, i.e., the near-term (2021–2040), the mid- 
term (2041–2060) and long-term (2081–2100) (IPCC, 2021). 

Temperature and precipitation data of GCMs have been bias- 
corrected based on the CRU data by using the equidistant cumulative 
distribution function (EDCDF) method and downscaled to 0.5◦ × 0.5◦ by 
using the spatial disaggregation (SD) method (Li et al., 2010). 
Comparing the CRU and GCM, we find that the precipitation of GCMs is 
overestimated in most regions of the world, while it is slightly under
estimated in South America. In terms of temperature, GCMs slightly 
underestimate in many parts of the world. After bias correction, the 
precipitation and temperature of the GCMs become close to the observed 
values (Figs. S1–S3). 

2.1.2. Land-use data 
The Land Use Harmonization Version 2 (LUH2) dataset is used to 

Table 1 
Description of the global climate models.  

Climate Model Institute ID Country Resolution (grid points) 

BCC-CSM2-MR BCC China 160 × 320 
CAMS-CSM1-0 CAMS China 160 × 320 
CESM2 NCAR USA 192 × 288 
CESM2-WACCM NCAR USA 192 × 288 
CNRM-CM6-1 CNRM-CERFACS France 128 × 256 
CNRM-ESM2-1 CNRM-CERFACS France 128 × 256 
CanESM5 CCCma Canada 64 × 128 
FGOALS-g3 CAS China 80 × 180 
GFDL-ESM4 NOAA-GFDL USA 180 × 288 
IPSL-CM6A-LR IPSL France 143 × 144 
MIROC-ES2L MIROC Japan 64 × 128 
MIROC6 MIROC Japan 128 × 256 
MRI-ESM2-0 MRI Japan 160 × 320 
UKESM1-0-LL MOHC UK 144 × 192  
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represent historical and future land-use activities in the world during 
850–2100 (Chen et al., 2020b; Hurtt et al., 2020; Ma et al., 2020; 
García-Peña et al., 2021; Song et al., 2021). It is a new historical and 
projected future land-use forcing dataset for CMIP6 (Eyring et al., 2016). 
LUH2 was developed based on the Historical Database of the Global 
Environment (HYDE) and multiple future scenarios following the Shared 
Socioeconomic Pathways (SSPs) (Chen et al., 2020b; García-Peña et al., 
2021). It provides global gridded fractional land-use patterns, underly
ing land-use transitions, key agricultural management information, and 
resulting secondary land data from 850 to 2100 with spatial resolution 
of 0.25◦ × 0.25◦ and temporal resolution of 1 year (Hurtt et al., 2020). In 
addition, LUH2 classifies the land into 5 land-use types (cropland, 
pasture, primary, secondary and urban) and 12 sub-types. The sum of C3 
annual cropland, C3 perennial cropland, C4 annual cropland, C4 
perennial cropland, and C3 nitrogen-fixing cropland is used to denote 
cropland. 

2.2. Methods 

2.2.1. Defining the compound drought heatwave event 
The SDHI is relatively simple and effective in describing the CDHEs, 

and has been widely used in many regions of the world (Hao et al., 2018; 
Wu et al., 2020; Liu et al., 2021; Tang et al., 2022). The original version 
of the SDHI used the ratio of the marginal probability or percentile of 
precipitation and temperature to evaluate the relative status of dry and 
hot conditions. However, the drought condition is also influenced by the 
temperature and evapotranspiration, and thus it is insufficient to 
describe the drought trends under the warming climate by using only 
precipitation (Vicente-Serrano et al., 2010; Zhou et al., 2020). There
fore, in this study, the difference between precipitation and potential 
evapotranspiration (PET) is used to present drought conditions, a 
concept similar to the SPEI (Vicente-Serrano et al., 2010). The PET is 
calculated based on the Thornthwaite method (Thornthwaite, 1948). 

Thus, to incorporate the comparative status of both moisture and 
heat conditions, we define a matrix as follows: 

X =
G1(P − PET)

G2(T)
(1)  

where functions G1(P − PET) and G2(T) are the percentile distribution 
functions of precipitation minus potential evapotranspiration and tem
perature, respectively. 

We termed the index as SDHI, in which a marginal cumulative dis
tribution F was first fitted, and then the standardization was performed 
based on the standard normal distribution ɸ. The smaller the SDHI 
value, the more severe the CDHEs. The intensity of CDHEs can be further 
categorized by using different SDHI thresholds. If the SDHI is lower than 
− 0.5, CDHEs can be considered, and − 0.8, − 1.3, − 1.6, and − 2.0 are the 
thresholds of moderate, severe, extreme, and exceptional CDHEs, 
respectively (Hao et al., 2018; Liu et al., 2021). 

SDHI = ɸ− 1
[F(X)] (2) 

Marginal distribution functions (i.e., F) are used as an empirical 
method based on the Gringorten plotting position formula (Gringorten, 
1963) to compute the following: 

F =
(i − 0.44)
(n + 0.12)

(3)  

where i is the rank and n is the length of observations. 
We focus on the CDHEs in the warm season, which is defined as the 

hottest three months in each grid (Zscheischler and Seneviratne, 2017). 
To avoid CDHEs appearing in high-mountain and polar regions, we 
consider that a monthly temperature above 20 ◦C is the basic condition 
for CDHEs. 

2.2.2. Thornthwaite method 
The Thornthwaite method is widely used and the simplest approach 

to calculate the PET, which correlates the mean monthly temperature 
with PET as determined by the water balance with the supply of surface 
water (Thornthwaite, 1948). 

The implementation of Thornthwaite’s original approach is slightly 
modified (Willmott et al., 1985), where Thornthwaite’s parameteriza
tion is used for a limited range of temperature values, 

PET =

⎧
⎪⎪⎪⎪⎨

⎪⎪⎪⎪⎩

0 T < 0◦C

16
(

10T
I

)a

0C ≤ T < 26.5◦C

− 415.85 + 32.24T − 0.43T2 ≥ 26.5◦C

(4)  

where I is the heat index, and a is the parameterization determined by a 
third-order polynomial. 

I =
∑12

i=1

(
T
5

)1.514

(5)  

a= 6.57 × 10− 7I3 − 7.71 × 10− 5I2 + 1.7921 × 10− 2I + 0.49239 (6) 

Finally, to account for variable day and month lengths, the PET is 
adjusted: 

PET =PET
(

θ
30

)(
h
12

)

(7)  

where θ is the length of the month (in days), and h is taken as the 
duration of daylight (in hours) on the 15th day of the month. The latter 
correction ensures that the Thornthwaite parameterization for PET is 
related to the latitude of the site considered, next to the monthly means 
of daily averaged temperature. 

2.2.3. Relative importance of climate and land-use changes on exposure 
The cropland exposure is calculated by multiplying the cropland area 

by the number of CDHEs at each grid point. As the CDHE is the monthly 
scale in this research, the unit of cropland exposure is km2⋅month− 1 

(Jones et al., 2015). For each GCM projection, the 20-year (length of 
baseline period, mid-term, and long-term) mean exposure is computed 
under different SSP scenarios. Finally, we aggregate grid exposure to 
global and continental scales. 

The exposure change can be divided into three factors, namely, cli
matic effect, cropland effect, and interaction effect (Smirnov et al., 
2016; Liu et al., 2017; Chen et al., 2018, 2020a; Jones et al., 2018; 
Weber et al., 2020; Zhang et al., 2021b; Das et al., 2022; Wang et al., 
2022). To isolate the impact of cropland and climate change on cropland 
exposure, we have designed two additional experiments by holding the 
climate or cropland constant. The influence of climate on exposure is 
determined by allowing climate to change according to the model pro
jection but leaving cropland at the baseline period level. The cropland 
effect is determined by allowing cropland to change but leaving the 
climate at the baseline period level. The difference between total 
exposure and the summation of climate and cropland effects is consid
ered the interaction effect, which represents the simultaneous changes 
in climate and cropland (Smirnov et al., 2016). Therefore, the relative 
contributions of climate and cropland changes to the exposure can be 
obtained by dividing projected changes in exposure by the total expo
sure changes. 

3. Results 

3.1. Frequency of extreme CDHEs at the continental scale 

Although the GCMs data used in this study are downscaled and bias- 
corrected, we compared the spatial distribution of the frequency of 
extreme CDHEs calculated by CRU (Fig. 1a), GCMs after bias correction 
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(Fig. 1b), and original GCMs data (Fig. 1c) in the baseline period to 
further assess the simulation ability of the GCMs. 

The results show that there is no distribution of extreme CDHEs in 
high-altitude areas such as North America, northern Eurasia, and the 
Qinghai-Tibet Plateau. However, northern Africa, Southern China, and 
tropical areas are generally prone to extreme heat and drought events. 
The spatial correlation coefficient between the spatial distribution of 
extreme CDHEs of CRU and original GCMs data is 0.56 (p < 0.05), and 
the spatial correlation coefficient between CRU and GCMs after bias 
correction is 0.73 (p < 0.05), indicating that the original GCM has a 
certain ability to simulate extreme CDHEs, and the simulation ability of 
the GCMs is further improved after bias correction. 

In this research, the frequency of extreme CDHEs in the grid on the 
continent scale was averaged over time and is presented in Fig. 2. In the 
baseline period, there were no extreme CDHEs in high-latitude and high- 
altitude areas, among which the proportions of North America, Asia, and 
Europe were 71.1%, 47.1%, and 50.0%, respectively (Fig. 1b). This 
result was mainly caused by the large areas on the three continents 
where temperatures are lower than 20 ◦C, which does not meet the 
prerequisites for CDHEs. Among the six continents, the average 

frequency of CDHEs is lowest in North America in the baseline period, 
followed by Europe and Asia. The largest frequency of extreme CDHEs 
appeared in Africa, followed by Oceania and South America. 

In the middle of the 21st century, the temperature elevation in all 
continents further increased the frequency of drought and heatwave 
events, leading to more CDHEs. Moreover, the maximum frequency of 
extreme CDHEs in all continents will be much higher than that in the 
baseline period. The extreme CDHEs will increase with the increase in 
emission scenarios. 

The frequency of extreme CDHEs in the long-term will be higher than 
that of corresponding scenarios in the mid-term. In the long-term, the 
frequency of extreme CDHEs on all continents under the SSP1-2.6 sce
nario will be basically the same as that in the mid-term, while the fre
quency of extreme CDHEs in other scenarios increase obviously. Among 
the 6 continents, the frequency in Africa and South America will be 
much higher than that in other continents, and North America will be 
the lowest (Fig. 1). 

The spatial distribution of extreme CDHE frequency in the mid-term 
and long-term will be similar to the baseline period (Fig. S4). The pro
portion of continents without extreme CDHEs declines dramatically. In 

Fig. 1. Global spatial distribution of the frequency of extreme CDHEs during the baseline period by using the CRU data (a), the ensemble mean of 14 GCMs that have 
been bias-corrected (b), and original GCMs (c). 

Fig. 2. The average frequency of extreme CDHEs to each continent in the baseline period and mid-term (a) and long-term (b) of the 21st century under different SSPs. 
The color means different SSPs, the white bar represents the baseline period. (For interpretation of the references to color in this figure legend, the reader is referred 
to the Web version of this article.) 
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the Middle East, North Africa, Central Africa, and some areas of northern 
South America, the warm seasons will all have extreme CDHEs. More
over, extreme CDHEs will occur in northern North America and western 
Siberia, which have no extreme CDHES in the baseline period, especially 
under the SSP5-8.5. 

3.2. Global cropland exposure in the baseline period 

The spatial pattern of global cropland exposure to extreme CDHEs in 
the warm season, based on the multi-ensemble mean of GCMs during the 
baseline period (1995–2014) is shown in Fig. 3. Overall, the global total 
warm season cropland exposure during the 1995–2014 period was 
148.05 × 103 km2 month− 1, only accounting for 0.86% of the total 
cropland. Regions with high exposure are mainly distributed over East 
Asia (e.g., North China), Southeast Asia (e.g., Indonesia and Malaysia), 
and southern Brazil. These regions also have more cropland (Fig. 3b) 
and more months in the warm season (Fig. 1b). However, in regions with 
large croplands, such as Central Europe, western North America, and 
South Asia (Fig. 3b), cropland exposure to extreme CDHEs was low due 
to the lower frequency of extreme CDHEs. Exposure was also high near 
tropical areas in Africa due to the frequency of CDHEs and the cropland 
distribution. Cropland exposure to CDHEs is highest in Asia (67.27 ×
103 km2 month− 1), followed by Africa (31.17 × 103 km2 month− 1) and 
South America (24.67 × 103 km2 month− 1), and lowest in Oceania (1.87 
× 103 km2 month− 1). Cropland exposure in Europe and North America 
was 8.00 and 15.0 × 103 km2 month− 1, respectively. 

3.3. Spatial distribution of cropland exposure to CDHEs in the middle and 
long term 

Considering that the CDHEs are becoming more severe in those re
gions that are already experiencing water shortages, we need to better 
assess the socioeconomic risks to support climate change mitigation 
under different scenarios. 

The extreme CDHE cropland exposure will be 868.68–1801.25 ×
103 km2 month− 1 on the global scale under the SSP1-2.6-SSP5-8.5 sce
nario during the mid-term (Table S1). The largest exposure will be in 
SSP5-8.5, which would be 12.17-fold that of the baseline period, while 
the lowest would be in SSP1-2.6 (5.87-fold that of the baseline period). 
The percentage of cropland exposure area to the total cropland area 
increased from less than 1% in the baseline period to 4.95–8.83% under 
different scenarios in the middle of the 21st century, and the proportion 
increased as the emission scenario increased. 

For Asia, in the mid-term, the exposure will be 360.92–683.56 × 103 

km2 month− 1 under the four scenarios (Table S1). The cropland expo
sure in Africa, North America, Europe, South America, and Oceania will 
be 249.70–505.60, 69.33–146.91, 79.53–182.67, 93.36–249.20, and 
15.83–33.32 × 103 km2 month− 1, respectively, under the four scenarios. 
In all continents, the cropland exposure under SSP1-2.6 will be the 
lowest, and it will be the largest under the SSP5-8.5 scenario. 

From the perspective of spatial distribution, cropland exposure will 
increase in most regions of the world under SSP scenarios in the middle 
of the 21st century compared with the baseline period (see Fig. 4). 
Obvious increases are mainly located in tropical areas such as the South 
Asian subcontinent, central Africa, most of Europe, and some areas of 
South America. However, when comparing with the global cultivated 
land, we find that in the middle of the 21st century, the cultivated land 

Fig. 3. Global spatial distribution of annual cropland exposure to the extreme CDHEs (a) and the cropland area (b) during the baseline period.  
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in North America, eastern China, Europe, and other places will show a 
decreasing trend compared with the base period, but the exposure de
gree of cultivated land in this region increased, which is probably caused 
by the frequent occurrence of extreme CDHEs. However, in South 
America, Africa, and the South Asian subcontinent, the cultivated land 
will increase relative to the base period, and the increase in cultivated 
land exposure in these regions will be mainly caused by the combination 
of high temperature and drought events and the simultaneous increase 
in cultivated land. 

During the long-term, the global cropland exposure to extreme 
CDHEs will be 1058.58–3887.54 × 103 km2 month− 1 under the SSP 
scenario (Table S1), an increase of 7.15–26.26-fold compared with the 
baseline period. The largest proportion of cropland exposure area to the 
total cropland area will be in SSP5-8.5, accounting for 19.16%, while the 
lowest will be in SSP1-2.6 (5.28%). All exposure will increase compared 
with that in the mid-term. 

The spatial distribution of cropland exposure is similar to the mid- 
term; most regions of the world increased compared with the baseline 
period, especially in the South Asian subcontinent, central Africa, most 
of Europe, and some areas of South America. The cropland exposure in 
southern China under the SSP3-7.0 scenario decreased compared with 
that in the baseline period, and the exposure in other regions increased, 
especially under the SSP5-8.5 scenario (Fig. 5). 

Cropland exposure to extreme CDHEs in the long term of the 21st 
century in Asia and Africa will be 392.92–1212.96 and 323.06–1429.50 

× 103 km2 month− 1 under the four scenarios, respectively; the lowest 
occurred under SSP1-2.6, and the largest will be under SSP3-7.0. The 
cropland exposure in North America, Europe, South America, and 
Oceania will be 88.40–450.23, 19.12–105.85, 141.80–459.03, and 
93.30–618.46 × 103 km2 month− 1 in the four scenarios, respectively. In 
these four continents, the cropland exposure under SSP1-2.6 will be the 
lowest, and it will be the largest under the SSP5-8.5 scenario. 

Among all continents, exposure of cultivated land in Asia will be the 
largest, accounting for approximately 40% and 30% of the global total 
exposure of cultivated land in the middle and end of the 21st century, 
respectively. The change in cultivated land exposure in Europe will be 
the most obvious. Under the SSP5-8.5 scenario, the cultivated land 
exposure in the mid-time and long-term will be 22.84 and 77.33 folds, 
respectively. 

3.4. Relative contribution of climate and cropland changes 

To determine the relative importance of various factors to the 
cropland exposure increase, we categorized the changes in cropland 
exposure in terms of the effect of climate, cropland, and interactions. 
Fig. 6 and Fig. 7 show the total changes in cropland exposure and its 
components over 6 continents and the global scale in the mid-term and 
long-term under SSP scenarios. Understanding the relative importance 
of the different drivers of the change in the projected exposure to the 
extreme CDHEs provides an important means of informing policy 

Fig. 4. Changes in cropland exposure to extreme CDHEs (a) and the cropland area (b) in the mid-term under different scenarios compared with the baseline period. 
The results are based on the 14 CMIP6 multi-model mean. 
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Fig. 5. Changes in cropland exposure to extreme CDHEs (a) and the cropland area (b) in the long-term under different scenarios compared with the baseline period. 
The results are based on the 14 CMIP6 multi-model ensemble mean. 

Fig. 6. Decomposition of regional and global projected changes in cropland exposure for the mid-term minus the baseline period. The colored bars are based on the 
14 CMIP6 multi-model ensemble mean. 
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responses to dry weather and reducing the exposure of the cropland 
area. 

At the global scale, cropland exposure to extreme CDHEs in the mid- 
term under the 4 scenarios will be mainly caused by climatic effects (all 
climatic effects were over 67%). As both the cropland area and the 
extreme CDHEs frequency increased, the contribution of climatic effect 
and land-use effect will be positive. For Asia, the contribution of the 
climate effect in the mid-term under SSP scenarios will be higher than 
80%, and under SSP1-2.6, the land-use effect will be negative. The 
dominant driving factor in the cropland exposure increase will be the 
climatic effect (see Fig. 6). 

As the cropland area in North America will be lower than that of the 
baseline period under these 4 scenarios, the land-use effects will be 
negative. As a result, the climatic effect would be more than 100%, 
which is the dominant effect of the cropland exposure increase. A similar 
phenomenon also appeared in Europe: land use will be positive (0.45%) 
in the SSP2-4.5 scenario, and the climatic effect will be more than 100% 
in the other scenarios. 

In South America, climatic effects will be the most important driving 
factors in increasing exposure to cropland, but the interaction effect 
increased with the emission scenario, and under SSP5-8.5, the interac
tion effect will be almost equal to the climatic effect. In Africa, the cli
matic effect will be over 50% under SSP1-2.6, SSP2-4.5, and SSP5-8.5, 
while the interaction effect will be slightly higher than the climatic ef
fect. In Oceania, the effect of climate factors will be higher than that of 
land-use effects. 

By the end of the 21st century, due to the increases in the frequency 
of CDHEs and the area of cropland, the exposure of cropland exposure to 
extreme CDHEs will be higher than that of the mid-term and baseline 
period. Climatic effects (75.60%, 74.24%, 67.16%, and 84.65% under 
SSP126, SSP2-4.5, SSP3-7.0, and SSP5-8.5, respectively) will be the 
dominant factors causing the cropland exposure increase (see Fig. 7). 

The contribution of the climatic effect will be lower than that in the 
mid-term in Asia, but the land-use effect would be higher. In North 
America and Europe, the dominant factor (over 70%) will be still the 
climate effect, while the land-use effects will be negative. For Oceania, 
the climate effect will be the main driving factor for the cropland 
exposure increase in the SSP scenarios. For South America, different 
from the middle term, the interaction effect will be higher than the 
climate effect in the SSP2-4.5 and SSP3-7.0 scenarios. In Africa, the 
climatic effect will be over 50% under SSP1-2.6, SSP2-4.5, and SSP5-8.5, 
while the interaction effect will be slightly higher than the climatic 

effect. 

4. Discussion and conclusion 

CDHEs have large impacts on human society, the economy, and 
natural ecosystems. In this research, we analyze cropland exposure to 
extreme CDHEs at the global and continental scales under different SSP 
scenarios from CMIP6 in the mid-term and long-term of the 21st century. 
This study adopts 14 GCMs, combined with precipitation, potential 
evapotranspiration, and air temperature, to construct a monthly scale 
SDHI to evaluate the future temporal and spatial evolution of extreme 
CDHEs. Combined with LHU2 land-use data, we further analyze the area 
of cropland exposed to extreme CDHEs under four SSP scenarios. 

The high frequency of CDHEs in the historical period is mainly 
located in Middle and South Asia, the Middle East, North Africa, and 
northern South America, which are tropical areas. The frequency of 
extreme CDHEs in the middle and long term of the 21st century will be 
much higher than that of the baseline period, and the frequency 
increased along with the increase in emissions. With the continuous rise 
in global temperature, new risks of extreme CDHEs will emerge in North 
America, Siberia, and other high-latitude areas in the future. Although 
the different approaches, datasets, and research periods, the conclusions 
obtained in our research are basically consistent with the previous 
research in India (Mishra et al., 2020), China (Yu and Zhai, 2020a, 
2020b; Zhang et al., 2021b), and Africa (Weber et al., 2020), and 
globally (Liu et al., 2021). 

According to Liu et al. (2011), relative to 1986–2005, the severity of 
CDHEs would increase on the global scale and in most regions, such as in 
Southern Europe, the Mediterranean, North and West of Africa, and the 
west coast of South America under global warming. However, in their 
research, only temperature and precipitation are used to determine 
CDHEs, which ignored the important role of potential evapotranspira
tion. Meanwhile, their research only chose the SSP5-8.5 scenario, which 
did not reflect the advantage of multiple scenarios in future projections. 

Overall, the global total cropland exposure to extreme CDHEs in 
warm season during the 1995–2014 period is 148.05 × 103 km2 

month− 1, accounting for 0.86% of the total cropland. Exposure in the 
mid-term will be 868.68–1801.25 × 103 km2 month− 1 under different 
SSP scenarios. However, the cropland exposure will be 
1058.58–3887.54 × 103 km2 month− 1 in the long-term period, and the 
exposure varied greatly among the different scenarios. 

In the baseline period, cropland exposure to extreme CDHEs in Asia 

Fig. 7. Decomposition of regional and global projected changes in cropland exposure for the long-term minus the baseline period. The colored bars are based on the 
14 CMIP6 multi-model ensemble mean. 
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is the largest, followed by that in Africa, South America, and Europe. In 
the middle and long term of the 21st century, cropland exposure will be 
much higher than that in the baseline period. Exposure in Asia will be 
still the largest, except in the SSP3-7.0 scenario in the long term. In 
addition, cropland exposure to extreme CDHEs in Africa increased 
obviously. In the mid-term, cropland exposure in Africa increased from 
31.17 × 103 km2 month− 1 to 249.70–505.60 × 103 km2 month− 1. At the 
global and continental scales, it will be clear that the frequencies of 
CDHEs and cropland exposure will be the lowest under the low-emission 
scenario compared with the high-emission scenarios. Maintaining the 
low-emission scenario can effectively reduce the impact of CDHEs in 
cropland. 

Africa is particularly exposed and vulnerable to a wide range of 
different climate risks. Policymakers seeking to understand the climate 
risks faced by Africa in a changing climate, therefore, need information 
on the climate hazards, exposure of assets, and vulnerability if they are 
to plan and adapt effectively. The CDHEs population exposure in Africa 
projected a strong increase in exposure (Weber et al., 2020; Liu et al., 
2021). The strongest growth of population exposure is simulated for 
West Africa (2.2 billion person-events), Central-East Africa (1.7 billion 
person-events), and Northeast Africa (1.0 billion person-events) under 
the RCP8.5/SSP3 scenario (Weber et al., 2020). Combined with our 
research, the population and cropland exposed to CDHEs would increase 
obviously, which will greatly increase the risk of food shortages in the 
region and add a heavier burden to this already fragile region. As such, 
the policymakers responsible for adaptation planning will be facing 
increasing risks over the course of this century (Weber et al., 2020). 

South Asia has a high density of cropland in the world, contains one 
of the largest irrigation systems (Immerzeel et al., 2010; Su et al., 2016), 
and is vulnerable to drought and heatwave events, which is sensitive to 
the reduction in water supply and threaten food security. In contrast to 
Africa, irrigated agriculture in South Asia depends on meltwater, 
monsoon rains, and groundwater (Lutz et al., 2022). Research has shown 
that the drought (Wen et al., 2019; Wang et al., 2020; Zhai et al., 2020; 
Mondal et al., 2021), heatwaves (Luo and Lau, 2018; Ullah et al., 2022) 
and CDHEs (Mishra et al., 2020; Das et al., 2022) in South Asia would 
increase. In terms of population exposure to CDHEs, the multi-model 
mean projects 2.25- to 3.11-fold, 2.51- to 4.96-fold, and 2.14- to 
2.70-fold increase in the number of person-events with respect to the 
historical period (65.20 billion person-events) under SSP2-4.5, 
SSP3-7.0, and SSP5-8.5, respectively (Das et al., 2022). The increase 
in extreme CDHEs and cropland areas lead to a continuous increase in 
cropland exposure to extreme CDHEs, which seriously threatened the 
local water supply and food security, increasing the importance of 
meltwater and groundwater to irrigated agriculture. 

Although our research provides valuable information for future 
changes in extreme CDHEs at the global and continental scales, it should 
be acknowledged that the conclusions are limited in some places. In this 
study, a monthly SDHI that used precipitation, potential evapotranspi
ration, and temperature to reflect extreme CDHEs is defined for the 
warm season to reflect dry-hot conditions in the world. This is different 
from previous studies, which were based on precipitation and temper
ature and ignored the effect of potential evapotranspiration on drought 
(Hao et al., 2018; Wu et al., 2020; Liu et al., 2021; Tang et al., 2022). 
Potential evapotranspiration represents the regional evaporative ca
pacity and plays a pivotal role in the drying process (Wen et al., 2019; 
Wang et al., 2020). It is important to choose a suitable method to 
calculate potential evapotranspiration for drought assessment (Zhou 
et al., 2020). The potential evapotranspiration method used in our 
research was the Thornthwaite evapotranspiration formula, which was 
the simplest method and considered only the temperature (Vice
nte-Serrano et al., 2010) and will provide underestimates in arid and 
semiarid regions and overestimates in humid regions (Wen et al., 2019; 
Wang et al., 2020; Zhou et al., 2020). Many studies have shown that the 
Penman-Monteith equation, which incorporates the multiple effects of 
thermal and dynamic factors, could be considered the best method of 

drought assessment (Su et al., 2018; Wen et al., 2019; Wang et al., 2020; 
Zhou et al., 2020). 

Another area that needs to be improved in future research is the 
refinement of the time scale. In traditional studies, drought is generally 
defined on a monthly scale, but at present, research on drought has 
begun to focus on the study of flash droughts on a daily scale (Yuan 
et al., 2019). Flash drought is a new type of drought. Compared with 
traditional droughts, flash droughts develop more rapidly and have a 
shorter forecast period. In the future, we would focus on the research of 
the CDHEs on a daily scale. 

Declaration of competing interest 

The authors declare that they have no known competing financial 
interests or personal relationships that could have appeared to influence 
the work reported in this paper. 

Data availability 

Data will be made available on request. 

Acknowledgments 

This work was supported by the Natural Science Foundation of 
Shandong Province, China (ZR2021QD139), the Postdoctoral Innova
tion Project of Shandong Province (2021BHCX54), and the National 
Science Foundation of China (41971023). 

Appendix A. Supplementary data 

Supplementary data to this article can be found online at https://doi. 
org/10.1016/j.wace.2023.100559. 

References 

AghaKouchak, A., Cheng, L., Mazdiyasni, O., Farahmand, A., 2014. Global warming and 
changes in risk of concurrent climate extremes: insights from the 2014 California 
drought. Geophys. Res. Lett. 41 (24), 8847–8852. https://doi.org/10.1002/ 
2014GL062308. 

Alizadeh, M.R., Adamowski, J., Nikoo, M.R., AghaKouchak, A., Dennison, P., Sadegh, M., 
2020. A century of observations reveals increasing likelihood of continental-scale 
compound dry-hot extremes. Sci. Adv. 6 (39), eaaz4571. https://doi.org/10.1126/ 
sciadv.aaz4571. 

Chen, J., Liu, Y., Pan, T., Liu, Y., Sun, F., Ge, Q., 2018. Population exposure to droughts 
in China under the 1.5◦C global warming target. Copernicus Publications Earth 
System Dynamics 9 (3), 1097–1106. https://doi.org/10.5194/esd-9-1097-2018. 

Chen, J., Liu, Y., Pan, T., Ciais, P., Ma, T., Liu, Y., Yamazaki, D., Ge, Q., Peñuelas, J., 
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Humpenöder, F., Jungclaus, J., Kaplan, J.O., Kennedy, J., Krisztin, T., Lawrence, D., 
Lawrence, P., Ma, L., Mertz, O., Pongratz, J., Popp, A., Poulter, B., Riahi, K., 
Shevliakova, E., Stehfest, E., Thornton, P., Tubiello, F.N., van Vuuren, D.P., 
Zhang, X., 2020. Harmonization of global land use change and management for the 
period 850-2100 (LUH2) for CMIP6. Copernicus GmbH Geoscientific Model 
Development 13 (11), 5425–5464. https://doi.org/10.5194/gmd-13-5425-2020. 

Immerzeel, W.W., van Beek, L.P.H., Bierkens, M.F.P., 2010. Climate change will affect 
the Asian water towers. Science 328 (5984), 1382–1385. https://doi.org/10.1126/ 
science.1183188. 

IPCC, 2021. Summary for policymakers. In: Masson-Delmotte, V., Zhai, P., Pirani, A., 
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den Hurk, B., AghaKouchak, A., Jézéquel, A., Mahecha, M.D., Maraun, D., Ramos, A. 
M., Ridder, N.N., Thiery, W., Vignotto, E., 2020. A typology of compound weather 
and climate events. Nat. Rev. Earth Environ. 1 (7), 333–347. https://doi.org/ 
10.1038/s43017-020-0060-z. 

A. Wang et al.                                                                                                                                                                                                                                   

https://doi.org/10.1002/joc.7685
https://doi.org/10.1002/joc.7685
https://doi.org/10.1029/2019EF001473
https://doi.org/10.1016/j.atmosres.2018.12.003
https://doi.org/10.1016/j.atmosres.2018.12.003
https://doi.org/10.1002/joc.3370050602
https://doi.org/10.1088/1748-9326/ac4c5b
https://doi.org/10.1088/1748-9326/ac4c5b
https://doi.org/10.1016/j.jhydrol.2020.124580
https://doi.org/10.1038/s41598-020-71312-3
https://doi.org/10.1038/s41598-020-71312-3
https://doi.org/10.1016/j.wace.2020.100295
https://doi.org/10.1016/j.wace.2020.100295
https://doi.org/10.1038/s41467-019-12692-7
https://doi.org/10.1016/j.atmosres.2020.105111
https://doi.org/10.1016/j.atmosres.2020.105111
https://doi.org/10.3389/feart.2021.673495
https://doi.org/10.3390/land10101021
https://doi.org/10.1029/2022ef002833
https://doi.org/10.1088/1748-9326/ac43e0
https://doi.org/10.1016/j.atmosres.2020.104979
https://doi.org/10.1016/j.atmosres.2020.104979
https://doi.org/10.1126/sciadv.1700263
https://doi.org/10.1126/sciadv.1700263
https://doi.org/10.1038/s41558-018-0156-3
https://doi.org/10.1038/s43017-020-0060-z
https://doi.org/10.1038/s43017-020-0060-z

	Global cropland exposure to extreme compound drought heatwave events under future climate change
	1 Introduction
	2 Data and methods
	2.1 Data
	2.1.1 Climate data
	2.1.2 Land-use data⁠

	2.2 Methods
	2.2.1 Defining the compound drought heatwave event
	2.2.2 Thornthwaite method
	2.2.3 Relative importance of climate and land-use changes on exposure


	3 Results
	3.1 Frequency of extreme CDHEs at the continental scale
	3.2 Global cropland exposure in the baseline period
	3.3 Spatial distribution of cropland exposure to CDHEs in the middle and long term
	3.4 Relative contribution of climate and cropland changes

	4 Discussion and conclusion
	Declaration of competing interest
	Data availability
	Acknowledgments
	Appendix A Supplementary data
	References


