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A B S T R A C T   

Duo to the influence of anthropogenic and climate change, the traditional drought or hot event identification 
indices under the stationary assumption of the probabilistic behavior of a hydrometeorological variable could be 
no longer valid. This study proposed a nonstationary framework for the identification of compound dry-hot 
extremes and risk assessment considering climate change for the warm season during the period 1901–2017 
in Weihe River Basin (WRB) and Fenhe River Basin (FRB), China. The proposed framework is composed of three 
phases: (1) calculating nonstationary precipitation index (NSPI) and standardized temperature index (NSTI) by 
incorporating large-scale climate indices as covariates of fitted distribution parameters; (2) calculating nonsta
tionary compound dry-hot index (NCDH) based on nonstationary copula models; and (3) bivariate nonstationary 
risk analysis of compound dry-hot events through two regional characteristics called relative affected area (RA) 
and mean severity of area (MSA). The proposed NCDH using climate indices as covariates was found to be su
perior in capturing compound dry-hot characteristics and revealing the trend of temporal and spatial changes of 
WRB over the period of 1901–2017. Based on the nonstationary risk assessment of regional characteristics, the 
occurrence risk of compound extremes in Sub-Basin 1 of WRB was less than that in the other two Sub-Basins. 
Considering the importance of nonstationarity during the above three modelling phases, the nonstationarity in 
the 1st phase modelling of average precipitation (AP) and average temperature (AT) to derive NSPI and NSTI 
could have a greater impact on the final results of nonstationary risk assessment of compound dry-hot events 
than nonstationarity in the other two phases. This nonstationary compound dry-hot index provides a new insight 
into compound extreme identification and risk assessment that can adapt to a changing environment.   

1. Introduction 

Frequencies and intensities of extreme events in the context of an 
anthropogenic warming climate, especially hot extremes and drought 
events, have experienced a substantial increase on a wide range of 
temporal and spatial scales all over the world (Zscheischler et al., 2018; 
Miralles et al., 2019; Alizadeh et al., 2020; Wang et al., 2020; Abatzo
glou et al., 2021; Wang et al., 2021). Owing to the significantly adverse 
impacts triggered by these extreme events individually, the occurrence 
probabilities of hazardous states of one corresponding variable at a time 

have commonly been quantified by conventional climate risk analyses 
(Zscheischler and Seneviratne, 2017). The concurrence of extreme 
hydroclimatic events (i.e. compound dry-hot extremes) causes more 
disastrous impacts on agricultural productivity, human health, and 
ecosystem than does a single extreme event (Guerreiro et al., 2018). As a 
result, assessment of dynamic variations of compound dry and hot 
events is essential for determining potential driving forces which control 
the evolution of these concurrent events (Wu et al., 2020). 

Systematic integration of climatic information from multiple related 
to the properties of these compound dry-hot events helps reflect their 
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multivariate nature (Leonard et al., 2014). Much of the literature has 
quantitatively assessed the compound drought-heatwave events from 
two perspectives: (1) a certain threshold-based frequency variability 
assessment by extracting frequencies of concurrences of drought and hot 
extremes for the period of interest (Mazdiyasni and AghaKouchak, 2015; 
Miao et al.,2016; Zscheischler et al., 2018; Chen et al., 2019; Ribeiro 
et al., 2020); (2) a joint index covering multiple extremes or events 
which can quantify different properties, such as severity level and 
spatial extent for compound dry-hot extremes (Gallant et al., 2014; Wu 
et al., 2019; Wu et al., 2020; Hao et al., 2020). For instance, the Climate 
Extremes Index (CEI), proposed by Gallant et al. (2014), can be estab
lished by integrating multiple extremes with linear averaging of the 
areas covered by different extreme indicators. 

In recent years, copulas, accounting for the dependence structure of 
multiple contributing variables, have been employed to measure the 
overall severity of compound droughts and hot extremes. For example, 
Hao et al. (2019, 2020) first proposed the Standardized Compound 
Event Indicator (SCEI) at a monthly scale to quantify the potential 
severity of compound dry-hot events by normalizing the joint cumula
tive probability of dry-hot events. Li et al. (2021) applied a daily-scale 
joint index, called the standardized compound drought and heat index 
(SCDHI), to quantify sub-monthly characteristics of compound dry and 
hot events and to monitor their initiation, development, and decay. With 
these above systematic joint indexes, the frequency, severity, duration, 
and intensity of compound dry-hot events can be quantified. 

The above-mentioned joint indexes assessing the compound dry-hot 
events are all based on the underlying assumption that the hydrological 
processes and meteorological time series are stationary. As a result of 
anthropogenic greenhouse gas emissions, climate is changing, altering 
the composition of Earth’s atmosphere, which has not only increased the 
complexity of hydrometeorological simulations, but has also necessi
tated the incorporation of nonstationarities in modelling hydrometeo
rological variables (Milly et al., 2008; Xiong et al., 2015; Blöschl et al., 
2017; Kundzewicz et al., 2018; Xu et al., 2020a, 2020b). Therefore, 
recent literature has focused on nonstationarity of hydrometeorological 
variables caused by significant trend, abrupt changes or periodicity 
(Razmi et al., 2017; Salas and Obeysekera, 2014; Vasiliades et al., 2015; 
Zeng et al., 2017). For meteorological drought quantified by Standard
ized Precipitation Index (SPI), some researchers have applied nonsta
tionary SPI (NSPI) to assess temporal variations of drought, which 
assume that the scale parameter of gamma distribution for SPI can 
change with time (Li et al., 2015; Park et al., 2019; Russo et al., 2013; 
Song et al., 2020). In the context of climate change, nonstationarity has 
been incorporated in not only drought analysis but also the hazard 
assessment of extreme precipitation and floods, in which the parameter 
set of potential best-fitted distribution exhibits a linear or nonlinear 
relation with time (Bender et al., 2014; Jiang et al., 2015; Rosner 
et al.,2014; Salas and Obeysekera, 2014; Sarhadi et al., 2016; Sarhadi 
and Soulis, 2017; Yan et al., 2017; Xu et al., 2020b) or some physical 
covariates (e.g. large-scale climate driving factors) (Agilan and Uma
mahesh, 2017; Liu et al.,2017; Gu et al., 2019; Razmi et al., 2017; Su and 
Chen, 2019; Vasiliades et al., 2015; Villarini et al., 2009; Xiong et al., 
2015; Xu et al., 2020a; Yilmaz et al., 2017). Parallel to the potential 
nonstationarity existing in a drought index, it is essential to incorporate 
the nonstationary characteristics into the Standardized Compound Dry- 
Hot Event Indicator (CDH) monitoring the compound dry-hot 
conditions. 

Several studies in China have focused on a systematic understanding 
of compound dry-hot events at different temporal and spatial scales 
(Chen et al., 2019; Hao et al., 2019; Wu et al., 2020; Zhang et al., 2019),. 
However, they have mostly focused on the frequency and severity of 
compound dry-hot events under stationary assumption, therefore it is 
necessary to apply the nonstationary CDH index to detect and monitor 
the compound dry-hot events with consideration of environmental 
changes. 

The main objective of this study therefore was to develop a dynamic 

extreme joint index (nonstationary compound dry-hot event index, 
NCDH) for detecting compound droughts and hot extremes with the use 
of time-varying copula models (Sarhadi et al., 2016; Xu et al., 2020a, 
2020b) accounting for the dependence of multiple variables. We also 
applied dynamic copula-based bivariate frequency analysis considering 
the severity and affected area of compound dry-hot events. These two 
properties (severity and area) of compound dry-hot events were 
extracted from the grid-based hydrometeorological dataset of Weihe 
River basin of China by the nonstationary monitoring index NCDH. 
Since there are teleconnections between larger-scale climate indices and 
drought or heatwaves in many regions across the world, climate indices 
were incorporated as covariates of NCDH. 

2. Study area and dataset 

Weihe River basin, which is located in northwest China (Fig. 1), 
embraces fragile ecological environment, and experiences frequent 
natural disasters. Compound dry-hot extreme events have posed a sig
nificant impact on the regional economic structure and the rational 
development and utilization of water resources. According to the water 
system distribution characteristics, the whole basin can be divided into 
three sub-basins: the main stream of the Weihe River (Sub-Basin 3 in 
Fig. 1), the Jinghe River basin (Sub-Basin 2 in Fig. 1) and the Beiluo 
River basin (Sub-Basin 1 in Fig. 1). In order to distinguish the effects of 
compound dry-hot extreme events over three sub-basins, grid-based 
datasets were used to make nonstationary risk assessment of compound 
dry-hot extreme events at regional scale considering climate change. 

Monthly precipitation and temperature data (Peng et al., 2019) at 
0.0083333◦ (1 km) spatial resolution ranging from 1901 to 2017 were 
applied, which were obtained from Loess Plateau Science Data Center, 
National Earth System Science Data Sharing Infrastructure, National 
Science & Technology Infrastructure, China (https://loess.geodata.cn). 
For quantifying significant impacts of compound dry-hot events on hu
manity and agriculture in summer, the average precipitation (AP) and 
temperature (AT) during June-July-August (JJA) at each grid were first 
calculated and then the NCDH under nonstationary conditions was 
derived using Eqs. (4) and (5). 

3. Methodology 

A dynamic copula-based framework for the identification of com
pound dry-hot events and risk assessment considering nonstationarity is 
presented in Fig. 2. As shown in this figure, the proposed methodology 

Fig. 1. Study area: Weihe River Basin with three selected grids.  
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involves three phases of nonstationary modelling of the average pre
cipitation (AP) and temperature (AT) time series extracted from grid- 
based data (1km× 1km): (1) 1st phase (NS_M1): applying dynamic 
gamma distribution for AP and normal distribution for AT through the 
likelihood ratio (LR) test in order to realize the nonstationary identifi
cation of drought events by nonstationary standard precipitation index 
(NSPI) and hot events by nonstationary standard temperature index 
(NSTI); (2) 2nd phase (NS_M2): deriving the compound dry-hot events 
index (NCDH) from the joint probability of NSPI (or SPI) and NSTI (STI) 
obtained from dynamic copula fitting; (3) 3nd phase (NS_M3): applying 

nonstationary copula modelling for the dependence structure between 
two characteristics of dry-hot events (relative affected area (RA) and 
mean severity of area (MSA)) which were from extracted grid-based 
NCDH data under a certain threshold value of NCDH. As shown in the 
flowchart, the LR tests were run through all three phases of modelling in 
order to assure the rationality of nonstationary detection. A time- 
varying joint return period under the AND scenario was implemented 
for nonstationary risk assessment (Salvadori and De Michele, 2004). 

It is known that the hydrometeorological system is influenced by 
large-scale climate patterns, such as El Niño–Southern Oscillation 

Fig. 2. Flowchart of this study.  
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(ENSO), Southern Oscillation Index (SOI), and North Atlantic Oscillation 
(NAO) (Wang et al., 2015; Sarhadi and Soulis, 2017). El Niño 3-Southern 
Oscillation (ENSO), which is derived from the large-scale ocean–atmo
sphere interactions, had been found been critical driver to the droughts 
in the Yellow River basin (Dong and Ren, 1996; Wang et al., 2006). 
Studies showed that precipitation in East Asia could be influenced by the 
surface temperature (SST) anomalies in the North Pacific Ocean and 
Indian Ocean, which would lead to the variations of wet/dry conditions 
in the Yellow River basin (Moy et al., 2002). Wang et al. (2019) applied 
the cross-wavelet approach to verify the finding that drought in the YRB 
are highly correlated with ENSO. The Northern Atlantic Oscillation is 
correlated with the warm phase of the North Atlantic SST, which would 
be conducive to easterly wind anomalies in northern China and less 
precipitation or more frequent droughts in the semi-arid subarea in the 
upper reaches of the Yellow River. Yu et al. (2014) have revealed that 
fluctuations in NAO in YRB could significantly influence climatic fac
tors, such as air temperature, precipitation. The SOI is the index of ENSO 
events, like El Niño and La Niña events, and has certain effects on pre
cipitation in YRB (Fu et al., 2007; Li et al., 2016; Meng et al., 2021). 

The Niño 3 sea surface temperature (SST) was used as a measure of 
the amplitude of El Niño 3-Southern Oscillation (ENSO). The Niño 3 SST 
index (NINO3) was defined as the seasonal SST averaged over the cen
tral Pacific (5◦S to 5◦N, 90◦–150◦W). In order to reflect the impact of 
climate change over compound dry-hot events, we employed the three 
phases of nonstationary modelling, including marginal fitting and 
copula fitting with distribution parameters incorporating large-scale 
climate indicators (NAO, SOI and NINO3) as covariates to derive the 
nonstationary compound dry-hot extreme index (NCDH). Given the 
NCDH index, nonstationary risk assessment of the compound dry-hot 
events for each sub-basin at regional scale described by relative 
affected area (RA) and mean severity of area (MSA) is made. 

3.1. Construction of a nonstationary SPI/STI considering climate change 

The traditional paradigm of SPI and STI calculations (McKee et al., 
1993) involved gamma and normal distributions fitted for different time 
scales of precipitation and temperature series, respectively, on the basis 
of stationary hypothesis. Due to substantial anthropogenic activities as 
well as climate change, the applicability of stationary hypothesis has 
been challenged (Milly et al., 2008). Instead of considering the time- 
scale effect of precipitation and temperature data, the nonstationary 
SPI and STI based on average precipitation (AP) and temperature (AT) 
during June-July-August (JJA), respectively, was calculated because of 
the emphasis on dry-hot events during the summer season. For economy 
of space, we only show the procedure for calculating NSPI, while NSTI 
was calculated in the same way. 

Let s represents the precipitation series. Then, its dynamic proba
bility density function based on the two-parameter gamma distribution 
can be described as follows: 

f (x) =
1

σ(t)κ(t)

sκ(t)− 1exp
(
− s

κ(t)

)

Γ(κ(t) )
; σ(t)〉0, κ(t)〉0 (1)  

where σ(t) and κ(t) denote the scale and shape parameters, respectively, 
and Γ(.) is the mathematical function. Θ(t) = {σ(t),κ(t)}, here Θ(t) is the 
parameter set composed of σ(t) and κ(t). Since we incorporated the 
large-scale climate indicators as covariates of gamma distribution pa
rameters, the assumed linear relation between the large-scale climate 
indicators and Θ(t) was established as:  

Θ(t) =

⎧
⎨

⎩

constant
Θ0 + Θ1t

Θ0 + Θ1Cov(t)
(2)  

where Cov(t) is the time-varying large-scale climate indicator. Time is 
also assumed as a potential covariate of the parameter sets. In terms of 

the time-lagging effect on the relation between extreme variables 
(average precipitation, AP) and large-scale climate indicators (He and 
Guan, 2014), the NAO/SOI/NINO3 value with 1 month to 3 months 
prior to the average precipitation series of JJA was considered. Since the 
focus was on grid-based data, many types of assumed stationary and 
nonstationary Gamma models (Table S1(a)) were checked by the LR test 
for each grid-based AP time series. In considerations of the combined 
effect of all above covariates (climate drivers and time), we used step- 
wise model selecting strategy to derive the best-fitted nonstationary 
models: (1) The corrected Akaike information criterion (AICc) combined 
with LR tests to select the potential models (SGA, NSGA1-NSGA30) in 
the first step; (2) For the potential models whose AICc value of nonsta
tionary model (NSGA1-NSGA30) is less than that of stationary model 
(SGA), the linear superposition effect of the covariates belonging to the 
potential nonstationary model in first step by substituting the problem of 
univariate linear regression (Eq. (2)) into multivariate linear regression 
problem is considered for secondary optimization analysis through AICc 
criterion and LR tests. Then the best selected nonstationary gamma 
distribution was transformed into the standard normal distribution to 
derive the NSPI value for each grid. Let SGAU represent the stationary 
gamma model for AP, while NGAUi be a certain time-varying model with 
trend existing in the parameter. The LR test was applied to check 
whether potential trend-caused nonstationarity would exist or not 
(Coles, 2001; Xu et al., 2020a, 2020b): 

LR = 2(LLNGAU1i − LLSGAU) (3)  

where LLNGAU1i represents the maximum likelihood value of every po
tential nonstationary model (here NGAUi); and LLSGAU is the maximum 
likelihood value of the stationary model. LLSGAU denotes the null trend 
assumption. The rejection of the null trend assumption stands for the 
situation when the p-value of LR test was smaller than that at the sig
nificance level of 5 %. 

The nonstationary models which can pass the LR tests should also 
experience the dynamic goodness of fit (GOFk− S) tests based on the 
Kolmogorov-Smirnov (K-S) test at a significance level of 5 % to verify the 
fit of the potential nonstationary or stationary gamma models. The 
corrected Akaike information criterion (AICc) was employed to quantify 
the goodness of fit of the distribution models. The metrics of the best- 
fitted gamma distribution should correspond to the smallest AICc and 
a relatively smaller or bigger p-value of LR (≤ 5%) and K-S (≥ 5%) tests. 

After the best-fitted dynamic gamma model selection, the cumulative 
probability of AP series was transformed into NSPI through the standard 
normal distribution. Parallel to the approach to derive the NSPI index, 
the NSTI index calculation also involves the nonstationary normal dis
tribution modelling based on the LR, and K-S tests and AICc criterion. 
The potential nonstationary normal distributions are presented in 
Table S1(b). 

3.2. Construction of a nonstationary compound dry-hot index (NCDH) 
considering climate change 

Hao et al. (2019) and Wu et al. (2019, 2020) first proposed the 
compound dry-hot index (CDH) by establishing the joint probability of 
bivariate random variables (SPI and STI here) under stationary hy
pothesis. Parallel to the nonstationary SPI/STI calculation, the non
stationarity should also be incorporated in the process of deriving the 
CDH index due to the potential link between large-scale climate in
dicators and extreme events. 

Considering nonstationarity, let X and Y represent the drought events 
quantified by NSPI and the hot events quantified by NSTI, respectively. 
Since the evaluation of compound dry-hot events focuses on the situa
tion that NSPI is lower than or equal to a particular threshold (X ≤ x), 
while NSTI is bigger than or equal to a particular threshold (Y ≥ y), 
another variable Z = − Y is defined here to simplify the calculation 
process. The joint probability distribution of FX,Z(x, z) with time-varying 

P. Xu et al.                                                                                                                                                                                                                                       



Journal of Hydrology 616 (2023) 128852

5

parameters can be defined as follows: 

FX,Y(x, z) = P(X ≤ x, Z ≤ z) = C
(
u, v; θt

C

)
(4)  

where θt
C is the dynamic copula parameters of joint distribution fitted 

for dependence structure between NSPI and NSTI time series. uandv are 
the marginal distributions of X and Z, respectively. Parallel to the way of 
calculating the dynamic gamma parameters as shown in Eq. (2), the 
large-scale climate indicators are also assumed as potential covariates of 
copula parameters. The corrected Akaike information criterion (AICc) 
and LR test were employed to quantify the goodness of fit of the dis
tributions. The maximum likelihood method was used to estimate the 
dynamic copula parameters. The Gaussian copula was found suitable to 
model both positive and negative dependences among multiple vari
ables (Hao et al., 2017; Van de Vyver and Van den Bergh, 2018), so 11 
kinds of nonstationary Gaussian copula (Table S2) were selected as the 
potential copula models to illustrate the joint distribution function. 

The dynamic joint probability distribution FX,Z(x, z) can be employed 
as a metrics to quantify the joint status of dry and hot extreme events 
under nonstationary conditions. The joint probability distribution 
FX,Z(x, z) was then transformed to a uniform distribution by using the 
empirical Gringorten (EG) plotting position formula, which was then 
standardized as a normal index to quantify the severity of compound dry 
and hot events. Thus, the nonstationary compound drought-hot extreme 
index (NCDH), based on the standardization of the above EG can be 
expressed as: 

NCDH = Φ− 1{EG[FX,Z(x, z)]
}

(5)  

where the lower NCDH value shows the condition with lower precipi
tation and higher temperature with negative effects, which is of prac
tical interest. Since nonstationarity has been incorporated into the CDH 
index, the variations of large-scale climate indicators would lead to the 
evolution of compound dry-hot extreme event status. 

3.3. Definition of compound dry-hot events and their characteristics 

After NCDH is derived, thresholds must be set to distinguish indi
vidual compound dry-hot events. Similar to the thresholds of SPI to 
characterize different categories of drought, compound dry and hot 
conditions can also be classified into several groups according to 

thresholds. Details of the upper and lower boundary set for the condi
tions can be found in Wu et al. (2019, 2020). In this study, we set the 
threshold value as − 0.5 to focus on the abnormal compound dry-hot 
condition (NCDH < − 0.5). Two kinds of regional characteristics, called 
relative affected area (RA) and mean severity of area (MSA), were used 
to quantify the risk of compound dry-hot extreme events corresponding 
to each sub-basin. Theoretically, the minimum value of affected area is 
zero and the maximum affected area is the total area of each sub-basin. 
For convenience of risk assessment in the following section, we defined 
the relative affected area (RA) and the mean severity of area (MSA) as 
follows: 

Mt =
Nt

grid

Ntotal
(6)  

RAt = − ln
1 − Mt

1 − Mmin
(7)  

MSAt =

∑Nt
grid

i=1 |NCDHi|

Nt
grid

(8)  

where Nt
grid is the number of grids which corresponds to the abnormal 

compound dry-hot condition with NCDH smaller than − 0.5 in year t, 
while Ntotal is the total number of grids of each sub-basin. Mt is the 
relative area of the t-th year. If we have 60 years of data, Mmin is the 
minimum value of {Mt ,t = 1,2,⋯,60}. In order to make the range of Mt 
fall in (0, + ∞), Eq. (6) is transformed into Eq. (7) to get RAt. 

3.4. Joint probability distribution for RA and MSA 

Here dynamic copula models were used second time to construct the 
joint distribution of RA and MSA: 

H(RA,MSA) = P(RA ≤ RA0,MSA ≤ MSA0) = C
(
u, v; θt

C

)
(9)  

where u and v are the marginal distributions of RA and MSA. Here RA0 
and MSA0 is a random quantile pair of regional characteristics. Before 
constructing the joint distribution, the nonstationary marginal distri
bution of RA and MSA should be determined first. Gamma, normal, log- 
normal and GEV (Generalized Extreme Value) distributions were 
assumed as potential margins with dynamic distribution parameters (Eq. 

Table 1 
Results of nonstationary modeling for three selected grids of Weihe River basin.  

Grid Attribute Model Parameters of model LR

A

APa NSGA3
0.735

[0.625,0.815] [0.002,0.016] [3.268,4.128]
-0.010

[-0.019,-0.004] 268 3e-3 0.70

ATb NSNM3
[2.258,3.657]c [ , ] [-0.856,-0.707]

3.1e-3
[1.9e-3, 4.2e-3] 217 0.032 0.82

NSPI-NSTI NSGAU3
0.267

[0.169,0.358]
-0.237

[-0.305,-0.158] -85.5 0.013 0.57

B

AP NSGA3
0.212

[0.109,0.305] [0.004,0.18] [3.589,5.059]
-0.014

[-0.023,-0.008] 247 6e-3 0.40

AT NSNM11
2.766

[2.548,2.917] -[ , ]
-0.608

[-0.725, -0.514]
209 2.3e-4 0.57

NSPI-NSTI NSGAU3
0.237

[0.135,0.315]
-0.263

[-0.312,-0.169] -70.8 0.017 0.68

C

AP NSGA23
-1.239

[-1.671, -0.985] [5.263,6.034]
-0.0512

[-0.0432, -0.0298]
323 4e-4 0.96

AT SNM
2.667

[2.698,3.059]
-0.542

[-0.709, -0.446]
214 2.1e-3 0.37

NSPI-NSTI NSGAU3
0.195

[0.105,0.287]
-0.267

[-0.357,-0.189]
-62.6 2.3e-5 0.66

Note: aAP: average precipitation; bAT: average temperature; c[2.258,3.657] represents the upper and lower boundary of the 95% confidence bands. 
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(2)). With the same procedure as for diagnosing the nonstationarity for 
gamma distribution in section 2.1, 90 kinds of nonstationary functions 
(Table S1(a)-(d)) were considered to ascertain the nonstationarity of RA 
and MSA with large-scale climate indices. As shown in section 2.3, 11 
kinds of nonstationary Gaussian copula (Table S2) were selected as 
potential copula models to illustrate the joint distribution function. 

3.5. Bivariate risk assessment of compound dry-hot events at regional 
scale 

Since compound dry-hot events have two characteristics, the return 
period from marginal point considering only one characteristic is not 
enough. On the other hand, due to climate change, the static return 
period may not be appropriate, which leads to a bivariate time-varying 
joint return period expressing the risk of compound dry-hot events that 
was calculated here. In the multivariate frequency analysis, different 
types of joint return period (JRP), including JRPAND, JRPOR, JRPSUR have 
been suggested in literature (Salvadori et al., 2013; Shiau, 2006). There 
is still discussion on which form of the JRP could be more appropriate in 
water resources planning and project design. We selected the commonly 
used JRPAND to make a comparison of risk assessment between the sta
tionary and nonstationary cases. The joint return period of RA and MSA 
under nonstationary conditions can be defined as: 

JRPAND
t =

ω
1 − Ft

RA − Ft
MSA + C

(
Ft

RA,Ft
MSA; θ

t
C

) (10)  

where Ft
RAandFt

MSA are the time-varying marginal distributions of RA and 
MSA, respectively; C

(
Ft

RA, Ft
MSA; θ

t
C
)

is the dynamic copula distribution 
with time-varying copula parameter; ω is the rate of the number of years 
in the study period to the number of compound dry-hot events. 

4. Results 

4.1. Optimal selection of nonstationary models for NSPI, NSTI and 
NCDH calculation 

Here we show results of the first phase and the second phase of 
nonstationary modelling in order to derive the NCDH index to quantify 
the severity of compound dry-hot events. 

For each grid-based data, a nonstationary gamma and normal model 
combined with LR, GOF test and AICc optimizing criteria (Eqs. (1)–(3)) 
was established for average precipitation and temperature records 
during summer time (JJA), respectively. Since there were 190,975 grids 
in this study, three typical grids (Grids A, B and C in Fig. 1) were chosen 
to show the detailed information of the nonstationary models. In order 
to evaluate the model uncertainty, the parametric bootstrap method was 
used to analyze the uncertainty of the fitted models (Serinaldi and Kilsby 
2015). 

Considering the potential link between large-scale climate indices 
and AP or AT, almost 30 kinds of nonstationary gamma and normal 
models incorporating different climate indices and time as covariates of 
distribution parameters were considered (Table S1(a)-(b)). For all three 
grids (A-C), NSGA3 with both parameters showing a linear relation with 
time (year in this study) proved to be the most suitable model for fitting 
the average precipitation (AP) observations. Different from nonsta
tionary normal distribution for AT in Grid A with distribution parame
ters showing a linear relation with time, two parameters of the 
nonstationary normal model for AT in Grid B and C showed a linear 
relation with 3-month time-lagging North Atlantic Oscillation (NAO3 
shown in Table S1). The slope value of gamma parameters for Grid A 
(σ2 = 0.01, κ2 = − 0.01 for AP) was relatively smaller than that of Grid B 
(σ2 = 0.013, κ2 = − 0.014 for AP) and C (σ2 = 0.0318, κ2 = − 0.0512 for 
AP), which showed that the degree of trend-caused nonstationarity in AP 
of Grid B and C was stronger than that in AP of Grid A. Once the first 
phase of nonstationary modeling of AP and AT was done, the NSPI and 

NSTI indices were derived by transforming the cumulative probability of 
AP and AT series under nonstationary conditions into the standard 
normal distribution. 

In the second phase of nonstationary modelling, a dynamic copula 
was fitted for the dependence structure of NSPI and NSTI (Table 1). The 
nonstationary Gaussian copula with 2-month time-lagging North 
Atlantic Oscillation (NAO2) as covariates of copula parameter was the 
best model fitted for the dependence structure between NSPI and NSTI 
in Grids A and B. NAO3 was the significant climate index for Grid C. In 
order to show the quality of model fitting, visual analysis based on worm 
plot and diagonal plot for copula for marginal distribution and copula 
are shown in Fig. 3, respectively, which helped verify the rationality of 
nonstationary models with large-scale climate indices as covariates. As 
shown in Fig. 3, the selected nonstationary marginal models and 
Gaussian copula for Grid A, B, and C showed a reasonable model fitting 
efficiency. 

Fig. 4 summarizes the optimal nonstationary models incorporating 
different climate indices as significant covariates of distribution pa
rameters for AP and AT observed at all 190,975 grids of Weihe River 
basin. For AT modelling, 2.15 % of grids in Sub-Basin 1 did not show 
significant nonstationarity, while 64.27 % in Sub-Basin 2 and 30.39 % in 
Sub-Basin 3 did not show significant nonstationarity. Time plays a 
leading role in reproducing the undulating behavior exhibited by the 
average temperature observations in Sub-Basin 1 (Model NSNM2 
occupied 48.36 % and NSNM3 occupied 49.48 %). Except for 64.27 % of 
grids fitted by stationary normal models in Sub-Basin 2, nonstationary 
models incorporating time and NAO3 as significant covariates occupied 
20.9 % and 14.75, respectively. For grids in Sub-Basin 3,NAO3 was the 
main significant covariate for the location parameter of the normal 
distribution fitted to AT. Different from the model patterns for AT with 
only NAO3 and time as significant covariates, NAO2, NINO1, and NINO3 
became the significant covariates in gamma parameters fitted to AP in 
the whole river basin. For nonstationary modelling of the dependence 
structure of NSPI and NSTI, NAO3 played a leading role in causing time- 
varying variations of relation between drought and hot events. As shown 
in Fig. 4(a)-(c), the significant covariates for each grid were different 
from each other due to the spatial variation in precipitation and tem
perature over the river basin. Owing to the spatial heterogeneity of the 
nonstationary models fitted for AT, AP and their dependence structure, 
most of study area showed the necessity of using nonstationary index 
(NCDH) to quantify the severity of compound dry-hot events (only 6.9 % 
of Sub-Basin 2 and 8.49 % of Sub-Basin 3 showed CDH). 

4.2. Comparison of two indices: CDH and NCDH 

To better illustrate the differences among the two indices, we present 
the time series of compound dry-hot event index for three selected grids 
in Fig. 1 (Grid A [36.23◦N, 109.12◦E] in Sub-Basin 1, Grid B [35.39◦N, 
107.02◦E] in Sub-Basin 2, and Grid C [34.89◦N, 106.90◦E] in Sub-Basin 
3) from 1901 to 2017 (see Figs. 1 and 5). Totally speaking, the similar 
pattern of temporal variations shown by Fig. 5 demonstrates the con
sistency of CDH and NCDH indexes in exhibiting the dry-hot event 
propagation process. However, the severity of compound dry-hot events 
quantified by the two indices distinguished from each other in several 
years (1939, 1945, 1997, 2006), especially in peak regions of series. For 
instance, the compound dry-hot condition in 2006 was assigned to be 
the extreme level by CDH (= − 1.67), while the severe level by NCDH (=
− 1.33) for Grid A belonging to Sub-Basin 1. For Grid C belonging to 

Sub-Basin 3, the compound dry-hot condition in 2006 was assigned to be 
the severe level by CDH (= − 1.38), while the extreme level by NCDH (=
− 1.64). According Cheng et al. (2014) and Ji & Duan (2020), the 

extreme level of compound dry-hot condition happened during May to 
August in Sub-Basin 3, while severe level of compound dry-hot condition 
happened during summer time in Sub-Basin 1. The difference in severity 
of compound dry-hot events happened in these two Sub-Basins are 
attributed to the return of farmland to forest implemented in Sub-Basin 1 
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Fig. 3. Worm plot for marginal distrbution and diagonal plot for Copula. For a satisfactory fit, the data points should be within the two black dotted lines (95% 
confidence interval) in the worm plot, and the theoretical model should be close to empirical copula in the diagonal plot. 

Fig. 4. Summary of the Optimal Nonstationary Models fitted for AP, AT and NSPI-NSTI and final NCDH calculation according to 190,975 grids of data in Weihe River 
basin. (a) Optimal models for AT. SNM: stationary normal model, NSNM2: nonstationary normal model with time as covariates of location parameter, NSNM3: 
nonstationary normal model with time as covariates of location and scale parameter, NSNM11: nonstationary normal model with NAO3 as covariates of location 
parameter; (b) Optimal models for AP. SGA: stationary gamma model, NSGA3: nonstationary gamma model with time as covariates of shape and scale parameter, 
NSGA4: nonstationary gamma model with NAO1 as covariates of scale parameter, NSGA7: nonstationary gamma model with NAO2 as covariates of scale parameter, 
NSGA8: nonstationary gamma model with NAO2 as covariates of shape parameter, NSGA23: nonstationary gamma model with NINO1 as covariates of shape 
parameter, NSGA30: nonstationary gamma model with NINO3 as covariates of shape and scale parameter; (c) Optimal copula for NSPI-NSTI. SGAU: stationary 
Gaussian copula, NSGAU1: nonstationary Gaussian with time as covariates of parameter, NSGAU3: nonstationary Gaussian with NAO2 as covariates of parameter, 
NSGAU4: nonstationary Gaussian with NAO3 as covariates of parameter, NSGAU6: nonstationary Gaussian with SOI2 as covariates of parameter, NSGAU7: 
nonstationary Gaussian with SOI3 as covariates of parameter; (d) Spatial distribution of CDH and NCDH. 

Fig. 5. The time series of CDH, NCDH, SPI, NSPI, STI and NSTI at three selected grids from 1901 to 2017. The location information of the three grids can be seen 
in Fig. 1. 
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(Ji & Duan, 2020). 
Since the CDH and NCDH were derived from SPI/NSPI and STI/NSTI, 

the difference of probability density function (PDF) fitted for AP and AT 
under stationary and nonstationary conditions would pose a great 
impact on disparities between CDH and NCDH (Fig. 6). Evident differ
ences can be observed in the PDF of precipitation or temperature series, 
for example, in 1924, 1944 at Grid A; in 1924, 2004 at Grid B; and in 
1924, 1944, 1984 and 2004 at Grid C, which is in accordance with 
differences of the compound dry-hot indices series shown in Fig. 5. The 
PDF curve of selected grids clearly indicated the difference between 
NSPI and SPI or NSTI and STI, which led to the difference between CDH 
and NCDH. 

We further compared the differences between the two indices of CDH 
and NCDH from a spatial perspective in Fig. 7. Fig. 7(a) shows a similar 
spatial pattern exhibited by these two indices with a high correlation 
value in 1934, 1943, 1957, 1969, 1982, 1994, and 2016 in Fig. 7(b). 
Focusing on year 2016, the condition of compound dry-hot events in 
Sub-Basin 1 was in the abnormal level by NCDH, while the condition was 
in the extreme level by CDH. Focusing on Sub-Basin 3 in 2016 quantified 
by CDH, the affected area in the upper reaches of Sub-Basin 3 was 
significantly higher than that in the lower reaches, while NCDH showed 
the opposite situation. From historical records (Ji & Duan, 2020), more 

area suffered from dry-hot events in the downstream of Sub-Basin 3 in 
2016 than that of upper stream due to higher economic growth and the 
intensification of urbanization in the downstream over the past few 
years. Overall, the nonstationarity of precipitation or temperature to 
derive SPI and STI cannot be ignored in compound dry-hot extreme 
assessment under climate change, since remarkable difference was 
observed between stationary index (CDH) and nonstationary indices 
(NCDH). Furthermore, accurate description of the time distribution of 
CDH can be derived to help provide more information about the trend of 
compound dry-hot extremes in time and space. 

4.3. Nonstationary copula modelling for RA and MSA 

Before copula modelling of the dependence structure between RA 
and MSA, pre-experiment of investigating the correlation between them 
was conducted to check whether RA and MSA can be analyzed jointly or 
not. The correlation value between RA and MSA corresponding to Sub- 
Basins 1, 2, 3 were 0.821, 0.819 and 0.795, respectively, which showed 
that the above two characteristics of compound dry-hot events can be 
further analyzed by copula. 

The same optimization process of best-fitted margins and copula as 
in Section 4.1 was re-operated here for RA and MSA in Table 2. RA and 

Fig. 6. Comparison of the probability density functions (PDFs) of SPI, NSPI, STI and NSTI at the three selected grids for years 1924, 1944, 1964, 1984, and 2004. 
NSGA1924 denotedsthe nonstationary (time-varying) gamma distribution (in Table 1) at year 1924. 
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MSA extracted from Sub-Basin 1 showed no nonstationarity in the pro
cess of marginal distribution or copula modelling. When it came to Sub- 
Basin 2, the dependence structure between RA and MSA exhibited 
nonstationarity with the Gaussian copula parameter incorporating 
NAO2 as covariates. For Sub-Basin 3, only the marginal distribution for 
RA satisfied the nonstationary situation with SOI2 as a covariate. 
Although almost all grids of the study area showed nonstationarity in the 
process of deriving NCDH (Section 4.1), the regional features of 
abnormal compound dry-hot events showed a lower degree of nonsta
tionary characteristics (two of nine margins and dependence structure 
showed nonstationarity). 

4.4. Nonstationary risk assessment of RA and MSA 

With the joint distribution selected in view of nonstationarity for 
each sub-basin, the nonstationary risk assessment was analyzed. The 
design values of indexes characterizing the compound dry-hot events 
that happened in each sub-basin were computed, based on the And joint 
return period (JRP). Figs. 8(a,b) present the JRP-isolines of the two 

characteristics at return levels equaling 50, 20 and 10 years for the three 
sub-basins. A parametric bootstrap method combined with 90 % ellipse 
confidence interval (Gu et al., 2020) was adopted in this study to 
quantify the uncertainty of design values. Since stationary margins and 
stationary copula were the best-fitted models for Sub-Basin 1 (Table 2), 
stationary JRP-isolines of the two characteristics belonging to Sub-Basin 
1 are plotted in Fig. 8(a). Focusing on ellipse confidence bands at 
different JRP-isolines, bigger ellipse confidence bands fell on high-level 
JRP-isolines, which means that uncertainty was negatively proportional 
to risk of occurrence of compound dry-hot event. The JRP-isolines of 
Sub-Basin 2 showed little or no obvious changes, especially in the range 
scale of marginal design values among four selected years, which were 
caused by the stationary features of marginal distributions and only 
copula was found to have nonstationarity. When it came to JRP-isolines 
of Sub-Basin 3, the design values of RA varied over time due to the 
nonstationary gamma distribution with climate indicator, SOI2 as a 
covariate for RA. From the horizontal perspective of plots, i.e., the 
variation of RA values, the JRP-isolines moved leftward first from 1929 
to 1950 and then rightward from 1950 to 2002. Due to the limited 

Fig. 7. Comparison of CDH and NCDH in describing the compund dry-hot events in spatial distributions. (a) Regional illustration of CDH and NCDH in Weihe River 
basin; (b) Boxplot of the spatial distribution of CDH and NCDH for each year. 
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number of plots, we just present here the overall variation of the design 
value of RA changing with time-varying SOI2, and the exact pattern of 
the variation of joint distribution can be addressed from the complete set 
of plots. Comparing JRP-isolines between Sub-Basins 2 and 3, the non
stationarity in the marginal distribution (nonstationary gamma model 
for RA of Sub-Basin 3) could cause more time-varying variations of 
design values at each return level than that in the dependence structure 

(nonstationary Gaussian copula for RA-MSA of Sub-Basin 2) between RA 
and MSA. 

4.5. Discussion of different kinds of nonstationary scenarios over risk 
assessment results 

Since the nonstationary risk assessment of compound dry-hot events 
was applied, based on three phases of nonstationary modelling: (1) 1st 
phase (NS_M1): nonstationary gamma distribution for AP and normal 
distribution for AT to calculate NSPI and NSTI, respectively; (2) 2nd 
phase (NS_M2): using dynamic copula 1st time for fitting the depen
dence structure between NSPI and NSTI to derive NCDH using Eqs. (4) 
and (5); and (3) 3nd phase (NS_M3): using the dynamic copula 2nd time 
for the dependence structure between RA and MSA. 

It is of great interest to investigate how the final risk assessment 
results would be influenced by considering nonstationarity or not during 
the 1st and 2nd modelling phases. As a result, five kinds of scenarios 
were considered to answer the above issue: (1) scenario 0: the stationary 
modelling was implemented in all three phases (S_M1-S_M2-S_M3); (2) 
scenario 1: nonstationary modelling was implemented in all three pha
ses (NS_M1-NS_M2-NS_M3) which has been realized in Section 4.4; (3) 
scenario 2: stationary modelling was implemented in the 1st and 2nd 
phases while nonstationary modelling was implemented in the 3rd 
phase (S_M1-S_M2-NS_M3); (4) scenario 3: stationary modelling was 
implemented in the 1st phase, while nonstationary modelling was 
implemented in the 2nd and 3rd phases (S_M1-NS_M2-NS_M3); and (5) 
scenario 4: nonstationary modelling was implemented in the 1st phase, 
while stationary modelling was implemented in the 2nd and 3rd phases 
(NS_M1-S_M2-NS_M3). We used scenario 0 as a benchmark to show the 
time-varying JRP-isolines. Detailed information of modelling results in 
the 3rd phase of nonstationary modelling of RA and MSA under sce
narios 2–4 is shown in Table S3(a)-(c) and results of the JRP-isolines 
corresponding to Scenarios 0, 2, 3, and 4 are exhibited in Fig. S1(a)- 
(e). Based on the results of Table S1(a), the occurrence risk of compound 
dry-hot events in Sub-Basin 1 was significantly lower than that in the 
other two basins, which was because the design values of MSA and RA in 
Sub-Basin 1 at the same joint return level were smaller than those of the 

Table 2 
Results of nonstationary modeling of RA and MSA for three Sub-Basins of Weihe River. MSA: mean severity of area; RA: Relative affected area by compound extremes.  

sub-
basin

Attribute Model Parameters of model LR

1

RA SGA
5.960

[5.734,6.217]
0.491

[0.316,0.663] 112 0.86

MSA SGEV
0.710

[0.645,0.796]
0.200

[0.144,0.306]
0.506

[0.195,0.936] 125 0.98

RA-MSA SGAU
0.878

[0.805,0.945]
-36.9 0.87

2

RA SGA
6.232

[6.023,6.398]
0.421

[0.238,0.589] 108 0.76

MSA SGEV
0.716

[0.645,0.800]
0.212

[0.157,0.317]
0.394

[0.126,0.874]
128 0.56

RA-MSA NSGAU3
1.137

[0.748,1.248]
0.143

[0.078,0.199] -24.9 0.021 0.68

3

RA NSGA17
4.362

[4.089,4.598]
-0.836

[-1.158,-0.518]
-0.243

[-0.319,-0.159]
108 0.013 0.71

MSA SGEV
0.701

[0.616,0.788]
0.192

[0.156,0.247]
0.445

[0.168,0.756]
134 0.68

RA-MSA SGAU
0.869

[0.798,0.937]
-25.8 0.79

Fig. 8a. Joint return period (JRP) of Sub-Basin 1 based on stationary magins 
and copula fitted for RA and MSA. Uncertainty of JRP was quantified by the 
parametric bootstrap method to derived the 90% ellipse confidence bands. 
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other two basins. 
Comparison of nonstationary modelling results and results of the 

JRP-isolines between Scenarios 1 and 4 would help identify the effect of 
considering nonstationarity in the 2nd modelling phase over results of 
risk assessment. Focusing on the nine cases of modelling results in 
Table 2 and Table S3(c), the similar results of the 3rd nonstationary 
modelling existed between Scenarios 1 and 4: the dependence structure 
of MSA and RA in Sub-Basin 2 and marginal distribution of RA in Sub- 
Basin 3 both showed nonstationarity with the same climate indices as 
covariates (NAO2 for copula parameter of Sub-Basin 2 and SOI2 for the 
scale parameter of Sub-Basin 3). Other seven cases of three sub-basins 
under Scenarios 1 and 4 showed no nonstationarity. Comparison of 
JRP-isolines under these two scenarios (Figs. 8(a)-(b) and Fig. S1(d)-(e)) 
also showed the similar pattern of time-varying variations of design 
values at return levels of 10, 20, and 50 years. 

In the same way, comparisons of JRP-isolines and results of 3rd 
modelling results under scenarios 1 and 3 would investigate the effect of 
considering nonstationarity in the 1st modelling phase over results of 
risk assessment. As shown in the nine cases of modelling results in 
Table 2 and Table S3(b), 5 cases of modelling results showed non
stationarity under scenario 3, which was significantly distinguished 
from those (only t20 cases) under scenario 1. The same conclusion can 
be drawn through visual comparison of JRP-isolines between Fig. 8 and 
Fig. S1(c). As shown in Table 2 and Table S3(b), considering non
stationarity caused by climate indices in average precipitation and 
temperature series during the 1st modelling phase would help reduce 
the complexity of subsequent risk analysis based on characteristic var
iables of compound extreme events, which was because of less cases 
showing nonstationarity in the 3rd modelling phase under scenario 1. 

In summary, whether considering nonstationarity in the 2nd phase 
modelling or not would pose little impact on the nonstationary risk 
assessment results of compound dry-hot event, while nonstationarity in 
the 1st phase modelling of average precipitation and temperature could 
make a difference over nonstationary risk assessment of compound dry- 
hot events. In other words, nonstationarity in average precipitation and 
temperature should be consequently recognized as the more dominant 
factor in nonstationary risk analysis of compound dry-hot events than 
the nonstationarity in the dependence structure between SPI and STI. 

5. Discussion 

This study proposed the dynamic Copula model to link the SPI and 
STI index to identify and make the risk evaluation of compound dry-hot 

events from the perspective of nonstationarity. As the drought or dry
ness monitoring and assessing index, the Standardized Precipitation 
Index (SPI) are derived from precipitation only, which showed a 
potentially significant limitation of omission of evapotranspiration 
(Vicente-Serrano et al., 2010; Potop et al., 2012; Chen et al., 2016; Um 
et al., 2017). The Standardized Precipitation Evapotranspiration Index 
(SPEI), proposed by Vicente-Serrano et al. (2010), could offer better 
performance of drought impact evaluation (Begueria et al., 2014; Gao 
et al., 2017; Parsons et al., 2019; Pei et al., 2019). Instead of focusing on 
average precipitation (AP) during JJA (June-July-August) for SPI in this 
study, the time series of average water balance (AWB) of JJA, which is 
difference between precipitation and potential evaporation (ET0), needs 
to be investigated by the LR tests to verify the potential nonstationarity. 
The nonstationarity of AWB time series would also be a key factor to 
influence the nonstationary compound dry-hot index (NCDH). As the 
emphasis of this work was on the impact of the identification and risk 
assessment of compound dry-hot events imposed by the potential non
stationarity existed in the precipitation and temperature series, the 
nonstationary SPEI index considering precipitation and evaporation 
comprehensively would be addressed in our future study of compound 
dry-hot events. 

In order to explore the rationality of the nonstationary compound 
dry-hot index adopted in this study, the proposed compound index was 
also addressed in another catchment: Fenhe River Basin (FRB) (Fig. S2) 
to check whether one would expect the index to be consistent in space 
for nearby catchments. As shown in Fig. S3(a)-(c), nonstationary 
Gamma models (NSGA32) occupied 71.8 % of grids for AP series while 
nonstationary normal models (NSNM5 (47.3 %) and NSNM34(52.7 %)) 
was the best-fitted models at all grids for AT series in FRB. Although only 
4.1 % of grids for dependence structure between NSPI and NSTI rec
ommended nonstationary Gaussian Copula (NSGAU15) models, the 
nonstationary compound dry-hot index should be taken into consider
ation for the whole catchment because of the nonstationarity existed at 
all grids for AT series. Fig. S4 helped verify the consensus spatially: the 
nonstationarity of precipitation or temperature to derive SPI and STI 
cannot be ignored in compound dry-hot extreme assessment under 
climate change, since remarkable difference could be identified for the 
comparison of CDH and NCDH index in FRB. 

We could make a short-term prediction of compound dry-hot events 
as follows: Since the larger-scale climate indexes were the climate in
dicators of the previous 1–3 months, the nonstationary NCDH-based 
models can be used to make 1–3 month-lead prediction of the likeli
hood of the regional compound dry-hot extreme events once we get the 

Fig. 8b. Joint return period (JRP) of Sub-Basins 2 and 3 based on nonstationary magins or nonstationary copula fitted for RA and MSA. Uncertainty of JRP was 
quantified by parametric bootstrap method to derived the 90% ellipse confidence bands. 
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value of climate indicators at present. For a long-term prediction of the 
compound dry-hot events, a systematic projection of the compound dry- 
hot events would be feasible with the help of the global climate model 
(GCM) simulations involved in Coupled Model Inter-comparison Project 
Phase 6 (CMIP6). 

6. Conclusions 

In this study, a nonstationary framework for the identification of 
compound dry-hot extremes and risk assessment is proposed to explore 
the potential evolution regime over the past 117 years in Weihe River 
Basin (WRB) and Fenhe River Basin (FRB). It consists of three phases of 
nonstationary modelling of the average precipitation (AP) and temper
ature (AT) time series extracted from grid-based data (1km× 1km). The 
first phase modelling of nonstationary gamma distribution of AP and 
normal distribution of AT with large-scale climate indices as covariates 
was implemented to derive the nonstationary SPI (NSPI) and STI (NSTI), 
respectively. The first-time nonstationary copula modelling of depen
dence structure between NSTI and NSOI was applied to derive the 
nonstationary compound dry-hot extreme index (NCDH) in the 2nd 
phase. Based on nonstationary modelling of the first two phases, com
parison of NCDH and CDH to identify historical compound dry-hot 
events were also made in this study. With the threshold value of 
NCDH being set as − 0.5, two regional characteristics of compound ex
tremes, relative affected area (RA), and mean severity of area (MSA) 
could be extracted from the grid-based datasets. The second time 
nonstationary copula modelling of dependence structure between RA 
and MSA was investigated to make nonstationary risk assessment of 
compound dry-hot events in the WRB. The main findings of this study 
can be summarized as follows:  

1) From the results of nonstationary modelling in the 1st and 2nd 
phases, most area of WRB showed the necessity of using nonsta
tionary index (NCDH) to quantify the severity of compound dry-hot 
events (only 6.9 % of Sub-Basin 2 and 8.49 % of Sub-Basin 3 showed 
CDH) due to the spatial heterogeneity of nonstationary models fitted 
for AT, AP and their dependence structure.  

2) Compared with stationary CDH (Hao et al., 2019; Wu et al., 2019, 
2020), the main properties of NCDH can be concluded as follows: (a) 
NCDH combines large-scale climate indices with lead times of 1–3 
months (NAO, SOI, NINO3), thus incorporating climate change in 
calculating NCDH; (b) The performance of reconstructing historical 
compound extremes by NCDH was better than that by CDH; (c) Due 
to the dynamic response to the evolution of the probability distri
bution function (PDF) over time, the proposed NCDH provided more 
robustness and rationality for drought assessment under climate 
change.  

3) Based on JRP-isolines of RA and MSA in the three sub-basins, the 
nonstationarity in the marginal distributions had a more impact on 
the design values at each return level than that in the dependence 
structure. The uncertainty was negatively proportional to risk of 
occurrence of compound dry-hot event. 

4) Based on different kinds of nonstationary scenarios over nonsta
tionary risk assessment, nonstationarity in average precipitation and 
temperature should be paid more attention in the 1st modelling 
phase to derive SPI and STI indexes. Compared to nonstationarity in 
the 1st modelling phase, nonstationarity in the dependence structure 
between SPI and STI, which was the 2nd modeling phase, had a less 
impact over risk assessment. 

We used the time-varying copula-based model incorporating different 
large-scale climate indices as covariates mainly to make the dynamic 
identification and risk assessment of compound dry-hot events in WRB. 
The proposed framework identified compound dry-hot events with high- 
efficiency as well as their evolution tracks, and the nonstationary feature 
of compound dry-hot frequency analysis helps understand the evolution 

and characteristics of compound dry-hot events more comprehensively. 
Much expansive work should be carried out to overcome the potential 
deficiency of this framework. For instance, other physically induced in
dexes, such as GDP, and land use-related index should also be considered. 
In this study, SPI and STI were used to derive the nonstationary compound 
dry-hot monitoring index (NCDH). Other standardized indexes like SPEI 
considering evapotranspiration effect should also be considered to calcu
late NCDH in a future study. 
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