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Abstract
Drought is one of the most frequent and devastating natural disasters. Based on future climate scenarios and
land use/land cover (LULC) patterns, this study employed the copula framework to calculate the probabilities of
meteorological drought risk based on downscaled data as well as hydrological drought risks based on SWAT
model simulation data for the next 30 years (2021-2050) in the Wanquan River Basin (WRB), and meanwhile,
the relationship between hydrological and meteorological droughts was revealed by correlation analysis and
cross wavelet transform (XWT). The results are as follows: (1) In the next 30 years, the risk of intra-seasonal
meteorological drought (short-term drought) in the WRB is high at a probability of 40%-70%, while the risk of
inter-seasonal meteorological drought is relatively small at a probability of close to 30%; (2) Compared with
meteorological drought, the risk of intra-seasonal hydrological drought is small, but the probability of inter-
seasonal hydrological drought (medium or long term drought) is 30%-50%, and the risk of hydrological drought
in the upstream is greater than that in the downstream; (3) The future meteorological and hydrological droughts
in the WRB are signi�cantly and positively correlated, and that hydrological drought lags behind meteorological
drought.

1. Introduction
Drought is one of the recurring natural disasters with complex and multifaceted causes and can occur in any
climate region (Chang et al., 2016; Mishra and Singh, 2010). Major drought events across the globe have been
documented over the past decades, such as the 2000-2018 drought in the Southwest of North America, which
was the second worst drought globally since the year 800 (Williams et al., 2020), and the 2002-2008 water
depletion in northern India due to unsustainable extraction of groundwater for irrigation. Unlike other disasters,
drought is a complex and integrated phenomenon that develops slowly and imperceptibly, so it is di�cult to
predict and track, and can negatively affect water resources, food, environment, as well as human and
socioeconomic activities (Van Loon et al., 2016; Wu et al., 2021).

Generally, droughts are classi�ed into meteorological drought, hydrological drought, agricultural drought and
socioeconomic drought (Van Loon, 2013; Van Loon et al., 2016). Among them, meteorological and hydrological
droughts are the main types of drought events, as agricultural droughts and socio-economic droughts are
mainly caused by the persistence of meteorological and hydrological droughts. The root cause of
meteorological drought is the shortage of precipitation. The current studies on meteorological drought is mainly
focused on the monitoring, evaluation, quanti�cation and risk of such drought, by developing new drought
indices (e.g. based on copula, linear combination, principal component analysis, fuzzy set and entropy theory
drought index) to capture drought events more accurately and evaluate drought risk more comprehensively
(Chang et al., 2016; Huang et al., 2021; Rajsekhar et al., 2015; Sadegh et al., 2017; Zhang et al., 2019). What is
more, meteorological drought risk assessment based on drought characteristics (drought duration, severity, and
frequency), such as Gu et al. (2020) based on drought duration and severity to assess meteorological drought
risk, and Xu et al. (2015) based on drought duration, drought severity, and affected areas to analyze drought
frequency in Southwest China. When meteorological drought develops to a certain extent, the imbalance
between surface water and groundwater reduces stream�ow and thus induces hydrological drought, and
meanwhile hydrological drought is also considered as a thorough drought (Wu et al., 2017). Hydrological
drought is directly related to social water supply (Xu et al., 2019), so recent research on hydrological drought
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concentrates on the construction of hydrological drought index, evolution, propagation and hydrological
drought risk (Li et al., 2020; Wu et al., 2018a; Wu et al., 2019). The evolution of hydrological drought is more
complicated under changing environments, and drought propagation is usually quanti�ed by the response of
hydrological drought to meteorological drought, extracting the propagation time from meteorological drought to
hydrological drought to quantify the drought propagation process. However, drought propagation not only
occurs among difference drought types, but also within the same drought type. For example, Zhang et al.
(2016) used the change rate of water storage de�cit to calculate the drought recovery. Parry et al. (2016a, b)
proposed that hydrological drought propagation includes drought development and drought termination. And
Wu et al. (2018) used mathematical expressions to quantify the internal propagation of hydrological drought
for hydrological drought development and recovery process.

Meteorological drought develops faster and hydrological drought is the continuation and development of
meteorological drought, caused by the persistence of meteorological drought, with these two type of droughts
re�ecting different stages of drought development (Wu et al., 2017). Combining meteorological drought and
hydrological drought can provide a thorough understanding of drought characteristics. In addition, the
quanti�cation of droughts is a prerequisite for analyzing drought risk. There is a close relationship between
meteorological and hydrological droughts (Wu et al., 2018b; Wu et al., 2017), and it is believed that the former is
the main factor behind the latter. The propagation threshold (PT) from meteorological to hydrological drought
is an essential feature of drought propagation, and is of paramount importance for drought mitigation and
prevention (Lorenzo-Lacruz et al., 2013; Wu et al., 2021). Three methods are adopted to characterize PT from
meteorological to hydrological drought, i.e. run theory, correlation analysis, and non-linear response method
(Wu et al., 2021). As a common method to obtain drought thresholds, correlation analysis establishes
correlations between hydrological drought indices at a certain timescale and meteorological drought indices at
different timescales by Spearman's and Pearson's correlation coe�cients (Wu et al., 2017; Xu et al., 2019).
Additionally, it determines the PT from hydrological to meteorological drought by using the highest correlation
coe�cients. A more comprehensive analysis of the relationship between hydrological and meteorological
drought can advance the understanding of causes of drought and is of great signi�cance for early warning of
hydrological drought (Huang et al., 2017; Wang et al., 2020; Xu et al., 2019) .

As the third largest river in Hainan Province, the Wanquan River plays an important part in the development of
Hainan Province. The basin has a high forest cover with abundant tropical forest resources, rubber plantations,
pulp forests and tropical cash crops such as areca nut. However, the uneven intra-annual distribution of
precipitation within the river basin and frequent droughts have caused tremendous losses to tropical cash
crops. Therefore, the objective of this study is to probe into the evolution of meteorological drought and
hydrological drought in the WRB under future climate change and land use change, and to reveal the correlation
of meteorological and hydrological drought.

2. Study Area And Data Sources

2.1. Study area
The WRB is located in the east-central part of Hainan Island, China (109°37′-110°38′E, 18°46′-19°31′N) (shown
in Figure 1). The natural resources and geographical location of WRB are the most important ecological
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shelters in Hainan Province, and the ecological environment of the basin plays a pivotal role in the national
economy, social development and building of free trade port in Hainan Province. The WRB hosts 5 major cities
with a total population of 1.78 million and a GDP of US$8.371 billion across such cities as Qiongzhong,
Dingan, Tunchang, Qionghai and Wanning. Wanquan River originates from Fengmenling in Wuzhishan and
�ows eastward into the South China Sea, with a total length of 163 km, a basin area of 3,693 km2, and an
annual river runoff of 5.83 billion m3 (Zhao et al., 2019). Situated in a tropical monsoon climate zone, Wanquan
River has an average annual temperature of 24°C and a multi-year average precipitation of 2,300 mm. The
precipitation is unevenly distributed in a unimodal curve within the year. For example, 87% of precipitation
occurs in the rainy season (May-November), whereas only 13% in the dry season (December-April). The
extremely uneven distribution of precipitation contributes to frequent drought events in the WRB. The main
types of drought in the basin were winter-spring drought, a historically rare drought that occurred in 1976-1977,
which is the longest and severest abnormal drought in history, 80% of the rivers in the basin had been cut off.
The Wanquan River had the lowest water level and lowest �ow in history, and more than 80% of the reservoirs
dried up. As a result, agriculture faced great di�culties. Speci�cally, 43% of the crops were drought-stricken and
more than 50% of the planted area was lost. In 1994-1995, a winter-spring drought hit Ding'an, Qiongzhong and
Wanning, lasting for 100-164 days and affecting large areas. This was particularly worse in April-May, with
continuous high temperatures, high evaporation, rapid decline of water levels in rivers and reservoirs, and rapid
development of the drought. Hainan Province suffered "the hottest year in history ", with high temperature and
less rain in the spring and summer seasons of 2015, and the basin suffered a severe drought hazard. Severe
drought events have occurred in the WRB, but still no effective early warning was in place. Additionally, socio-
economic development renders urbanization inevitable, and the transformation of the underlying surface by
human activities, which in turn affects the hydrological processes, should not be underestimated. Owing to
speci�c climatic conditions, as well as the dynamics of LULC of the region, the mechanisms of drought events
therein may well have been in�uenced. As a result, the WRB was selected as the study basin to explore the
impacts of climate change and LULC on drought events.

Figure 1 is here

2.2. Data sources

2.2.1. NASA Earth Exchange Global Daily Downscaled
Projections (NEX-GDDP)
To obtain future global climate model (GCM) data at the basin scale, downscaled data from BCC-CSM1-1
within the CMIP5 dataset were selected, which has a spatial resolution of 0.25°x 0.25° and contains daily
precipitation, maximum and minimum temperatures for two emission scenarios, RCP4.5 and RCP8.4, these
data were obtained from NEX-GDDP (https://cds.nccs.nasa.gov/nex-gddp/). These two emission scenarios
serve as the core datasets of the CMIP5 model and can be employed as the primary assessment study (Sun et
al., 2019; Taylor et al., 2012). This downscaled data can more accurately characterize the future climate for a
smaller area, so the meteorological data from this dataset for 2021-2050 were selected to drive the calibrated
SWAT model to simulate future stream�ow processes, and the stream�ow data obtained were used to predict
the probability of future hydrological drought risk.

2.2.2. Observed data
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To construct the SWAT model for the WRB, spatial data and hydrometeorological data are required, and the
details and sources of the data are as follows. The hydrometeorological data include daily precipitation data
from 22 precipitation stations (blue circles in Figure 1) from 1967-2014 from the Water Department of Hainan
Province. The data about two meteorological stations, including maximum and minimum temperature, wind
speed, relative humidity and solar radiation, were obtained from the China Meteorological Data Service Centre
(http://www.nmic.gov.cn). These meteorological data were used to create the meteorological database for the
SWAT model. Daily stream�ow data from 1967-2014 for two hydrological stations in the basin (red triangles in
Figure 1) were acquired from the hydrological yearbooks compiled by the Hydrology Bureau of Hainan Province
and used to calibrate and validate the SWAT model. The multi-year average precipitation in the basin was
calculated by a simple arithmetic mean method.

The spatial data include digital elevation model (DEM) data obtained from the geospatial data cloud at 30m
resolution (shown in Figure 1). The �ve sets of data on LULC at 30m resolution for 1980, 1990, 2000, 2010 and
2015 were obtained from TM remote sensing data after geometric correction and radiometric correction,
through supervised classi�cation and manual interpretation. They were provided by the Institute of Geographic
Sciences and Natural Resources Research, Chinese Academy of Sciences (IGSNRR) (http://www.resdc.cn). The
DEM map and land use map were kept at the same resolution to better describe the conditions of the
underlying surface, which can simulate the stream�ow process more accurately. The soil data of the study area
were provided by the 1:1 million soil dataset from Nanjing Institute of Soil Research, Chinese Academy of
Sciences. All spatial data were converted to the same geographic and projected coordinates and employed to
construct the SWAT model.

3. Methodology
The aim of this research is to study the meteorological drought risk and hydrological drought risk and their
relationship under future climate and land use scenarios. For the meteorological drought risk, which involves
calculating standardized precipitation index (SPI) based on GCM downscaled meteorological data, extracting
drought characteristics by run theory, and constructing a regional meteorological drought risk model using
copula function. For hydrological drought risk, which involves the use of future meteorological data and CA-
Markov models to predict future land use scenarios to construct a regional future SWAT model for predicting
future hydrological drought. Similarly, hydrological drought characteristics extracted using run theory, then the
copula function is used to construct a regional hydrological drought risk model. Finally, XWT is used to explore
the link between meteorological drought and hydrological drought, and Pearson correlation coe�cient (PCC) is
used to identify PT from meteorological drought to hydrological drought. The �ow chart of this study is shown
in Figure 2.

Figure 2 is here

3.1. Model for predicting future LULC
(1) CA-Markov model

CA-Markov models can be used to model temporal and spatial patterns of land use prediction. For starters,
based on the current status of an event, the Markov model calculates the transition matrix between different
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states with Markov chains, aiming to predict the status of a future period. Afterwards, the CA model is
characterized as a model for network dynamics with discrete time, space and state, centering on the
interactions of cells for different spatio-temporal features, with powerful spatial computational simulation
capability, particularly suitable for dynamic simulation and spatial presentation of self-organizing functional
systems. Regarding the prediction of land use, the Markov model gives priority to the prediction of the amount
of land use change, but neither can it be spatially expressed nor can it present the spatial distribution of each
type of land change. In contrast, the CA model is able to express the spatio-temporal dynamic evolutionary
process of complex spatial systems and can overcome the de�ciencies in the Markov model (Wickramasuriya
et al., 2009). Therefore, the CA-Markov model integrates the advantages of Markov chains for long-term
prediction of time and the ability of the CA model to simulate complex changes in space, and applies the
quantitative land use transition matrix derived from the Markov model to the CA model. In this way, the central
cell can determine whether to convert more reasonably on the basis of transition probability, with high
prediction accuracy, which is extensively used by domestic and foreign scholars to predict land use change
(Halmy et al., 2015; Zhang et al., 2020). Based on the advantages mentioned above, this paper applied the CA-
Markov model to predict the future LULC.

(2) Accuracy assessment

Kappa coe�cient can effectively assess the spatial consistency of the CA-Markov model simulation results
with observed data from an overall perspective, and are widely applied in studies such as accuracy check of
land use change simulation as well as interpretation and evaluation of remote sensing image (Ghosh et al.,
2017). The Kappa coe�cient is calculated as follows:

 p  o  is the proportion of correctly simulated raster cells, and pc is the proportion of correctly simulated cells at
random. The range of Kappa coe�cient draws from the literature, and it is generally believed that Kappa > 0.6
has a greater consistency, while Kappa > 0.8 has a signi�cant simulation effect.

3.2. SWAT hydrological model
The SWAT model is a semi-distributed hydrological model developed by the United States Department of
Agricultural Research Service (USDA-ARS), based on the principles of hydrological cycle and water balance for
the simulation of stream�ow generation and con�uence processes in river basins. The SWAT model has the
following characteristics: (1) It has a strong physical mechanism and its parameters are spatially distributed;
(2) It can evaluate and predict the impact of land use changes on stream�ow; (3) It can predict stream�ow in
areas with little or no measured hydrological and meteorological data; (4) It is a collection of numerous
equations and intermediate variables, covering all aspects of precipitation, evaporation, in�ltration, and
stream�ow formation, such as SCS curves and the Muskingum algorithm (Sun et al., 2019; Zhang et al., 2015).
Based on these advantages, this paper adopted the SWAT model to simulate future stream�ow and used the
simulated stream�ow to calculate future hydrological drought risk.

The SWAT model divides the WRB into 48 sub-watershed by loading DEM maps, land use maps, soil maps
(Figure 3). Owing to the large number of parameters involved in the SWAT model, seven sensitive parameters



Page 7/32

were selected based on the SWAT-CUP sensitivity analysis and employed to calibrate and validate the monthly
stream�ow from two hydrological stations, Jibao and Jiaji. SWAT-CUP automatically calibrates the selected
parameters through 2,000 simulations, and decides whether to adjust the parameters to continue the
simulation according to whether the criteria are met, and after the criteria are satis�ed, the optimal parameter
values are determined.

3.3. Standardized precipitation/stream�ow drought index
In order to predict meteorological and hydrological drought, the selection of suitable meteorological and
hydrological drought indices is of vital importance for the study results. Precipitation and stream�ow are
commonly used to characterize meteorological and hydrological droughts. The calculation steps are detailed
as follows. The cumulative precipitation is calculated based on monthly precipitation data, and the
precipitation is described by a speci�c cumulative probability density function over time, which is then
converted into a standard normal distribution of actual SPI values using equal probability transformations. One
of the merits of SPI is its ability to monitor and track meteorological droughts at different timescales. For
instance, the 1-month and 3-month SPI indices are more sensitive to short-term droughts, while the 12-month
and 24-month SPI indices can better capture the characteristics of long-term droughts (Wu et al., 2018b). In this
study, standardized stream�ow index (SSI) was employed to characterize hydrological drought, because the
principles and advantages of SSI and SPI are similar, so we will not go into too much detail.

3.4. Identi�cation of drought events
Run theory is a method used to extract drought characteristics, including drought onset, duration, severity, and
termination. Among them, drought duration and severity are the major characteristics of drought duration
(Chang et al., 2016). In light of the run theory, drought duration represents the period of time during which the
drought index remains below the truncation level, and drought severity is de�ned by the cumulative drought
indices throughout the drought duration. The SPI and SSI time series are standardized rather than direct
measurements of precipitation and stream�ow, and in this study, a threshold of -0.5 was selected to obtain
su�cient drought events in order to reduce the uncertainty of sample size in the frequency analysis. Two
truncation levels (-0.5, 0) were employed to extract drought duration and severity based on the SPI (SSI)
drought classi�cation (Wu et al., 2017). For a drought process with a drought duration equal to 1, if the 1-month
drought index is less than -0.5, the corresponding month is considered drought; for two drought processes, if
the interval is equal to 1 and this index is less than 0, they are combined into one drought process. Drought
duration is the sum of the months where drought events occur, and drought severity is the sum of drought
indices during droughts. In this paper, run theory and truncation level were employed to extract two indices of
drought duration and severity to describe drought events.

3.5. Copula-based model for drought risk prediction
Conventional methods based on univariate time series are too subjective in conducting drought frequency
study on drought risk. With the introduction of copula function to hydrology, the multivariate frequency analysis
on drought characteristics has been developed more rapidly. The drought duration and severity extracted from
the run theory are the primary characteristics of drought events, so this study effectively avoided these
de�ciencies by combining marginal distribution and the maximum probability of joint distribution function. 6
marginal distribution function were selected to determine the most appropriate one, and the summary
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mathematical description of the marginal distribution functions is given in Table 1. In this paper, copula
drought risk model was adopted to study the combined scenarios of drought duration and severity under the
bivariate return periods of intra-seasonal scale and inter-seasonal scale. Additionally, 5 copula families were
employed to determine the appropriate one, and details can be seen in Table 2. The steps are as follows. First,
the marginal distribution functions of drought duration and severity were calculated separately. Second, the
parameters of the marginal distribution functions were assessed using the maximum likelihood estimation, and
the univariate distributions were �tted respectively. Finally, the joint distribution functions were tested using the
root mean square error (RMSE), the Akaike information criterion (AIC) and the Bayesian Information Criterion
(BIC). The smaller the RMSE, AIC and BIC values, the better the function �t.

Table 1

Summary mathematical description of the probability distribution functions
Name Mathematical description of PDF parameter

Birnbam
saunders 1

√2π exp −
√x/ β−√β/ x 2

2α2
√x/ β+√β/ x

2αx

for x > 0,
β > 0, α > 0

Exponential y = 1
μe

−x
μ μ > 0

Generalized
extreme
value y = (

1
σ)exp − 1 + κx − μ

σ

−1
κ 1 + κ(x − μ)

σ
−1− 1

κ

 for 1 + κ(x − μ)
σ > 0

κ ≠ 0

Generalized
pareto y = ( 1

σ ) 1 + κ x−θ
σ

−1− 1
κ

κ > 0, θ < 0; κ < 0,
θ < x < θ − σ/k

Inverse
gaussian λ

2πx3exp −
λ

2μ2x(x − μ)2
μ > 0, λ > 0

Lognormal
y =

1
xσ√2π exp

− ( logt−μ) 2

2σ2

−∞ < μ < ∞, σ ⩾ 0

4. Results

4.1. Prediction of meteorological drought risk
(1) Selection of the optimal marginal distribution

Drought duration and severity are the main features characterizing drought events, and they are extracted form
SPI based on the run theory. To obtain the suitable marginal distribution function for drought, distribution

{ ( ) }{ ( )}

[ ( ) ] ( )

( )
√ [ ]

[ ]
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functions, such as exponential distribution, lognormal distribution and gamma distribution, were employed to
�t drought duration and severity in both RCP4.5 and RCP8.5 scenarios. Finally, the marginal distributions with
the goodness of �t (GOF) were selected based on the minimum AIC and BIC, and the results are shown in Table
3. The four �tting functions for the duration of meteorological drought under PJB4.5, PJB4.5, PJB8.5 and
PJJ8.5 scenarios were generalized extreme value, inverse gaussian, inverse gaussian, and generalized pareto,
respectively, while the �tting functions for drought severity were all exponential, and the parameters of each
distribution function can be observed in Table 3. Besides, the Kendall's rank correlation coe�cient and
Spearman's rank correlation coe�cient were also adopted to test the correlation between drought duration and
severity before establishing the joint distribution function. As shown in Table 3, the Kendall's rank correlation
coe�cients were all above 0.68, while the Spearman's rank correlation coe�cients were all greater than 0.8. The
correlation coe�cients all passed the signi�cance test of α = 0.05, suggesting that drought duration and
severity were highly correlated. Consequently, the copula function can be employed to determine the joint
distribution function of drought duration and severity in the WRB.

Table 2

Summary of selected copula families and their mathematical description

Name Mathematical description Parameter
range

Normal-
copula

\int_{{ - \infty }}^{{{\emptyset ^{ - 1}}(\mu )}} {\int_{{ - \infty }}^{{{\emptyset ^{ -
1}}(\nu )}} {\frac{1}{{2\pi \sqrt {1 - {\theta ^2}} }}} } \exp \left( {\frac{{2\theta xy
- {x^2} - {y^2}}}{{2(1 - {\theta ^2})}}} \right)dxd{y^b}

\theta \in [ -
1,1]

t-copula \int_{{ - \infty }}^{{{\text{t}}_{{{\theta _2}}}^{{ - 1}}(\mu )}} {\int_{{ - \infty
}}^{{{\text{t}}_{{{\theta _2}}}^{{ - 1}}(\nu )}} {\frac{{\Gamma ((\theta +2)/2)}}
{{\Gamma ({\theta _2}/2)\pi {\theta _2}\sqrt {1 - {\theta _1}^{2}} }}
{{(1+\frac{{{x^2} - 2{\theta _1}xy+{y^2}}}{{{\theta _2}}})}^{({\theta _2}+2)/2}}} }
dxd{y^c}

{\theta _1} \in
[ - 1,1],{\theta
_2} \in
(0,\infty )

Clayton-
copula

\hbox{max} {({\mu ^{ - \theta }}+{\nu ^{ - \theta }} - 1,0)^{ - 1/\theta }} \theta \in
({\text{-1}},0)
\cup (0,\infty
)

Frank-
copula

- \frac{1}{\theta }\ln \left[ {1+\frac{{(exp( - \theta \mu ) - 1)(exp( - \theta \nu ) -
1)}}{{\exp ( - \theta ) - 1}}} \right]

\theta \in
({\text{-}}\infty
,0) \cup
(0,\infty )

Gumbel-
copula

\exp \left\{ { - {{\left[ {{{\left( { - \ln (\mu )} \right)}^\theta }+{{( - ln(\nu
))}^\theta }} \right]}^{1/\theta }}} \right\}

\theta \in
[1,\infty ]

(2) Selection of the optimal copula functions

Through the analysis of marginal distribution functions, the copula functions could be used to determine the
joint distribution of meteorological drought duration and severity in the basin. Therefore, �ve copula functions
were selected to determine the joint distribution functions of meteorological drought duration and severity. The
results are presented in Table 4. Although all copula functions showed good agreement in the formulation of
the joint distribution, the optimal copula functions for meteorological drought duration and drought severity
were selected based on the GOF, and the optimal copula for each scenario using bolded font. For the drought
duration and severity in the WRB, Gumbel-copula dominated in the selected optimal joint combinations, among
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which, the optimal joint distribution functions of PJB4.5, PJB8.5, and PJJ8.5 scenarios are all Gumbel-copula,
and the PJJ4.5 scenario is t-copula. The parameter estimates of the copula function are shown in Table 4.

Based on the copula selected from the GOF, the probabilities calculated based on the �tted distribution function
were used to plot the scatter plots of drought duration and drought severity in Figure 4. It can be seen from the
�gure that the high probability part of drought duration and drought severity is well �tted, and the joint
probability distribution values of the two go up with increasing drought duration and drought severity. This also
con�rms that the high probability of drought duration and that of drought severity move in the same direction,
while the low probability part is poorly �tted. There are two reasons behind this conclusion: 1) Limited time
series and insu�cient drought events; 2) The SPI index is calculated for monthly precipitation data and the
calculated drought durations are discrete in nature. Therefore, based on the above description, the best copula
function based on each scenario is used for meteorological drought risk probability prediction.

Table 3

Fit error of marginal distribution of meteorological drought duration and severity.

Scenario drought Optimal
distribution

Parameter AIC BIC Kendall Spearman
rank

rank

PJB4.5 duration generalized
extreme value

κ=4.46,
σ=0.16,μ=1.04

46.79 52.07 0.68** 0.81**

severity exponential μ=1.66 131.41 133.17

PJJ4.5 duration inverse gaussian μ=2.67, λ=4.38 154.91 158.43 0.75** 0.88**

severity exponential μ=1.66 131.62 133.38

PJB8.5 duration inverse gaussian μ=2.21, λ=4.72 148.53 152.27 0.7** 0.82**

severity exponential μ=1.48 135.55 137.43

PJJ8.5 duration generalized
pareto

κ=22.17,
σ=0.001,θ=1.00

103.51 107.71 0.68** 0.8**

severity exponential μ= 1.49 108.01 110.81

Note: Regarding the meaning of letters in PJB4.5 and SJJ8.5, P and S stand for precipitation and stream�ow,
respectively; JJ and JB stand for Jiaji Station and Jiabao Station, respectively; 4.5 and 8.5 stand for RCP4.5
and RCP8.5 scenarios, respectively. "**" indicates that the correlation coe�cient passed the test of α=0.05.

Table 4

Fit errors of copula functions for meteorological drought duration and severity



Page 11/32

Scenario Copula RMSE AIC BIC θ

PJB4.5 Clayton-copula 0.19 -304.17 -302.4  

Frank-copula 0.15 -322.4 -320.63  

Gumbel-copula 0.12 -341.49 -339.73 2.73

Normal-copula 0.12 -339.54 -337.78  

t-copula 0.12 -340.57 -337.05  

PJJ4.5 Clayton-copula 0.13 -336.43 -334.67  

Frank-copula 0.11 -347.43 -345.67  

Gumbel-copula 0.1 -359.75 -357.98  

Normal-copula 0.09 -363.5 -361.74  

t-copula 0.09 -365.42 -361.9 θ1=0.90, θ2=9.98

PJB8.5 Clayton-copula 0.13 -380.8 -378.93  

Frank-copula 0.1 -403.05 -401.18  

Gumbel-copula 0.09 -414.27 -412.39 2.21

Normal-copula 0.09 -411.51 -409.64  

t-copula 0.09 -414.6 -410.85  

PJJ8.5 Clayton-copula 0.2 -337.02 -335.15  

Frank-copula 0.15 -367.76 -365.89  

Gumbel-copula 0.09 -418.47 -416.6 2.38

Normal-copula 0.12 -387.57 -385.7  

t-copula 0.11 -395.06 -391.32  

Figure 4 is here

(3) Prediction of meteorological drought risk probability

After the marginal distribution function and the copula function were determined, the drought risk assessment
model was used to predict the intra- and inter-seasonal meteorological drought risk probabilities for the next 30
years (2021-2050). The drought risk probabilities for the two greenhouse gas (GHG) emission models can be
seen in Table 5. For meteorological drought risk, the probability of intra-seasonal drought occurrence under the
three scenarios of PJB4.5, PJJ4.5 and PJB8.5 was 60%-70%, which indicates that intra-seasonal meteorological
droughts are prone to occur in the WRB in the next 30 years. However, the risk of intra-seasonal drought for the
PJJ8.5 scenario is relatively small at 42.6%. By contrast, the risk of inter-seasonal droughts under the four
scenarios is relatively low, with a probability is about 30%, the PJB8.5 scenario with even small probability risk
of 16.76%. Therefore, the probability of intra-seasonal droughts in the WRB in the next 30 years is high,
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indicating that meteorological droughts are mostly short-term droughts. This is mainly determined by the
climate of the basin, which is in a tropical monsoon climate with uneven distribution of precipitation within the
year, with the rainy season (May-November) accounting for approximately 80% of the annual precipitation, so
the main types of drought in the WRB were short-term droughts such as winter droughts and winter-spring
droughts (Zhao et al., 2019). To better understand why short-term droughts are prone to occur in the WRB, six
statistical coe�cients were used for analysis herein, including nonuniformity coe�cient (Cn), complete
accommodation coe�cient (Cc), concentration degree (Cd), concentration period (Cp), relative variation range
(Cr), and absolute variation range (Ca). Please refer to (Lin et al., 2017) for detailed calculation steps about six
statistical coe�cients,. As shown in Table 6, the results of the uneven intra-annual distribution of precipitation
are consistent with the risk of intra-seasonal meteorological drought, demonstrating that short-term droughts
tend to hit the WRB.

Table 5
Probabilistic prediction of intra-seasonal and inter-seasonal meteorological drought risk

Scenario PJB4.5 PJJ4.5 PJB8.5 PJJ8.5

Intra-seasonal 62.85 65.54 66.78 42.62

Inter-seasonal 27.25 27.56 16.76 32.78

 
Table 6

Intra-annual variation of precipitation in WRB

Scenario Cn Cc Cp Cd Cr Ca

PJB45 0.72 0.32 0.37 0.49 15.06 359.72

PJJ45 0.70 0.31 0.30 0.48 14.71 345.04

PJB85 0.66 0.30 0.41 0.46 13.83 316.22

PJJ85 0.65 0.29 0.33 0.45 13.11 289.87

4.2. Hydrological drought risk prediction

4.2.1. Prediction of LULC in the WRB
In this paper, we used the CA-Markov module in IDRISI software to simulate and predict the LULC following the
principle of equal time interval, and simulated the LULC maps of 2000 to simulate those 1980 and 1990 to
simulate. By taking 1990 as the base year and according to the land use transition matrix and land use
suitability maps of 1980-1990 (similar to the land use over the past decade), we used the CA-Markov module to
simulate the LULC maps of 2000, and compared and analyzed the similarity between the measured and
simulated land use maps of the WRB in 2000 with the Crosstab module in IDRISI. The Kappa coe�cient was
0.9. Similarly, the LULC maps of 1990 and 2000 were used to predict those of 2010 whose validated Kappa
coe�cient was 0.91. The results demonstrate that the Kappa coe�cients of the predicted and measured maps
for both periods are greater than 0.8. Additionally, the simulation results are presented in Figure 5, suggesting
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that the simulation results are highly reliable, so the CA- Markov model can be adopted for prediction and
simulation of land use in the WRB.

Therefore, by using the above validated CA-Markov prediction and simulation program and regarding 2015 as
the start year, the land use transition matrix and suitability map was calculated in light of the historical land use
maps of 1980, 1990 and 2000, respectively. Meanwhile, 15, 25 and 35 CA iterations were selected accordingly
to predict the projected land use maps for 2030, 2040 and 2050 (shown in Figure 6). The overall spatial
distribution of land use in 2030, 2040 and 2050 is basically the same as that in 2015, but there are clear
changes in each land use type within them.

Figure 5 is here

Figure 6 is here

4.2.2. Calibration and validation of the SWAT model
In order to improve the accuracy of the model simulation for better understanding of the hydrological processes
in the WRB, two major hydrological stations were selected for calibration and validation. The monthly
stream�ow of the basin from 2000 to 2010 were simulated with monthly scale as the time step, and the year
2000 was regarded as the model warm-up period to minimize experimental errors. Beyond that, to create initial
conditions for model simulation, the years 2001-2005 were regarded as the model calibration period and 2006-
2010 as the model validation period. The sensitivity analysis of the SWAT model parameters is presented in
Table 7. The simulation and observation results of the SWAT model are shown in Figure 7. The measured
stream�ow, simulated stream�ow and precipitation process of each month in the calibration and validation
periods are relatively consistent, and the simulation results of the two hydrological stations have achieved
satisfactory results. The R2 values of Jiabao Station were 0.79 and 0.94 for the calibration and validation
periods, respectively (Table 8), and the Ens coe�cients were 0.67 and 0.81, respectively. Regarding Jiaji Station,
the R2 values and Ens coe�cients were 0.83 and 0.60 for the calibration period, and 0.93 and 0.86 for the
validation period, respectively. In general, the stream�ow from the two hydrological stations met the
requirements during the calibration and validation periods. In addition, the SWAT model can better simulate the
hydrological processes affected by climate and land use changes in the WRB, and can be used to simulate and
analyze the hydrological drought conditions in the WRB.

Table 7

Sensitivity parameters of the SWAT model
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Parameter
Name

Parameter de�nition Calibrate
method

Calibrate
value

Order

CN2 The SCS curve number R -0.4817 1

ALPHA_BF Base �ow alpha factor (days) V 1.4089 2

ESCO Soil evaporation compensation factor V 11.7706 3

GW_DELAY Groundwater delay (days) V 0.1927 4

GWQMN Threshold depth of water in shallow aquifer required for
return �ow to occur (mm)

V 0.1276 5

SOL_AWC Available water capacity of the soil V 0.8681 6

GW_REVAP Groundwater re-evaporation coe�cient R -0.0527 7

Table 8

Calibration and validation results of stream�ow simulation using the SWAT model

Station Calibration Validation

R2 Ens R2 Ens

Jiabao station 0.79 0.67 0.94 0.81

Jiaji station 0.83 0.60 0.93 0.86

Figure 7 is here

4.2.3. Prediction of hydrological drought risk
(1) Selection of marginal distribution function

To obtain suitable marginal distribution of hydrological droughts characteristics, the SWAT model parameters
obtained from the calibration and validation periods were used to predict future stream�ow under RCP4.5 and
RCP8.5 scenarios. In the next step, the hydrological drought index was calculated; the hydrological drought
duration and drought severity were extracted by the run theory; and distribution functions (eg. exponential,
lognormal, and gamma distributions) were used to �t the hydrological drought duration and drought severity.
Marginal distribution with GOF was selected based on the minimum AIC and BIC, and the results are shown in
Table 9. The �tting functions of hydrological drought duration and drought severity distribution under RCP4.5
and RCP8.5 scenarios are also presented in Table 9.

Table 9

Fit error of marginal distribution of hydrological drought duration and severity.
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Scenario drought Optimal
distribution

Parameter AIC BIC Kendall
rank

Spearman

rank

SJB45 duration generalized
extreme value

κ=-0.22, σ=3.36,
θ=1.00

137.51 142 0.78** 0.92**

severity lognormal μ=-0.01, σ=1.34 115.19 118.18

SJJ45 duration generalized
extreme value

κ=5.23, σ=2.25,
μ=1.43

103.51 107.71 0.8** 0.92**

severity birnbaum
saunders

β=1.00, α=1.64 108.01 110.81

SJB85 duration generalized
pareto

κ=0.11, σ=3.24,
θ=1.00

115.67 119.2 0.82** 0.93**

severity exponential μ=2.88 100.73 101.9

SJJ85 duration generalized
pareto

κ=24.23, σ=0.001,
θ=1.00

36.2 40.08 0.82** 0.95**

severity generalized
pareto

κ=1.96,
σ=0.27,θ=0.001

95.61 99.5

Note: "**" indicates that the correlation coe�cient passed the test of α=0.05
(2) Selection of the optimal copula functions

The analysis of marginal distribution functions demonstrated that the copula functions could be used to
determine the joint distribution of hydrological drought duration and severity in the basin, and the results are
presented in Table 10. The optimal copula functions selected by GOF of each scenario were used to predict the
probability of drought risk, and the probability distribution between hydrological drought duration and drought
severity in WRB was plotted in Figure 8. It can be observed from the �gure that the high probability part of
hydrological drought duration and drought severity is well �tted, and the joint probability distribution values
also show an increasing trend as drought duration and drought severity increase. By contrast, the low
probability part is poorly �tted, resulting from the limited time series and the discrete durations of drought. A
number of studies have also stressed the importance of joint probability, because joint probability is an
important guide for the assessment of water resources systems and offers great values for drought risk
assessment (Ayantobo et al., 2021; Shiau, 2006).

Table 10

Fit errors of copula functions for drought duration and severity



Page 16/32

Scenario Copula RMSE AIC BIC θ

SJB45 Clayton-copula 0.09 -273.97 -272.47  

Frank-copula 0.06 -303.19 -301.69 12.83

Gumbel-copula 0.06 -297.97 -296.48  

Normal-copula 0.06 -296.74 -295.24  

t-copula 0.06 -294.66 -291.67  

SJJ45 Clayton-copula 0.19 -304.17 -302.4  

Frank-copula 0.15 -322.4 -320.63  

Gumbel-copula 0.12 -341.49 -339.73 3.36

Normal-copula 0.12 -339.54 -337.78  

t-copula 0.12 -340.57 -337.05  

SJB85 Clayton-copula 0.09 -191.74 -190.56  

Frank-copula 0.07 -199.45 -198.27  

Gumbel-copula 0.06 -205.56 -204.38  

Normal-copula 0.06 -205.66 -204.48 0.92

t-copula 0.06 -203.6 -201.24  

SJJ85 Clayton-copula 0.06 -242.75 -241.45  

Frank-copula 0.06 -243.31 -242.01  

Gumbel-copula 0.06 -238.51 -237.21  

Normal-copula 0.06 -243.39 -242.09 0.9

t-copula 0.06 -241.35 -238.76  

Figure 8 is here

(3) Prediction of hydrological drought risk probability

After the marginal distribution function and copula function were determined, the drought risk assessment
model was employed to project the probabilities of intra-seasonal and inter-seasonal drought risk for the next
30 years (2021-2050). Table 11 demonstrates the probabilities of drought risk for the two GHG emission
models. For hydrological drought, the probability of intra-seasonal hydrological drought risk is 35%-60%, and
that of inter-seasonal hydrological drought risk is 30%-50%. As a whole, the probability of intra-seasonal
drought in the WRB is high in the coming 30 years, but the risk of inter-seasonal drought is greater for
hydrologic drought than for meteorological drought. Among them, except for the inter-seasonal RCP 4.5
scenario, the probability of hydrological drought in the upstream is greater than that of hydrological drought in
the downstream, indicating that the upstream basin is more susceptible to hydrological drought. Interestingly,
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the probability of intra-seasonal meteorological droughts is greater than that of intra-seasonal hydrological
droughts, while that of inter-seasonal droughts is smaller than inter-seasonal hydrological droughts (except for
the SJB85 scenario). This indicates that meteorological droughts tend to be intra-seasonal, while hydrological
droughts tend to be inter-seasonal in the WRB in the next three decades. In other words, meteorological
droughts are mostly short-term droughts, while hydrological droughts are likely to be both short-term and long-
term droughts.

Table 11

Probabilistic prediction of intra-seasonal and inter-seasonal
hydrological drought risk

Scenario Copula RMSE AIC BIC θ

SJB45 Clayton-copula 0.09 -273.97 -272.47  

Frank-copula 0.06 -303.19 -301.69 12.83

Gumbel-copula 0.06 -297.97 -296.48  

Normal-copula 0.06 -296.74 -295.24  

t-copula 0.06 -294.66 -291.67  

SJJ45 Clayton-copula 0.19 -304.17 -302.4  

Frank-copula 0.15 -322.4 -320.63  

Gumbel-copula 0.12 -341.49 -339.73 3.36

Normal-copula 0.12 -339.54 -337.78  

t-copula 0.12 -340.57 -337.05  

SJB85 Clayton-copula 0.09 -191.74 -190.56  

Frank-copula 0.07 -199.45 -198.27  

Gumbel-copula 0.06 -205.56 -204.38  

Normal-copula 0.06 -205.66 -204.48 0.92

t-copula 0.06 -203.6 -201.24  

SJJ85 Clayton-copula 0.06 -242.75 -241.45  

Frank-copula 0.06 -243.31 -242.01  

Gumbel-copula 0.06 -238.51 -237.21  

Normal-copula 0.06 -243.39 -242.09 0.9

t-copula 0.06 -241.35 -238.76  

In general, precipitation, as a basic meteorological variable of the water circulation and hydrological processes,
may lead to water shortages in rivers, lakes and reservoirs, and consequently to hydrological droughts. In
addition to climatic factors, the impact of human activities, which change the underlying surface, on
hydrological processes cannot be overlooked. Land use changes directly re�ect the impact of human activities
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on hydrological processes, and indirectly affect the occurrence of droughts. The analysis hydrological droughts
risk shows that hydrological droughts occur more frequently in the upstream than in the downstream. Besides,
the in�uence of underlying surface on hydrological droughts cannot be ignored, despite the extremely heavy
in�uence of meteorological droughts on hydrological droughts. The slope may affect the propagation of
drought (Xu et al., 2019; Yang et al., 2017). The upstream area is at high altitudes and mostly located at the
slope of mountainous and hilly areas. Under the same circumstances, the greater the slope, the faster the �ow
rate, and the uneven distribution within the year in this area easily causes seasonal droughts. Additionally, the
land use map of Figure 5 and Figure 6 shows that the underlying surface of the upstream area is mainly
covered with woodlands and orchard. For one thing, the woodlands in the upstream basin include tropical
rainforests, rubber plantations and other commercial forests. These vegetations are broad-leaved forests, which
also makes the study area unique in respect of geographical and ecological vulnerability. The
evapotranspiration of broad-leaved forests is higher owing to the homogeneous structure of rubber plantations
as well as the large space and strong winds between trees. The literature also indicates that the
evapotranspiration of forests is higher than that of grassland and cropland (Sterling et al., 2012; Xu et al.,
2019). In the meantime, forest land can alter local microtopography and change the in�ltration rate of water
�owing into the soil and slow down or maintain stream�ow, thereby increasing droughts (Chang et al., 2015).
For another, fruits and cash crops grown in orchard, which are the main economic income of the region, and
these tropical cash crops require su�cient water for irrigation. Further, agricultural activities need lots of water
from rivers, and thus lead to drought. Following the principle of water balance, drought also occurs in case of
constant precipitation and greater evaporation (Barker et al., 2016). Therefore, the probability of hydrological
drought is greater in the upstream than in the downstream.

5. Discussion

5.1 Intra-seasonal and inter-seasonal droughts
The analysis of meteorological and hydrological droughts risk suggests that the probability of intra-seasonal
meteorological droughts is greater than that of intra-seasonal hydrological droughts, but the probability of inter-
seasonal hydrological droughts is greater than that of inter-seasonal meteorological droughts. What are the
reasons behind such results? The probability of intra-seasonal meteorological droughts is greater than that of
inter-seasonal ones, so the meteorological droughts in the WRB are short-term droughts. The copula joint
distribution map of hydrological drought indicates that the droughts in this basin are dominated by drought
severity, and that multiple discontinuous short-term meteorological drought events can be connected into one
long-duration hydrological drought event. On top of that, the drought characteristics of the WRB were further
analyzed by violin plot, which is a combination of box plot and kernel density plot. The box plot shows the
location of quantiles, while the violin plot shows the density at any location. Therefore, we can know which
locations have a higher density via the violin plot. As shown in Figure 9, the violin plot illustrates that
meteorological droughts are mostly short-term droughts, whereas hydrological droughts are largely medium-
and long-term droughts.

In general, hydrological droughts develop slowly and over a long period of time, and for some reasons, such as
temporary precipitation, the severity of meteorological droughts is higher than the truncation level and they
terminate early (Wu et al., 2017). Nonetheless, hydrological drought does not stop because its severity is still
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below the truncation level. As a result, the duration of hydrological drought is longer than that of meteorological
drought, which explains why meteorological drought is intra-seasonal, while hydrological drought is inter-
seasonal in the WRB. This conclusion is consistent with the �ndings of literature review that meteorological
droughts have a higher frequency and a shorter duration than those of hydrological droughts (Wu et al., 2017;
Xu et al., 2019; Zhou et al., 2021). Consequently, according to the characteristics of meteorological and
hydrological droughts in the WRB, corresponding measures (such as reservoir regulation, etc.) are developed to
mitigate the effects of meteorological and hydrological droughts on the local ecological environment.

Figure 9 is here

5.2 Relationship between meteorological and hydrological
droughts
XWT was employed for a more detailed analysis of the relationship between hydrological and meteorological
droughts. Figure 10 shows the XWT between monthly SSI and SPI. In order to reduce the boundary effect of
wavelet transform and high-frequency interference information, the �gure used the thin solid line as the
boundary of the cone of in�uence (COI), which is the effective spectral region, while the black thick line in the
region is the signi�cance level of 95%. Besides, the arrow represents the phase difference. To be speci�c, the
rightwards arrow indicates that the two time series are in phase, whereas the leftwards arrow indicates that the
two time series are out of phase; the upward arrow indicates that the hydrological drought precedes the
meteorological one, whereas the downward arrow indicates that the hydrological drought lags behind the
meteorological one. In the meantime, the bigger the wavelet transform coe�cient, the higher the correlation,
and the colored bar on the right denotes wavelet energy. As shown in Figure 10a, the phase angle relationship
illustrates that the arrows mostly point to the right, suggesting that SSI and SPI are signi�cantly and positively
correlated on the timescale. Figure 10a-d shows the cross wavelet energy spectrum of monthly SSI and SPI
series for each scenario, and that SSI and SPI are closely related in each scenario. As can be observed in Figure
10a, the signi�cant resonance periods of SPI and SSI are 8-16 (2022-2028), 13-16 (2032-2037), 14-18 (2038-
2042), and 6-18 (2045-2048), and most of the phase angles are on the bottom right in these time periods,
suggesting that SSI lags behind the change of SPI during these time periods. In a nutshell, SPI strongly
in�uences SSI with a signi�cant positive correlation. In the same vein, the resonant frequency phase
characteristics of meteorological and hydrological droughts for the other three scenarios can be obtained. On
top of that, Figures 10a and 10b, and Figures 10c and 10d are highly similar. Figures 10a and 10b are RCP 4.5,
while Figures 10c and 10d are RCP 8.5, so they share strong similarity. From the con�dence region in the
�gures, it can be noted that meteorological drought has a strong phase relationship with hydrological drought,
suggesting that the former exerts an extremely strong in�uence on the latter. Overall, the cyclical characteristics
of meteorological and hydrological droughts play a leading role in those of hydrological drought.

Hydrological drought is the continuation and development of meteorological drought, so its evolutionary
characteristics are closely associated with meteorological drought. Hence, PT from meteorological to
hydrological drought can enhance the understanding of the relationship between meteorological and
hydrological droughts and offer reference for the early warning of hydrological drought in the Wanquan River.
Additionally, because of the multi-timescale characteristics of drought, a single timescale cannot accurately
describe the propagation properties from meteorological drought to hydrological drought. In this paper,
therefore, the maximum correlation coe�cient between hydrological droughts at different timescales and
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meteorological droughts at multiple timescales was examined by PCC to obtain the PT from meteorological
drought to hydrological drought (Wu et al., 2018; Wu et al., 2021; Zhou et al., 2021). Figures 11(a)-(d)
demonstrate the PCCs between hydrological droughts at a single timescale (1-month, 3-month, or 12-month)
and meteorological droughts at different timescales (1-month to 24-month) under different scenarios. For
JB4.5 and JJ4.5, the SSI at the 1-month timescale is best correlated with the SPI at the 3-month timescale; the
SSI at the 3-month timescale is best correlated with the SPI at the 5-month timescale; and the SSI at the 12-
month timescale is best correlated with the SPI at the 12-month timescale. The lag time of hydrological drought
in this scenario was obtained from correlation analysis as follows: about 2-3 months for the 1-month timescale,
2-3 months for the 3-month timescale, and 1 month for the 12-month timescale. Similarly, for JB8.5 and JJ8.5,
the SSI for the 1-month timescale is best correlated with the SPI for the 2-month timescale; the SSI for the 3-
month time scale is best correlated with the SPI for the 4-month timescale; and the SSI for the 12-month time
scale is best correlated with the SPI for the 12-month timescale. Therefore, the lag time is as follows: about 1-2
months for the 1-month timescale, 1-2 months for the 3-month timescale, and 1 month for the 12-month
timescale. The correlations of time lags between SSI and SPI for upstream and downstream parts are relatively
consistent across the four scenarios, which re�ects the consistency of response thresholds of hydrological
droughts to meteorological droughts in the same climate regions. It is noteworthy that the response thresholds
of hydrological droughts to meteorological droughts are different in the two different RCP scenarios. In
addition, it can also be observed from Figure 11 that the correlation coe�cients between hydrological and
meteorological droughts are larger in the RCP45 scenario than in the RCP85 scenario, and that the response
thresholds of hydrological droughts to meteorological droughts are higher in the RCP45 scenario than in the
RCP85 scenario, which is ascribed to the differences between the two climate models. Compared to the RCP45
scenario, the RCP85 scenario is the baseline scenario without interventions from climate change policy, a
scenario where human activities contribute to a maximum GHG concentration. In the meantime, the frequency
and intensity of extreme weather events increase, and changes in temperature and precipitation alter the
process of hydrological cycle and thus that of drought propagation (Xu et al., 2015; Yang et al., 2018).
Therefore, the response threshold of hydrological droughts to meteorological droughts is higher in the RCP45
scenario than in the RCP85 scenario. As a whole, the results of XWT and correlation analysis indicate that there
is a stable relationship between meteorological and hydrological drought in the WRB, and determining the
reasonableness of the PT from hydrological to meteorological drought is of great value for detection and early
warning of future regional drought.

Figure 10 is here

Figure 11 is here

6. Conclusions
Prediction of meteorological and hydrological drought risk is of vital importance as it is a basis for early
warning of drought and helps to develop effective measures to minimize the damage from future droughts. In
this study, the daily precipitation and daily maximum and minimum temperatures of RCP4.5 and RCP8.5
scenarios for 2021-2050 were extracted based on the NEX-GDDP. Besides, a CA-Markov model was applied to
simulate and predict future land use changes in the WRB. Furthermore, based on the future climate scenarios
and land use, the SWAT model was employed to simulate future stream�ow, and the copula function was used
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to predict meteorological and hydrological droughts risk of intra-season and inter-season in the basin. Finally,
the relationship between meteorological and hydrological drought was analyzed. The results are as follow:

(1) The CA-Markov model can better simulate LULC maps for 2000 and 2010, so the future LULC maps for
2030, 2040 and 2050 could be predicted based on the validated CA-Markov model, comparing with land use in
2015, land use in 2030, 2040 and 2050 is basically the same in overall spatial distribution, but there are
obvious changes in each land use type within them. (2) The simulation results of the SWAT model were more
desirable through calibration and validation of two hydrological stations, so future stream�ow can be predicted
based on the parameters of the validated SWAT model. (3) Subsequently, SPI and SSI were calculated based on
the input and output data of SWAT, and the run theory was adopted to extract the drought characteristics and �t
the marginal distribution for drought duration and severity. The correlation coe�cients of both drought duration
and severity are greater than 0.68, suggesting that they are well correlated and can be used to construct binary
copula functions. Meanwhile, the GOF for copulas performed well for each scenario in this basin. (4) The WRB
is prone to intra-seasonal meteorological droughts in the next 30 years (2021-2050) with a probability of
40%-70%, whereas the probability of inter-seasonal hydrological drought is smaller. Furthermore, the risk of
inter-seasonal hydrological droughts in this basin is higher (30%-50%) than that of meteorological drought.
Besides, the risk of hydrological drought is higher in the upstream than in the downstream. The upstream area
is mostly located in mountainous and hilly areas, and is endowed with abundant tropical rainforests and rubber
plantations, so it has distinctive geographical and ecological vulnerability, and hydrological drought lags
behind meteorological drought in this area. For these reasons, relevant departments should adopt appropriate
measures to prevent drought hazards.
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Figure 1

Location of the WRB and spatial distribution of hydrological and meteorological station

Figure 2

Flow chart of this study
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Figure 3

Sub-watersheds delineated by the SWAT model
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Figure 4

Probabilistic contours of correlation between meteorological drought duration and severity
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Figure 5

Simulated land use maps of 2000 and 2010



Page 29/32

Figure 6

Projected spatial distribution map of LULC in 2030, 2040 and 2050 in the WRB
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Figure 7

Comparison of precipitation, stream�ow and simulated stream�ow for two stations during the calibration and
validation periods

Figure 8

Probabilistic contours of correlation between hydrological drought duration and severity

Figure 9

Drought characteristics (drought duration and severity)
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Figure 10

XWT between the monthly SSI and SPI series at different scales in different scenarios (a: JB45, b: JJ45, c:
JB85, d: JJ85)
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Figure 11

Correlation between SSI at a single timescale and SPI at different timescales in different scenarios (a: JB45, b:
JJ45, c: JB85, d: JJ85)


