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A B S T R A C T   

Due to global warming, it is necessary to study the influence of extreme climate and concurrent events on crop 
growth. The study area was the Songliao Plain, where drought events frequently occur. First, the daily meteo
rological data of 14 meteorological stations from 1981 to 2016 were collected to analyze the temporal and spatial 
changes in the crop water surplus and deficit index, extreme growing degree-days, and heat stress intensity 
during different growth stages of maize. Second, the cloud model was used to describe the fuzziness of concurrent 
events (simultaneous drought and heat), and mutual mapping between qualitative and quantitative data was 
undertaken. The fuzzy certainty degree of the influence of different degrees of concurrent events on maize was 
calculated. Third, the copula function was used to describe the randomness of concurrent extreme events and 
calculate the joint probability distribution and return period. An assessment method was proposed for concurrent 
events from the perspective of system uncertainty. Finally, we analyzed the relationship between concurrent 
events and maize yield, which showed different degrees of water deficit and warming trends during each growth 
period. Crops were most affected by extreme weather during the reproductive growth period (RGP). During the 
vegetative growth period (VGP), the temperature increase was higher than in other periods, especially in the 
high-latitude region. The frequency of mild concurrent events was higher during the VGP and RGP. During the 
vegetative and reproductive period, the average occurrence probability of mild, moderate, and severe concurrent 
events was 21.9%, 1.7%, and 0.35%, respectively, whereas during the RGP, it was 23.1%, 8.2%, and 0.12%, 
respectively. The present study provides a meaningful reference for a better understanding of the occurrence 
laws of drought, heat, and concurrent events during crop growth periods and how to optimize the agricultural 
management of maize.   

1. Introduction 

In the past century, the Earth has experienced significant global 
warming (Lobell et al., 2011; Ray et al., 2019; Wang and Chen, 2014). 
After a record heat event in 2015, the World Meteorological Organiza
tion told the international community that it would need to cope with a 
hotter, drier, and wetter future (Church et al., 2013). Agriculture is 
particularly sensitive to climate change. Climatic factors, such as tem
perature, precipitation, radiation, and wind speed, affect the 

physiological development and yield of crops, and abnormal changes 
cause various agricultural disasters (Chen et al., 2016; Killi et al., 2017; 
Miliauskienė et al., 2016). Due to increasing global food demand, the 
temporal and spatial variation law of extreme weather and climate, and 
the occurrence law of concurrent agrometeorological disaster events 
must be identified. The present study will aid in making strategic de
cisions on food security and implementing policies, technologies, and 
strategies to adapt agriculture to climate change. 

Drought is a natural agricultural disaster with a wide range, high 
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frequency, and long duration that threatens national food security 
(Mahrookashani et al., 2017). Climate change has led to an increase in 
the severity and duration of drought events in many areas of China, 
often accompanied by heat and heat waves (Chen and Sun, 2017; Miao 
et al., 2016; Sun et al., 2014). Heat and drought are two related but 
different constraints. Although heat may not cause drought, it is likely to 
aggravate the degree of drought. The occurrence of drought is complex 
and lagging, whereas that of heat is short-term and sudden. Combining 
these two natural disasters will have a far-reaching effect on food se
curity by shortening the crop growth period and reducing the crop 
production potential (Zandalinas et al., 2018). For example, in 2014, 
drought and a heat wave in California triggered wildfires and caused an 
agricultural water crisis (AghaKouchak et al., 2014). In 2016, there was 
historic heat and drought in Southeast Asia (Qian et al., 2019). 

Research on the hazards and risks of the coexistence of various 
extreme meteorological events or agricultural disasters is limited (Leo
nard et al., 2014). Several studies have analyzed the challenges of the 
multi-hazard framework (AghaKouchak et al., 2014; Mesbahzadeh 
et al., 2020; Wang et al., 2019; Sharma and Mujumdar, 2017). The 
combined stress of heat and drought severely affects wheat yield 
compared to a single stress factor (Mahrookashani et al., 2017). Matiu 
et al. (2017) observed that maize yield decreased by 11.6% under dry 
and hot conditions but only by 7.8% under dry conditions using the 
standardized precipitation evapotranspiration index (SPEI) and tem
perature data. Lobell et al. (2015) reported that the effect of heat events 
is increasing, and heat factors should be considered when carrying out 
drought risk management. Thus, the traditional univariate risk assess
ment method based on precipitation conditions may significantly un
derestimate the risk of extreme events because it ignores the influence of 
temperature (Fang et al., 2019). Wang et al. (2018a) evaluated the risk 
of drought and heat events during the growth period of summer maize in 
the Huang-Huai-Hai Plain using SPEI during critical growth periods, 
combined with the cumulative distribution function and climate trend 
rate. Miao et al. (2016) comprehensively analyzed the joint probabilistic 
characteristics and tendencies for bivariate and trivariate precipitation 
and temperature indices based on the copula theory. 

From previous studies, the relationship between meteorological 
factors and crop yield has been established based on deterministic 
methods or via model simulation and weight calculation using climatic 
factors. These ignore the uncertainty of the crop itself and the research 
system. Research on randomness and fuzziness of uncertain systems has 
advanced (Chen et al., 2012; Wu et al., 2019). However, few studies 
have combined the uncertainty study with a study of multiple extreme 
events. In the field of meteorological disasters, there are limited studies 
on the probability calculation of various extreme events. Therefore, it is 
essential to understand the temporal and spatial variation law of crop 
water requirement (ETc), effective rainfall (Pei), and extreme heat (heat 
stress intensity [HIS] and extreme growing degree-days [EDD]) during a 
maize growth period, and the occurrence of concurrent events of 
drought and heat in each period. 

The primary purpose of the present study was to describe the 
randomness and fuzziness of drought and heat events on maize crops. 
The maize-producing area of the Songliao Plain was chosen as the study 
area. We combined the cloud and copula models to analyze two natural 
disasters together and answered the following questions based on un
certainty: (a) How do precipitation and extreme heat change during the 
different growth stages of maize? (b) What is the condition of concurrent 
drought-heat events in different degrees for maize in the study area? (c) 
How are the joint distribution probability and co-occurrence recurrence 
periods of compound stress distributed? The present study provided a 
meaningful reference for a better understanding of the occurrence laws 
of drought, heat, and concurrent events during the crop growth period 
and the results can aid in protecting fragile agro-ecosystems, which is of 
great significance for further study on hazard quantification and risk 
assessment of various agricultural disasters and the rational allocation of 
water and heat resources to ensure food security. 

2. Study area and data sources 

2.1. Study area 

The Songliao Plain is located in northeast China, between 
40◦25′–48◦40′ N and 118◦40′–128◦00′ E. It covers approximately 300 
000 hm2 in the southern Heilongjiang Province, central and western 
Jilin Province, and the majority of Liaoning Province. Located between 
the Daxing’an mountain range, Xiaoxing’an mountain range, and 
Changbai Mountain, it starts from the middle reaches of the Nenjiang 
River in the north and reaches the Liaodong Bay in the south (Fig. 1). 
The Songliao Plain is an important grain production base in China. 
During the 1970s, it gradually expanded and formed the current “maize 
belt” in China (Bai, 1998; Dao-Wei et al., 2010). The annual precipita
tion in the study area is 500–750 mm and the annual mean evaporation 
is 2–3 times that of the annual mean precipitation. The annual mean 
temperature is 3–8 ℃, the lowest temperature occurs in January, and 
the highest temperature occurs in July. The frost-free period is 135–155 
d, and the annual average sunshine hours are 2400–2900 h. Due to 
various conditions, desalinated salt water and seawater cannot be 
applied for local agricultural production (Panagopoulos, 2021; Pan
agopoulos et al, 2019). Local water resources for agriculture are scarce, 
and the majority is cultivated from rain. The fertilization method is 
single, which is sensitive to environmental changes. Low temperatures 
in spring and frost in autumn are frequent, and natural disasters, such as 
drought and flood, are frequent (Guna et al., 2019; Zhang, 2004). 

2.2. Data source 

Based on the classification standard for the maize growth period, the 
present study divided the maize growth period into four stages: whole 
growth period (WGP), vegetative growth period (VGP), vegetative and 
reproductive period (VRP), and reproductive growth period (RGP). The 
WGP is defined from sowing to maturity, VGP is from sowing to jointing, 
VRP is from jointing to flowering, and RGP is from flowering to maturity 
(Pingya and Biying, 1985; Xiuping, 2014). A total of 14 meteorological 
stations in the Songliao Plain were selected as the research stations. The 
meteorological data used in the present study was taken from the Na
tional Meteorological Information Center (http://www.resdc.cn/). 
Maize yield data were obtained from the China Planting Information 
Network (http://zzys.agri.gov.cn/), provincial statistical yearbooks, 
and the Jilin Meteorological Bureau, covering 30 years of data from 
1985 to 2015. The standard geographical information data came from 
the National Catalogue Service for Geographic Information website 
(http://www.webmap.cn). The Supplementary Material can be accessed 
for more detailed data sources. In the present study, the inverse distance 
weighting method in ArcGIS software was used to interpolate and 
classify the statistical data of each site and obtain the corresponding 
spatial distribution map. 

3. Methods 

3.1. Indices 

3.1.1. Crop water surplus and deficit index (CWSDI) 
The CWSDI plays an essential role in formulating irrigation strategies 

and regional water resource allocation. In the present study, the CWSDI 
was constructed using ETc and Pei to reflect the water demand and water 
supply of maize at different growth stages (Eq. (1)) (Wang et al., 2018b): 

CWSDIi =
Pei − ETci
ETci

(1)  

where, Pei is the total effective rainfall in the ith growth stage (mm) (Eq. 
(2)); CWSDIi > 0 indicates water surplus; CWSDIi < 0 indicates water 
deficit; and CWSDIi = 0 indicates balance of the water budget. Crop Pei is 
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the portion of rainfall falling during the crop growing season that can be 
retained in the root zone for long enough to meet crop evapotranspi
ration requirements. It was calculated as follows: 

Pei =
∑n

j=1
Pej (2)  

Pej = αj × Pj (3)  

Where, Pj is the total rainfall on the jth day (mm); Pej is the effective 
rainfall amount on the jth day (mm); α is the effective utilization coef
ficient, Pj ≤ 5 mm, αj = 0; 5 ≤ Pj ≤ 50 mm, αj = 0.9; Pj > 50 mm, αj 
= 0.75. (Yang et al., 2021). 

ETci is the water requirement of maize during the growing season, 
calculated using the simulation evapotranspiration of applied water 
model, which was developed based on the Penman–Monteith method 
proposed by the Food and Agriculture Organization (FAO) of the United 
Nations (Allen et al., 1998). The crop water demand was calculated daily 
(Eqs. (4)–(5)), which has been widely used in the calculation of water 
demand of maize (Yang et al., 2012, 2013): 

ETC = KC × ETO (4)  

ETO =

0.408Δ
(

Rn − G
)

+ γ 900
Tmean+273u2

(

es − ea
)

Δ+ γ(1 + 0.34u2)
(5)  

where, ETO is the potential evapotranspiration (mm d-1); G is the soil 
heat flux density (MJ m-2 d-1); γ is the wet and dry constant (kPa ℃-1); 
and Tmean is the average temperature (℃). Tmean is defined as the 
average of the daily maximum temperature (Tmax) and daily minimum 
temperature (Tmin) within 24 h; Rn is the net radiation (MJ m-2 d-1); es is 
the saturated water vapor pressure (kPa); ea is the actual water vapor 
pressure (kPa); Δ is the slope of the saturated vapor pressure curve (kPa/ 
℃); u2 is 2 m high wind speed (m/s); and KC is the crop coefficient of 
maize in a certain period (Paredes et al., 2020; Zhong et al., 2019). A 
more detailed calculation process of the indicators in the formula can be 
found on the FAO official website (http://chm.pops.int/Partners/FAO/ 

tabid/293/Default.aspx). 
The drought and flood grade standard levels of crop water surplus 

and the deficit index of maize were determined based on the drought 
grade of water deficit index specified in the drought intensity standard 
of spring maize in North China (China Meteorological Administration, 
2015) and historical disaster data of typical representative stations in 
the study area (Table 1). 

3.1.2. Heat stress index 
The present study selected two heat stress indicators: HSI and EDD to 

characterize the occurrence and influence of heat stress during different 
growth stages of maize (Guo et al., 2019; Wang et al., 2018a; Zhang 
et al., 2017). 

For every growth stage, HIS (◦C) is the total days when Tmax ≥ Th. 
EDD (◦C d) is the total extreme growing degree-days, and it is calculated 
using Eqs. (6) and (7). 

EDD =
∑N

d=1
EDd (6)  

EDd =
{

0 Tmax ,d< Th
Tmax ,d − Th Tmax ,d ≥ Th

(7) 

EDD is the cumulative degree of high temperature during a certain 
growth stage of maize. EDi is the daily temperature greater than the heat 

Fig. 1. Sketch map of the study area.  

Table 1 
Drought grade indexes of maize based on CWSDI.  

Drought 
Grade 

Vegetative Growth 
Period (VGP) 

Vegetative and 
Reproductive Period 
(VRP) 

Reproductive 
Growth Period 
(RGP) 

Light 
Drought 

-65＜ 
CWSDI≤ − 45 

-50＜CWSDI≤ − 35 -60＜CWSDI≤ − 35 

Middle 
Drought 

-75＜ 
CWSDI≤ − 65 

-60＜CWSDI≤ − 50 -70＜CWSDI≤ − 60 

Heavy 
Drought 

≤ − 75 ≤ − 60 ≤ − 70 

CWSDI represented for crop water surplus and deficit index 
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stress threshold, N is the total number of days in a certain growth stage 
of maize, Tmax, d represents the highest daily temperature, and Th in
dicates the threshold temperature of heat stress in the maize-growing 
season. The values are shown in Table 2. 

3.2. Historical effects of climate on maize growth 

The Mann–Kendall (M–K) mutation test is widely used to test the 
trends of time series data of precipitation, air temperature, and water 
quality (Congbin and Qiang, 1992; Djaman et al., 2019). MATLAB 
2016b software was used in the present study to perform the test. The 
M–K method can identify the mutation period and region based on the 
output of two sequences (UF and UB). For a time series x with n samples, 
an order sequence was constructed as: 

sk =
∑k

i=1
ri, ri =

{
1, xi > xj j = 1, 2,…, i
0, else (8)  

where the order column sk is the cumulative number of values at time i 
greater than the number of values at time j, when k = 1, s1 = 0. 

Under the assumption that the time series were random and inde
pendent, the statistics were defined as: 

UFk =
sk − E(sk)

̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅
Var(sk)

√ , k = 1, 2,…, n (9)  

where UF1 = 0, E(sk), Var(sk) are the mean and variance of cumulative 
number sk, and when x1, x2, …, xn are independent of each other and 
have the same continuous distribution. 

E(sk) =
n(n − 1)

4
(10)  

Var(sk) =
n(n − 1)(2n+ 5)

72
(11) 

UF is a standard normal distribution, which is a statistical sequence 
calculated based on the time series x sequence x1, x2, …, xn. According to 
the time sequence x, xn, xn-1,., x1, the above process is repeated to 
construct the inverse sequence UB. 

3.3. Precondition cloud generator algorithm 

Representing uncertain phenomena has always been the focus of 
natural science research. Among the uncertainties, randomness and 
fuzziness are the most critical (Chengguo et al., 2018; Mingyuan et al., 
2016; Zheng-Jie et al., 2014). The cloud model uses three numerical 
characterizations of expectation (Ex), entropy (En), and super entropy 
(He) to associate fuzziness and randomness to form a map between 
qualitative and quantitative data (Dey and Changyu, 2004). Ex is the 
point in the universe space that can best represent the qualitative 
concept C. En reflects the uncertainty of qualitative concept C, and the 
range of the number domain that can be accepted by the linguistic value 
in the number domain, namely ambiguity. He is the dispersion degree of 
entropy, namely the entropy of entropy, and reflects the cohesion of 

each numerical value representing the linguistic value certainty, and the 
condensation degree of cloud droplets (Fig. 2). 

After constructing the evaluation cloud, He was determined by 
experience based on the uncertainty and randomness of specific in
dicators, and subjective factors were strong, which weakened the 
randomness of the cloud model. Therefore, when building the composite 
disaster assessment cloud, based on the principle of assessment grade 
division, we used the reverse cloud generator to determine the He value 
in the assessment cloud, making the assessment cloud more objective 
(Tursken, 2006). Simultaneously, the multi-attribute evaluation method 
was used to calculate the influence grade of drought and heat on maize 
growth and development. The specific algorithm was obtained through 
the following steps: 

Step 1: Calculation of the expectation and entropy of CWSDI and 
EDD. 
Step 2: Utilization of an inverse cloud generator to determine He. 
Obtain eigenvalues C0 = [CGC (ExC, EnC, HeC), CGH (ExH, EnH, HeH)] 
Step 3: Generation of two normally distributed random numbers EnC’ 
and EnH’, satisfying EnC’∈N (EnC, HeC) and EnH’ ∈ N(EnH, HeH), 
respectively. 
Step 4: Calculation of the certainty μ, repeated until N cloud droplets 
are generated. 

μ0 = exp
{

−

[
(C0 − ExC)2

2(En′C)
2 +

(H0 − ExH)2

2(En′H)
2

]}

(12)   

Step 5: Utilization of a precondition cloud generator algorithm. 
Given a sample X0 = [C0, H0]. By inputting their corresponding 
concept cloud models, a group of membership degrees is obtained. 
The maximum value is retrieved and recorded as μCH. 
Step 6: Construction of an evaluation cloud (C(ExC, EnC, HeC, ExH, 
EnH, HeH)) and an attribute cloud (C* (Ex*C, En*C, He*CC, Ex*H, 
En*H, He*H)) according to the final certainty. 
⎧
⎨

⎩

Ex∗ = Ex× μCH
En∗ = En× μCH
He∗ = He× μCH

(13)   

Step 7: According to the description of the correlation degree, and 
the evaluation cloud and attribute cloud calculated in Step 6, k, 
representing the similarity of C* to C, is calculated by the eigenvalues 
of each level using formula 14. The influence level of composite 
events is determined by the maximum value of k (Guo et al., 2010, 
2018; Zhang et al., 2014). 
⎧
⎪⎪⎪⎪⎨

⎪⎪⎪⎪⎩

k =
∑n

i=1

|N|
|M|

N = {(Exi − 3Eni,Exi+ 3Eni)} ∩ {(Ex∗i − 3En∗i,Ex∗i+ 3En∗i)}

M = {(Exi − 3Eni,Exi+ 3Eni)} ∪ {(Ex∗i − 3En∗i,Ex∗i+ 3En∗i)}
(14)   

3.4. Copulas 

The copula function is a multidimensional joint distribution function 
defined in a [0,1] uniform distribution, which can be constructed by 
marginal distribution and correlation structure to describe the depen
dence among variables. Its theory can be expressed as follows: Let X and 
Y be continuous random variables, and their marginal distribution 
functions are FX(x) and FY(y), respectively, and the joint distribution 
function is F(x, y) (Salvadori and De Michele, 2004, 2010). If each 
marginal distribution function is continuous, there is a unique copula 

Table 2 
Thresholds of heat stress indices during VGP, VRP, and RGP.  

Period Temperature 
threshold (℃) 

Physiological basal 
temperature (℃) 

Vegetative Growth Period 
(VGP) 

≥ 33 (Jianyong, 
2012)  

10 

Vegetative and Reproductive 
Period (VRP) 

≥ 33 (Huang et al., 
2016)  

10 

Reproductive Growth Period 
(RGP) 

≥ 30 (Xiaogang et al., 
2015)  

10 

RGP represented for reproductive growth period; VRP represented for vegetative 
and reproductive period; VGP represented for vegetative growth period. 
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function C (u, v), which makes: 

F(x, y) = C[FX(x),FY(y)] = C (u, v) (15)  

where, F(x, y) is the joint distribution function; C represents the copula 
function; u is the marginal distribution function of random variable X; 
and V is the marginal distribution function of random variable Y. 

To construct the copula, we first measured the correlation between 
elements, and then determined the marginal distribution function of 
variables, and finally fitted and tested the copula. In the present study, 
the Spearman coefficient was used to measure the correlation of the 
variables to be extracted. For the marginal fitting, 17 common distri
bution functions were selected (Table SI. 1). Markov chain Monte Carlo 
simulation was used to calculate the parameters included in the copula 
function under the Bayesian framework (Sadegh et al., 2017, 2018). The 
goodness of fit (GOF) of the copula function was tested based on the root 
mean squared error (RMSE), Akaike information criterion (AIC), and 
Bayesian information criterion (BIC) between the theoretical distribu
tion function and the empirical distribution function (Wang et al., 
2020). The optimal copula function was established based on the prin
ciple that the smaller the RMSE, AIC, and BIC values were, the higher the 
GOF of the copula function was (Goodarzi et al., 2020; Sillmann et al., 
2013): 

RMSE =

̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅
1
n
∑n

i=1
(pei − pi)2

√

(16)  

MSE =
1
n

∑n

i=1
(pei − pi)2 (17)  

AIC = n ln(MSE)+ 2m (18)  

BIC = n ln(MSE)+m ln n (19)  

where, Pei represents the empirical probability, pi represents the theo
retical probability, m is the number of model parameters, and n is the 
number of samples. 

The marginal distribution function of X and Y and the calculation 
method of the MATLAB environment univariate return period were as 
follows: 

FX(x) = P(X ≤ x) = u (20)  

FY(y) = P(Y ≤ y) = v (21)  

T(x) =
N

n[1 − FX(x)]
(22)  

T(y) =
N

n[1 − FY(y)]
(23)  

where N is the observation length of the sample and n is the number of 
times that a given value is exceeded in a specific period. 

The formula of conditional probability and joint return period of 
joint events was as follows (Bai et al., 2020): 

P(y1 <Y < y2|x1 <X < x2) =
P(x1 <X < x2, y1 < Y < y2)

P(x1 <X < x2)

=
C(u2, v2) − C(u1, v2) − C(u2, v1) + C(u1, v1)

(u2 − u1)

(24)  

T
(

x, y
)

=
N

n[1 − C(u, v)]
(25) 

The corresponding code was written and calculated in MATLAB 
based on the relationship between X and Y. 

4. Results 

4.1. Temporal and spatial variation of drought and heat 

4.1.1. Temporal and spatial variation of drought 
Our analysis revealed the changing roles of Pei, ETc, and CWSDI 

during different growth stages of spring maize in the study area (Fig. 3). 
Pei and CWSDI had similar trends. During the VGP (Fig. 3a), 2012 was 
the mutation year in the CWSDI. After 2012, the CWSDI changed from 
being stable to increasing. Pei increased after 2012 and broke through 
the reliability line of + 1.98 of the M–K mutation test in 2015, exhibiting 
a distinct upward trend. The average value of Pei was 134.77 mm in 
2011–2016, and 98.95 mm in 2006–2010. The average value of ETc in 
2011–2016 was 139.43 mm. In 1982 and 2004, there were extremely 
low points, with Pei < 50 mm and CWSDI < − 75%, belonging to 
extreme drought years. During the VRP (Fig. 3b), the CWSDI in 1997, 
2000, 2014, and 2015 was lower than − 65%. The mutation points of 
CWSDI occurred in 1997 and 2008. Before 1997, CWSDI displayed a 
downward trend. Additionally, the mutations of Pei and ETc occurred 
around 1997. In 1996–2000, Pei was 83.25 mm and ETc was 132.20 mm. 
During 1991–1995, the average Pei and ETc were 114.84 and 
118.17 mm, respectively. The average Pei in 2001–2005 and 2006–2010 
were 89.77 and 96.46 mm, respectively, and the average ETc were 
126.74 and 121.92 mm. After 2008, it showed a significant downward 
trend again. The Pei in 2016 was only 68.04 mm. During the RGP 
(Fig. 3c), the mutation of CWSDI occurred in 1999. The average values 
of Pei and ETc before 1999 were 153.86 and 192.13 mm, respectively, 
whereas after 1999, these values were 129 and 196.71 mm, 

Fig. 2. Cloud model. (a) Cloud map of qualitative concept C (0, 10, 1). (b) Two-dimensional cloud map of qualitative concept C (0, 10, 1, 3, 15, 0.5).  
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respectively. The mean value of CWSDI decreased from − 0.19 to 
− 0.34. During the WGP (Fig. 3d), the overall trend of Pei and ETc was 
similar to that in RGP. The mutation period occurred around 1992. Pei 
fluctuated significantly and the study area was in water deficit. Except 
for the VGP, the yield of maize in the study area might be reduced due to 
insufficient irrigation. 

The annual Pei, ETc, and CWSDI of the three growth periods (VGP, 
VRP, and RGP) were calculated, and their multi-year average values 
were measured. The inverse distance weighting method was used for 
spatial interpolation and the distribution of water resources in the study 
area was analyzed (Fig. 4). The ranges of ETc, Pei, and CWSDI were 
81–222 mm, 41–205 mm, and − 55–1%, respectively. There were pro
nounced differences during each growth period. In the VGP, the ETc was 
128–175 mm (Fig. 4a1). Except for Yingkou, the Pei in most areas was 
between 68 and 123 mm, and the CWSDI changed significantly in the 
entire region, gradually decreasing from the north to south except in 
Harbin and Baicheng. The CWSDI in most areas ranged from − 46% to 
− 28% (Fig. 4c1). In the VGP, the water supply was deficient in most 

years. In the VRP, the ETc in most areas ranged from 100 to 152 mm 
(Fig. 4a2). However, the ETc in Shuangliao was 199 mm. Pei was 
concentrated between 68 and 123 mm (Fig. 4b2). The demand for water 
by crops began to increase. The CWSDI ranged between − 28% and 
− 8%, and the drought in the entire region was light (Fig. 4c2). In RGP, 
the ETc ranged from 175 to 222 mm (Fig. 4a3), and Pei showed an 
increasing trend from northwest to southeast (Fig. 4b3). The Pei in 
northwest China was 68–123 mm, whereas that in southeast China was 
150–205 mm. Additionally, the CWSDI during this period showed an 
increasing trend from the northwest to the southeast (Fig. 4c3). The 
drought in Baicheng, Da’an, Qianan, Changling, and Shuangyang was 
particularly severe. In most years, precipitation was insufficient and 
evaporation was large. 

4.1.2. Temporal and spatial variation of heat 
The change laws of EDD and HSI during each growth period of maize 

in 35 y were calculated in the present study by simultaneously calcu
lating the average maximum temperature (Fig. 5). The heat stress in the 
high latitudes (north) was more severe than that in the low latitudes 
(south) during the VGP and VRP (Fig. 5a). In the RGP, there was a trend 
of severe heat stress (Fig. 5a3), and Baicheng, Da’an, and Qianguo 
showed a high temperature trend (Fig. 5b3). Although the northern 
region was generally colder (Xiaoqing et al., 2015), HSI in the northern 
region was more severe than that in the southern region during the VGP 
and VRP. The growth period was delayed in the northern areas, espe
cially the jointing and mature stages (Fig. SI. 1). The growth period in 
the northern region was delayed more severely, leading to maize being 
exposed to more heat than other regions. In the VGP and VRP, the 
maximum HSI in high-latitude areas (northwest) was above 34 ◦C. In the 
VGP, the average EDD in northwest China was 7.8 ◦C d, which was twice 
as high as that in the low latitudes (southeast) (Fig. 5a1). In the VRP, the 
average EDD in northwest China was 6.5 ◦C d (Fig. 5a2). In RGP, HSI 
was above 32 ℃ (Fig. 5b3), and EDD was 18 ◦C d (Fig. 5a3). The spatial 
variation of the mean value of the heat stress index was small. Over the 
last 35 years, the high-latitude areas (northwest) in Songliao Plain have 
been under severe heat stress during VGP and VRP. The maximum value 
of HSI ranged between 33.5 ◦C and 34.5 ◦C, and the maximum value of 
EDD was 38.2 ◦C d. In the RGP, the heat stress in low latitude areas 
(southeast) was severe. The maximum value of HSI ranged between 
33.0 ◦C and 34.0 ◦C, and the maximum value of EDD was 75.4 ◦C d. 

During the RGP, HSI showed a slight upward trend after 2010. 
During the VGP, HSI showed an apparent upward trend after 1990, and 
exceeded the reliability line of + 1.98 in 2002–2005, 2011, and 2014, 
reaching a significant level. During the VRP, HSI showed a significant 
downward trend from 1981 to 1997, fell below the reliability line of 
− 1.98 in 1990, and then showed an increasing trend. Simultaneously, 
the annual average maximum temperature in the Fig. 5c2 is similar to 
the trend of HSI. The average temperature is often higher after a sudden 
change year, with this phenomenon requiring further study. 

4.2. Uncertainty analysis of concurrent drought-heat events 

First, we corrected the data, chose a constant, multiplied it by 
CWSDI, called it relative CWSDI, and then fitted it to the cloud model 
(positive integer 1 was chosen as constant.). During 1981–2016, 
CWSDI ≤ 0.55 in the VGP and CWSDI ≤ 0.65 in the VRP and when the 
maximum temperature ≥ 33 ℃, then drought and extreme heat events 
occurred together. During the RGP and WGP periods, CWSDI ≤ 0.65 and 
when the highest temperature ≥ 30 ℃, drought and extreme heat events 
occurred together. Additionally, the EDD was graded by percentile, 
where N*(EDDmax–EDDmin) for extremely high temperatures of different 
degrees. N was 10%, 30%, and 80%. 

The drought grade standard of the CWSDI of maize was determined 
based on the drought grade of the water deficit index specified in the 
drought grade standard of spring maize in North China (China Meteo
rological Administration, 2015) and historical disaster data of typical 

Fig. 3. Time series of maize Pei, ETc, and CWSDI at different growth stages of 
(a) VGP, (b) VRP, (c) RGP and (d) WGP from 1981 to 2016. The blue dotted line 
is the mutation year of CWSDI calculated using the M–K mutation test. RGP 
represented for reproductive growth period; VRP represented for vegetative and 
reproductive period; VGP represented for vegetative growth period; WGP rep
resented for whole growth period; Pei represented for effective rainfall; ETc 
represented for crop water requirement. (For interpretation of the references to 
colour in this figure legend, the reader is referred to the web version of 
this article.) 
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representative stations in the study area. Composite events were divided 
into three levels according to CWSDI and EDD levels. Three cloud 
characteristic values (Table 3) and conceptual cloud models (Fig. SI. 2) 
of each drought disaster risk grade were obtained from the interval 
threshold. 

The similarity (k) of C* to C was calculated using the cloud algo
rithm, and the maximum value was retrieved. The evaluation result 
corresponding to the maximum value was the impact degree of the 
corresponding concurrent events on crops. From 1981 to 2016, in the 
VGP, there were five events above level III in Baicheng, Da’an, Shuan
gliao, and Xinmin. In the VRP, Baicheng, Da’an, Qianan, Qianguo, 
Changtu, and Xinmin had more than five level III events and more than 
10 level II events. More than 10 level III events occurred in Changling 
and Nong’an. In the RGP, Baicheng, Da’an, Qianan, Qianguo, Changling, 
Nong’an, and Shuangliao had more than five level III events. 

The period was divided into three intervals: 1981–1992, 1993–2004, 
and 2005–2016. The frequencies of concurrent events in different de
grees during the three periods were calculated (Fig. 6). The frequency of 
level I concurrent events was higher in VGP and RGP. Level II events 
occurred more frequently in VRP. Harbin, Shuangliao, and Benxi were 
the regions where level I events in the VGP showed an apparent and 
continuous increasing trend during all three periods. In the VGP, level I 
events showed an apparent and continuous decreasing trend in Chan
gling, whereas in the RGP, it was only found in Baicheng. In the VRP, 
level II concurrent events showed an apparent and continuous 
increasing trend in Benxi, whereas a decreasing trend was seen in 
Qianan, Changling, Shuangliao, Xinmin, and Shenyang, and occurrence 

probability of level III events in Qianan, Changling, and Xinmin 
continued to increase. 

4.3. Probability analysis of concurrent drought-heat events 

The copula function was used to establish the joint distribution 
probability and recurrence period, which can reflect the risk of joint 
events to evaluate the occurrence regularity of drought and heat during 
the growth period of spring maize. 

4.3.1. Construction of marginal distribution function 
To construct the copula joint distribution function effectively, the 

appropriate marginal distribution function of CWSDI and EDD was 
determined. During the VRP and RGP, both drought and heat have a 
high occurrence probability, with heat having the most significant 
impact on maize yield (Gao et al., 2012). Therefore, the present study 
performed a bivariate analysis of the VRP and RGP of maize at 14 sta
tions. A total of 17 marginal distribution functions were used to fit 
CWSDI and EDD, and AIC and RMSE were selected to determine the 
optimal marginal distribution function. The Chi-square test was used to 
estimate the parameters of the marginal distribution function, and the 
Kolmogorov–Smirnov method was used to evaluate the GOF. All optimal 
distributions passed the α = 0.05 significance test (Tables SI. 3 and SI. 
4). GPD, GEV, Normal, Logistic, and EVD were used in the present study 
(Table SI. 2). Before establishing the joint distribution function, we used 
the Kendall rank correlation coefficient (τ) and Spearman rank corre
lation coefficient (ρ) to test the correlation between CWSDI and EDD. In 

Fig. 4. Spatial distribution of the variation of effective rainfall (Pei), crop water requirement (ETc), and crop water surplus and deficit index (CWSDI) during growth 
stages for maize in the Songliao Plain. RGP represented for reproductive growth period; VRP represented for vegetative and reproductive period; VGP represented for 
vegetative growth period; WGP represented for whole growth period. 
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VRP, the τ values were above 0.2 (maximum 0.49, Baicheng), and the ρ 
values were above 0.25 (maximum 0.69, Baicheng). The τ value in RGP 
was above 0.2, except in Qianguo (the maximum value was 0.44 in 
Songliao). ρ values were all above 0.2 (the maximum value was 0.53 in 
Baicheng). All correlation coefficients passed the significance tests of 
α = 0.01, 0.05, and 0.2, indicating that a few sites had a strong corre
lation, most sites had medium intensity correlation, and some sites had a 
weak correlation. 

4.3.2. Probability analysis based on Copula function 
The construction of the copulas function is the premise to further 

understand the joint probability distribution. The method to preprocess 
the data in the present study was the same as that for the cloud model 
(You et al., 2018). Table 4 shows the optimal coupling function and its 
parameters for the VRP and RGP of maize at each station in the study 
area. We used the AIC, BIC, Nash–Sutcliffe efficiency (NSE), and RMSE 
to test the GOF. The GOF evaluation of the copula function met the 
standard. Therefore, the optimal copula functions of RGP were mainly 
Gaussian copula and Frank copula, whereas VRP was mainly Gaussian 
copula. 

4.3.3. Analysis of joint probability and return period based on copula 
function 

Based on the copula function at each station, the probability of heat 
and drought conditions and the co-occurrence return period were 

Fig. 5. Temporal and spatial distribution of HSI, EDD, and average maximum temperature (Tmax) during the maize growth period. (a) Series a (a1, a2, and a3) 
shows the spatial distribution characteristics of EDD in different growth stages (VGP, VRP, and RGP) of maize in the study area. (b) Series b (b1, b2, and b3) shows 
the spatial distribution characteristics of HSI in different growth stages (VGP, VRP, and RGP) of maize in the study area. (c) Series c (c1, c2, and c3) shows the 
variations of the M–K test of HSI and EDD during the growth stages for maize. The blue part indicates the average maximum temperature of each growth period in the 
study area every year. The upper and lower black dotted lines indicate the 0.05 significance of the M–K test. RGP represented for reproductive growth period; VRP 
represented for vegetative and reproductive period; VGP represented for vegetative growth period; EDD represented for Extreme growing degree-days; HSI repre
sented for Heat stress intensity. (For interpretation of the references to colour in this figure legend, the reader is referred to the web version of this article.) 

Table 3 
Cloud characteristics of drought hazard level based on the CWSDI and EDD.  

Period Levels CWSDI EDD 

Ex En He Ex En He 

VGP I  0.45  0.09  0.03  7.64  3.24  0.45 
II  0.30  0.04  0.01  21.01  8.11  0.37 
III  0.13  0.11  0.02  34.38  3.24  0.33 

VRP I  0.58  0.06  0.02  7.02  2.98  0.79 
II  0.45  0.04  0.01  19.31  7.45  0.94 
III  0.20  0.17  0.03  31.59  2.98  0.72 

RGP I  0.53  0.11  0.03  15.08  6.40  0.78 
II  0.35  0.04  0.01  41.47  16.00  0.69 
III  0.15  0.13  0.03  67.86  6.40  0.63 

WGP I  0.45  0.08  0.03  16.92  7.18  0.84 
II  0.30  0.04  0.01  46.53  17.96  0.69 
III  0.13  0.11  0.02  76.14  7.18  0.35 

Levels I, II, and III represented for the mild, moderate, and severe effects on 
maize growth, respectively. Ex represented for expectation; En represented for 
entropy; He represented for super entropy. CWSDI represented for crop water 
surplus and deficit index; EDD represented for extreme growing degree-days. 
RGP represented for reproductive growth period; VRP represented for vegeta
tive and reproductive period; VGP represented for vegetative growth period; 
WGP represented for whole growth period. 
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calculated. Probability and co-occurrence return periods are represen
tative of concurrent event risk. A shorter co-occurrence return period 
represents a higher risk. Using these, we could describe the risk of 
concurrent events. The degree of certainty of each sample point and the 
influence level of composite events were calculated using the two- 
dimensional precondition cloud generator algorithm. The grouping of 
the influence degree of concurrent events for maize was consistent with 
the grouping constructed using the cloud model. 

In the VRP, the average occurrence probability of mild (I), moderate 
(II), and severe (III) concurrent events was 21.9%, 1.7%, and 0.35%, 
respectively (Fig. 7). The conditional probability of moderate drought- 
heat events decreased from the northwest to the southeast, and the 
maximum value appeared around Baicheng, reaching 50% (Fig. 7a1). 

There was a 1–4 y periodical oscillation, which occurred frequently. 
Harbin, Shuangyang, Yongji had a long return period of more than three 
years (Fig. 7b1). The occurrence probability of severe events was small, 
and the presentation range was similar to that of moderate events 
(Fig. 7a2). The return period in the south and northwest was 5–20 y, and 
the return period of more than 20 y covered an extensive range 
(Fig. 7b2). The joint occurrence probability of extremely severe events 
was extremely low, with a maximum probability of 1.12% (Fig. 7a3). 
The return period of concurrent events was longer in most areas of the 
entire study area, and was approximately 30–100 y in only a few sur
rounding areas (Fig. 7b3). 

In the RGP, the average occurrence probability of I, II, and III con
current events was 23.1%, 8.2%, and 0.12%, respectively, and the 

Fig. 6. Frequency of concurrent drought and heat events in 1981–1992, 1993–2004, and 2005–2016. RGP represented for reproductive growth period; VRP rep
resented for vegetative and reproductive period; VGP represented for vegetative growth period. (BC: Baicheng; DA: Daan; QA: Qianan; QG: Qianguo; HRB: Harbin; 
CL: Changling; CA: Nongan; SL: Shuangliao; SY: Shuangyang; YJ: Yongji; CT: Changtu; XM: Xinmin; ShenY: Shenyang; BX: Benxi). 

Table 4 
Test of goodness of fit (GOF) of different copula functions.  

Zone Vegetative and Reproductive Period (VRP) Reproductive Growth Period (RGP) 

Copula functions Parameter AIC RMSE NSE Copula functions Parameter AIC RMSE NSE 

Baicheng Gumbel  2.1114  -123.45  0.16  0.99 Gumbel  1.4454 -110.80  0.19  0.99 
Daan Gaussian  0.5127  -92.75  0.25  0.97 Frank  1.3076 -73.27  0.34  0.98 
Qianan Gaussian  0.4233  -100.66  0.23  0.98 Gaussian  0.2949 -113.74  0.19  0.99 
Qianguo Gaussian  0.3281  -96.31  0.24  0.97 Gaussian  0.2949 -105.31  0.21  0.98 
Harbin Gaussian  0.1396  95.66  0.24  0.97 Gaussian  0.2756 -76.65  0.32  0.95 
Changling Gaussian  0.1396  -101.49  0.22  0.98 Gaussian  0.4054 -76.65  0.25  0.97 
Nongan Gaussian  0.5254  -89.65  0.27  0.96 Gaussian  0.2853 -76.65  0.18  0.98 
Shuangliao Gaussian  0.7116  -93.08  0.25  0.97 Gaussian  0.2835 -76.65  0.25  0.96 
Shuangyang Gaussian  0.4784  -113.55  0.19  0.98 Frank  3.5038 -94.12  0.25  0.98 
Yongji Frank  2.4836  -107.31  0.20  0.98 Frank  1.838 -94.90  0.25  0.97 
Changtu Clayton  1.0742  -96.60  0.24  0.97 Gaussian  0.292 -86.93  0.28  0.97 
Xinmin Frank  3.3759  -128.50  0.15  0.99 Frank  1.226 -88.19  0.27  0.97 
Shenyang Frank  3.6431  -128.77  0.15  0.99 Frank  2.4163 -82.63  0.29  0.97 
Benxi Gumbel  1.5618  -102.45  0.22  0.98 Gumbel  1.7843 -110.52  0.20  0.99 
Songliao Clayton  1.9049  -94.71  0.25  0.97 Frank  1.5346 -77.26  0.32  0.96 

RMSE represented for root mean squared error; AIC represented for Akaike information criterion; BIC represented for Bayesian information criterion. 
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maximum occurrence probability of moderate concurrent events was 
50.7%, mainly concentrated in Baicheng and Da’an. Overall, the con
ditional probability of occurrence of concurrent events showed a 
downward trend from the west to the east (Fig. 7c1). The co-occurrence 
return period was concentrated in 1–3 y, occurring frequently 
(Fig. 7d1). The joint probability distribution of severe concurrent events 
was similar to that of moderate disasters; however, the probability of 
occurrence in most areas was lower than 16% (Fig. 7c2). The return 
period of co-occurrence increased from the south to the north, primarily 
from 1 to 2.5 y in the south and from 2 to 5 y in the north (Fig. 7d2). The 
occurrence of extremely severe disasters in the study area was an 
extremely low probability event (Fig. 7c3). The co-occurrence return 
period in the south was more than 100 y. The likelihood of extremely 
heavy concurrent events was low, and the return period in very few 
areas was approximately 20–50 y (Fig. 7d3). There was a warming trend 
in the study area; however, most had small warming ranges. From the 
time trend analysis, the probability of concurrent events of various de
grees increased from 2011 to 2016. 

5. Discussion 

Previous studies on natural disasters have primarily focused on a 
single meteorological factor. The occurrence of a disaster may be the 
extreme state of a single variable; however, it is more likely to be the 
result of a combination of variables. It is necessary to know more about 
the non-stationarity of the climate system and the combination principle 
of climatic variables to understand the process and principle of complex 
disasters to recognize, quantify, and prevent risks. 

Climate warming promotes drought formation and aggravates its 
severity (Cairns et al., 2013; Castro-Nava et al., 2014; Lipiec et al., 
2013). Zhang et al. (2021) found that drought was the most common 
extreme weather event after 2000, and its influence was expanding, 
adversely affecting the growth and development of maize. Liu et al. 
(2013b) observed that high latitudes in the northern hemisphere were 
more susceptible to climate change by comparing the research results of 
many countries, and the northern boundary of maize planting in the 
northeast had extended northward. Additionally, the application of 
model simulation confirmed that the climate warming in northeast 
China has reached the level that will affect the growth of maize (Liu 
et al., 2013a). Thus, it is indisputable that crops are exposed to and 
affected by heat (Coumou et al., 2013; Yin et al., 2016b). 

The results in the present study showed that Pei distribution in the 
VGP was increasing. During the VRP and RGP, ETc showed a downward 
trend, whereas the crop water demand increased. This trend appeared 
more frequently after 2000, especially during the RGP stage (Figs. 4 and 
5). The Pei of maize during different growth stages along the Songliao 
Plain showed a decreasing trend from the southeast to the northwest, 
with the northwest region expected to face more effects from frequent 
and severe droughts (Yin et al., 2016a; Zhang and Hu, 2018). During the 
VGP and VRP, HSI in the high latitudes was more severe than that in the 
low latitudes. In the RGP, EDD changed more, increasing from south to 
north (Fig. 6), which was contrary to the trend of Pei. Heat affects rainfall 
and crop water demand to a certain extent and promotes drought. 
However, during other critical growth periods, only a few stations 
showed a significant warming trend, with apparent regional differences. 
Previous studies have confirmed the temperature increase in northeast 
China (Li et al., 2020b; Li and Amatus, 2020). 

Guo et al. (2020) and Guna et al. (2019) used excess heat factors and 
SPEI to analyze climate change in China. Li et al. (2020a) analyzed the 
summer heat and drought in northeast China based on greenhouse 
emissions. Their results verified that the frequency of drought and heat 
would increase further from a future climate model. Our findings were 
similar to those of previous studies. According to the spatial and tem
poral law, most areas in the study area are in a state of worsening 
drought and increasing heat events. Drought events occurred more 
frequently in 2005–2016 than in 1981–1992 and 1993–2004. The 
characteristics of 2004, 2011, and 2014 included low Pei and high 
temperature. This was the same as the typical drought year recorded in 
the disaster ceremony and disaster record provided by the China 
Meteorological Data Network. Additionally, Wang et al. (2018b) showed 
similar results. From the similarity of composite events calculated using 
the cloud model, most areas in the study area showed level III events 
during these years. 

Previous study results have shown a phenomenon of high tempera
ture in northeast China; however, the negative effect on yield can be 
eliminated by changing planting boundaries and plant varieties or 
increasing irrigation (Zhao et al., 2014; Siebert et al., 2017). Moreover, 
extreme temperatures will have varying influences across northeast 
China (Liu et al., 2012). Some researchers support that heating alone 
cannot have a critical negative effect on the growth of maize (Chen et al., 
2011). The present study showed that the occurrence probability of 
moderate and higher concurrent events in the VRP and the RGP of plants 

Fig. 7. Conditional probability(a1, a2, a3, c1, c2, c3) and spatial distribution(b1, b2, b3, d1, d2, d3) of the return period of drought-heat events in maize VRP and 
RGP stages in Songliao Plain. Mild(a1, b1, c1, d1), moderate(a2, b2, c2, d2), and severe(a3, b3, c3, d3) concurrent events represent the level I, level II, and level III 
concurrent events under the cloud model, respectively. RGP represented for reproductive growth period; VRP represented for vegetative and reproductive period. 
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was higher in northwest China, which was consistent with the analysis 
results of the drought-heat events occurrence law. In the RGP, the return 
period of moderate and severe concurrent events was concentrated in 
1–4 y, partly due to the low selected EDD range. This showed a gradual 
warming trend in the Pingyuan area of the Songliao Plain. In the cor
relation analysis between the relative meteorological output and the 
joint distribution probability, only some areas passed the significance 
test. Northeast China has not yet created a long-term and large-scale 
warming mode, which is generally concentrated on the slight increase 
and extension of the highest temperature and higher minimum tem
perature (Chen et al., 2011). Under water deficit conditions, the 
decrease in transpiration saves soil water, which might reduce the in
fluence of heat (Manderscheid et al., 2015). Under the background of 
rain-fed irrigation, the principle that warming and drought simulta
neously affect maize production (including but not limited to yield) 
needs to be further explored. 

Several points in our study require attention. First, the results pro
vide a reference for understanding the occurrence and regularity of 
drought disaster concurrent events. However, crops in northeast China 
may suffer from freezing and waterlogging, and from heat and drought. 
Due to climate change in the future, studying the effect of various 
extreme weather events on crop production is required. Second, the 
results provide a reference for the application of the cloud model and the 
copula function in agrometeorology and disaster risk assessment and 
management. This method can further reduce the influence of system 
uncertainty on the error of evaluation results and can be explored 
further in future research. However, the accuracy of the cloud and 
copula models mainly depends on the classification of the disaster 
grades and the determination of the cloud characteristics of each grade. 
The influence of precipitation and temperature on crops has a process of 
“atmosphere-soil-vegetation.” Due to the differences in regional hy
drology, meteorology, and underlying surface conditions, and the dif
ferences in temperature, canopy temperature, and underlying surface 
temperature, the selection of composite disaster indicators and the 
classification standard of concurrent disaster are controversial. The 
further application of the cloud and copula models should closely 
combine the disaster-causing mechanism, evolution law, and risk- 
causing mechanism of disasters on crops, and reveal the new charac
teristics of agrometeorological disasters under the background of 
climate change. 

6. Conclusions 

A probability assessment method of concurrent events during 
different growth stages of maize based on precipitation and temperature 
indexes was proposed. The main objective of the present study was to 
introduce the cloud model to identify the uncertainties in the evaluation 
of complex systems, and improve the objectivity and adaptability of the 
evaluation results. Then, combined with the copula model, the occur
rence law of drought and high temperature combined disasters during 
different growth stages of maize was analyzed, and applied in the Son
gliao Plain. The application results were as follows:  

(1) Warming during the VGP and VRP mainly occurred in high- 
latitude areas. In the RGP, the southern region had frequent 
high temperatures. Artificially delaying the growth period of 
maize makes it easier for maize to be exposed to high tempera
tures. Drought is still the main meteorological disaster affecting 
maize yield in the study area.  

(2) The probability of the co-occurrence of drought and heat 
increased from the southeast to the northwest during the RGP 
stage, and the western region was more likely to be affected by 
moderate concurrent events. The Baicheng area was more likely 
to suffer from severe or greater concurrent events. Therefore, 
these areas need to formulate effective and feasible 

countermeasures to mitigate and prevent losses caused by 
drought and heat disasters. 

In summary, the present study provides a meaningful reference for a 
better understanding of the occurrence laws of drought, heat, and con
current events during crop growth periods, and how to optimize the 
agricultural management of maize. The present study also provides a 
basis for the future construction of multi-disaster risk dynamic assess
ment technology. Although the proposed model provides a useful tool 
for evaluating multiple joint behaviors, it fails to describe the 
complexity of drought and heat effects on crops. Comprehensive disaster 
hazard assessment depends on the construction of the assessment model 
and the disaster grade division. Therefore, it is imperative to analyze the 
disaster-causing mechanism, quantify the risk, and optimize the evalu
ation model under future climate change. Ways to apply this method to 
hazard assessment will be the focus of our future research. 
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