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Abstract
The frequency and intensity of extreme hydrological events (droughts and floods) have been increasing over the past few 
decades, which has been posing a threat to water security and agriculture production. Thus, projecting the future evolution 
of hydrological extremes plays a crucial role in sustainable water management and agriculture development in a changing 
climate. In this study, we develop the high-resolution projections of multidimensional drought characteristics and flood 
risks using the convection-permitting Weather Research and Forecasting (WRF) model with the horizontal grid spacing of 
4 km for the Blanco and Mission River basins over South Texas. Uncertainties in model parameters are addressed explicitly, 
thereby leading to probabilistic assessments of hydrological extremes. Our findings reveal that the probabilistic multivari-
ate assessments of drought and flood risks can reduce the underestimation and the biased conclusions generated from the 
univariate assessment. Furthermore, our findings disclose that future droughts are expected to become more severe over 
South Texas even though the frequency of the occurrence of droughts is projected to decrease, especially for the long-term 
drought episodes. In addition, South Texas region is expected to experience more floods with an increasing river discharge. 
Moreover, the Blanco and Mission river basins will suffer from higher flood risks as flood return periods are expected to 
become longer under climate change.
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1 Introduction

Extreme hydrological events (droughts and floods) have 
been one of the most dangerous and expensive natural dis-
asters associated with climate change and human activi-
ties, which can cause significant losses, especially in water 
resources, agriculture, environment, and social economy 
(Raziel et al. 2009; Mishra and Singh 2010; Xiao et al. 2016; 

Zuo et al. 2016; Li et al. 2019; Chen et al. 2020). During the 
past few decades, hydrological extremes have become more 
intense and frequent around the world in a changing climate, 
which has been receiving great attention from the hydrocli-
mate community (Parry et al. 2007). Hence, assessing the 
dynamic evolution of hydrological extremes is necessary to 
mitigate extreme hazards, which plays a crucial role in water 
resources systems planning and agriculture development.

Numerous studies have been conducted to develop tech-
niques for assessing droughts and floods over the past dec-
ades (De Michele et al. 2005; Chebana et al. 2009; Tabari 
et al. 2013; Waseem et al. 2016; Miah et al. 2017; Carvalho 
and Wang 2019). As for the drought assessment, drought 
indices are widely used as an effective means to detect and 
to analyze droughts. Generally, standardized precipitation 
index (SPI) and standardized precipitation evapotranspi-
ration index (SPEI) are used to represent meteorological 
droughts (Lloyd-Hughes and Saunders 2002; Vicente-
Serrano et al. 2011). Standardized runoff index (SRI) and 
streamflow drought index (SDI) are used to characterize 
hydrological drought hazards (Shukla and Wood 2008; 
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Nalbantis and Tsakiris 2009). And agricultural drought 
analysis relies on standardized soil moisture index (SSI) 
(Vicente-Serrano et al. 2011). To assess flood events, a 
variety of probability distributions, including normal (Goel 
et al. 1998), lognormal (Yue 2000), exponential (Favre et al. 
2004), gamma (Yue 2001), and extreme value distributions 
(Adamson et al. 1999), are commonly used to model flood 
characteristics.

Drought is a multivariate phenomenon related to a series 
of complex and interactive hydroclimatic variables (e.g., pre-
cipitation, temperature, and runoff). When a single index is 
used to characterize drought events, potential interrelation-
ships of drought variables can be neglected, thereby result-
ing in erroneous or biased conclusions about the occurrence 
and severity of drought events (Mishra and Singh 2010; Hao 
and AghaKouchak 2013; Hao and Singh 2015; Flint et al. 
2018; Chen et al. 2019; Zhang et al. 2019). In addition, flood 
is often characterized by peak (P), volume (V) and duration 
(D). And these flood variables are actually correlated with 
each other. Thus, multivariate analysis techniques have been 
attracting increasing attention for improving the robustness 
and reliability of drought and flood risk assessments.

Copulas are being widely used in multivariate analysis 
of hydrological extremes, which is recognized as a pow-
erful means to characterize droughts and floods through 
constructing a multivariate distribution based on multiple 
univariate distributions (De Michele and Sal-vadori 2003; 
Favre et al. 2004; Genest and Favre 2007; Kao and Govin-
daraju 2010; Hao and AghaKouchak 2013; Salvadori and De 
Michele 2015; Cheraghalizadeh et al. 2018). Nevertheless, 
little effort has been made to improve the estimation of cop-
ula parameters. Since local optimization methods often get 
trapped in local minima for estimating copula parameters, 
the derived copulas are often biased (Kwon and Lall 2016). 
In addition, the other factors, such as short data records, can 
bring parameter uncertainty in copulas (Sadegh et al. 2017). 
It is thus necessary to increase the reliability of multivariate 
assessments of droughts and floods by improving copula 
construction.

In addition to examining drought and flood episodes 
in the past, it is vital to project future changes of drought 
and flood characteristics in a changing climate. Project-
ing drought and flood evolutions plays a key role in hazard 
mitigation and adaptation (Song et al. 2015; Zhang et al. 
2015; Hao et al. 2017). Future hydroclimatic information 
is often obtained using general circulation models (GCMs) 
or regional climate models (RCMs) (Sexton et al. 2001; 
Karri et al. 2018; Zhu et al. 2019; Wang and Zhu 2020). 
Nevertheless, both GCMs and RCMs can hardly represent 
the local-scale physical processes and spatial heterogeneity 
due to the relatively coarse spatial resolution. In addition, 
it is suggested that climate models with the use of convec-
tion parameterization schemes can cause large errors and 

uncertainties in climate simulations associated with convec-
tion processes (Lange et al. 2015; Prein et al. 2015). As 
a result, the convection-permitting climate modeling with 
high spatial resolution has been receiving great attention to 
explicitly resolve convection processes, which is a promising 
climate modeling technique for producing high-resolution 
and reliable climate information, especially for precipitation 
which is the most important factor affecting droughts and 
floods (Wagner et al. 2013; Kay et al. 2015). On the other 
hand, numerous studies have proved that the probabilistic 
hydrological prediction is superior to the deterministic pre-
diction due to various sources of uncertainty in hydrologi-
cal modeling (DeChant and Moradkhani 2015; Wang et al. 
2018; Wang and Wang 2019).

The aim of this study is to develop probabilistic projec-
tions of future changes in multivariate drought and flood 
characteristics through the convection-permitting Weather 
Research and Forecasting (WRF) modeling system. A sce-
nario-based hydrometeorological drought index (SHDI) will 
be developed to examine the joint effect of meteorological 
and hydrological droughts. In addition, the joint effect of 
flood peak and volume will be examined to assess flood 
risks. Model parameter uncertainties will also be addressed 
explicitly, leading to probabilistic projections of multivariate 
drought and flood characteristics. The probabilistic drought 
and flood projections will be conducted for the two major 
river basins in Texas of the United States. The Parame-
ter-elevation Regressions on Independent Slopes Model 
(PRISM) dataset will be used to verify the high-resolution 
WRF simulations. The Model Parameter Estimation Experi-
ment (MOPEX) dataset will be utilized to perform hydro-
logical simulations. The United States Geological Survey 
(USGS) gauging station data will also be used to calibrate 
and validate the hydrological model.

This paper is organized as follows. In Sect. 2, algorithms, 
model configurations, and datasets will be described. In 
Sect. 3, assessments of the copula-based SHDI, multivariate 
flood risks, as well as the convection-permitting WRF simu-
lation will be provided. In addition, a thorough discussion on 
uncertainty quantification of drought and flood assessments 
will be presented. In Sect. 4, conclusions and key findings 
will be drawn.

2  Algorithms, models and data sources

2.1  Univariate drought indices

In this study, two univariate drought indices including SPEI 
and SRI were jointly used to assess drought episodes across 
different temporal scales. SPEI is an index of meteorologi-
cal drought, which represents the climatic water balance. It 
is defined as the difference between monthly precipitation 
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and potential evapotranspiration (PET), and can be derived 
according to the computational procedure of SPI. As PET 
is calculated based on multiple variables including relative 
humidity, wind speed, solar radiation, and air temperature 
(Allen et al. 1998), a number of approaches have been devel-
oped to estimate PET. Among these, the Penman–Monteith 
approach has been widely used and has been adopted by the 
Food and Agriculture Organization of the United Nations 
(FAO) as the standard procedure of computing PET. The 
FAO-56 Penman–Monteith equation was applied to estimate 
PET based on climate information obtained from the con-
vection-permitting WRF simulation. Based on the simulated 
monthly precipitation and PET each year, their difference 
can be calculated using:

 where Pi,j is precipitation of the ith year and the jth month, 
and PETi,j is potential evapotranspiration of the ith year and 
the jth month.

According to Eq. (1), the SPEI value for each temporal 
scale can be calculated as follows:

where Xk i,j represents the SPEI value derived at temporal 
scale k. l is the lth month ( l ∈ [1, 180] ), and i0 is the initial 
year. SRI can be used to describe the hydrological drought 
based on the monthly runoff in a specific river basin. The 
SRI value can be calculated using the similar procedure of 
calculating SPI based on the streamflow time series (Shukla 
and Wood 2008).

2.2  Scenario‑based hydrometeorological drought 
index with uncertainty intervals

Due to the existence of potential interactions between 
drought characteristics, we propose a scenario-based hydro-
meteorological drought index (SHDI) that takes into account 
the joint effect of hydroclimatic variables including precipi-
tation, PET, and runoff. Such a hydrometeorological drought 
index is able to simultaneously characterize different types 
of droughts including meteorological (SPEI) and hydrologi-
cal droughts (SRI) as well as their interactions. Given that 
SPEI and SRI can be represented by X and Y, there exists a 
copula, C, that combines the two marginal distributions to 

(1)Di,j = Pi,j − PETi,j

(2)Dl = Di,j = (i − i0) × 12 + j,

(3)Xk
l
=

l∑

l−k+1

Dl,

(4)Xk
i,j
= Xk

l
i = i0 + int

[
l − 1

12

]
j = mod[(l − 1), 12] + 1.

generate the joint cumulative distribution function (CDF), 
P, as follows:

where C[F(X),G(Y)] is the bivariate copula function. F(X) 
and G(Y) are the marginal CDFs of X and Y, respectively. 
The SHDI value is then calculated by taking the inverse 
normal of p:

Specifically, to construct multivariate drought indices, 
the marginal distributions of P–PET which is the difference 
between precipitation (P) and potential evapotranspiration 
(PET) as well as runoff are constructed (Fig. 1a, b). A total 
of 16 types of probability distributions, including Birnbaum-
Saunders, Exponential, Extreme Value, Gamma, General-
ized Extreme Value (GEV), Generalized Pareto, Inverse 
Gaussian, Logistic, Loglogistic, Lognormal, Nakagami, 
Normal, Rayleigh, Rician, t Location-Scale, and Weibull 
were used to fit P–PET and runoff data. The optimal param-
eters for these probability distributions were estimated based 
on the statistical measure of AIC, BIC, and the AIC with a 
correction for finite sample sizes (AICc). The Frank, the 
Gumbel, and Clyaton copulas were selected for determin-
ing the joint probability distributions of P–PET and runoff 
since they were extensively used to analyze drought char-
acteristics (Kao and Govindaraju 2008; Kavianpour et al. 
2018; Chen et al. 2019). The MCMC algorithm was used 
to address uncertainty in copula parameters, thereby lead-
ing to a scenario-based hydrometeorological drought index 
(SHDI) with probability isolines. The range of uncertainty 
in the probability isolines reflects the underlying uncertainty 
in the dependence structure of P–PET and runoff (Fig. 1c), 
which uncovers the potential risk in the joint assessment 
of drought episodes. The AIC, BIC, AICc, and maximum 
likelihood were calculated to choose the optimal copula. The 
root mean square error (RMSE) and the Nash–Sutcliffe effi-
ciency (NSE) were also used to evaluate the performance of 
different copula families.

The SHDI with uncertainty intervals can be used to 
provide reliable and robust assessments of drought char-
acteristics in terms of severity, duration, and intensity. The 
upper and lower bounds of uncertainty intervals represent 
the best- and the worst-case scenarios of a drought event, 
respectively (see Fig. S1 of the supplementary informa-
tion). For the best-case drought scenario (− 0.8 was the 
threshold used to detect droughts), the area between the 
threshold of − 0.8 and the upper bound of uncertainty 
intervals represent the severity of droughts. For the 
worst-case drought scenario, the area between the thresh-
old of − 0.8 and the lower bound of uncertainty intervals 
represents the drought severity. It shows that the drought 

(5)P(X ≤ x, Y ≤ y) = C[F(X),G(Y)] = p,

(6)SHDI = �−1(p).
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duration of the worst-case scenario is much longer than the 
best-case scenario. Meanwhile, the drought onset of the 
worst-case scenario is much earlier than the best-case sce-
nario. This amplification of drought severity and drought 
duration by the SHDI with uncertainty intervals plays an 
important role in drought risk assessments and develop-
ment of adaptation strategies.

In addition, the proposed SHDI is able to reduce the 
underestimation of drought risks and biased conclusions 
on drought episodes due to the use of univariate drought 
indices. For example, a given threshold of − 0.8 is used to 
identify a drought event (see Fig. S1 of the supplementary 
information). It can be seen that a drought event can be 
identified using SPEI with a value smaller than − 0.8 but 
cannot be determined by SRI. By contrast, SHDI captures 
the drought event, and the drought onset is earlier than 
those identified by SPEI and SRI under the worst-case sce-
nario, explicitly uncovering the potential risk of assessing 
droughts by univariate indices. Thus, it is essential to pay 
close attention to interrelationships of different types of 
drought events and potential uncertainties in the depend-
ence structure so as to gain a robust and reliable assess-
ment of drought hazards.

2.3  Probabilistic flood risk assessment

The Peaks over Threshold (POT) approach was used in this 
study to sample flood events. The selection of the threshold u 
in the POT model is a prerequisite for the accurate estimation 
of parameters β and ζ, and it is essential to the effectiveness 
of the POT model. If the threshold is selected too high, the 
sample data used for analysis is too small, thereby resulting 
in unreliable results; if the threshold is selected too low, a sig-
nificant bias can be caused due to the relatively low variance 
even though there is more data for analysis. To choose the 
optimal threshold, the hill plot combined with the exponential 
regression model was conducted. Hk,n is a hill estimate for its 
extreme index, and the exponential regression model based on 
the hill estimation is shown as Eq. (8).

(7)Hk,n =
1

k

k∑

j=1

j(logXn−j+1,n − logXn−j,n), 1 ≤ k ≤ n − 1

(8)

j(logXn−j+1,n − logXn−j,n) =

(
� + bn,k(

j

k + 1
)−p

)
fj, 1 ≤ j ≤ k

Fig. 1  a, b Comparison between 
the theoretical CDFs and the 
empirical CDFs of P–PET and 
runoff. c SHDI with probability 
isolines
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 where X1,X2, ⋅ ⋅ ⋅,Xn are independent and identically dis-
tributed positive random variables, and their order statistics 
are X1,n ≥ X2,n ≥ ⋅ ⋅ ⋅ ≥ Xn,n .  Constant γ  > 0, ρ  ≤ 0, 
bn,k = b(

n+1

k+1
), 1 ≤ k ≤ n − 1 , and bn,k is a positive ratio func-

tion. f1, f2, ⋅ ⋅ ⋅, fk is a series of random variables that are inde-
pendent of each other and follow a standard exponential 
distribution. A reasonable value of k is chosen according to 
the asymptotic mean square error (AMSE) minimum prin-
ciple of hill estimation. The AMSE of hill estimation and the 
optimal k value can be calculated by Eqs. (9) and (10):

u = Xn−k,n is the selected threshold. When the threshold of 
flood peak is selected, the corresponding hydrograph is used 
to determine the associated flood volume. The abrupt change 
points before and after the peak in each hydrograph are iden-
tified as the start and end of each flood event, respectively.

Based on the chosen flood peak and volume, the associ-
ated return period of each flood event can be derived through 
the constructed copula described in Sect. 2.2. Two widely 
used cases of flood return period are “AND” and “OR” 
cases. The OR return period  (TOR) refers to that at least one 
of flood peak (P) and volume (V) exceeds their respective 
thresholds, while the AND return period  (TAND) refers to 
that the two flood variables exceed their respective thresh-
olds simultaneously.  TOR and  TAND can be defined as Eqs. 
(11) and (12), respectively:

where C(FX(x),FY (y)) is the bivariate copula function.FX(x) 
and FY (y) are the marginal CDFs of X and Y, respectively. 
Due to the posterior distribution of copula parameters 
derived from the MCMC simulation, the return period is 
probabilistic with uncertainty intervals.

2.4  High‑resolution hydroclimatic modeling

The WRF model v3.7.1 was applied to simulate regional 
climate change over Texas. As shown in Fig. 2, the model 
domain covers a region of 1520 km × 1400 km (380 × 350 
grid points) and 51 vertical levels topped at 50 hPa, which 
has a horizontal resolution of 4 km. Such a high-resolution 

(9)AMSE(Hk,n) =

(
bn,k

1 − �

)2

+
�2

k

(10)

kn = argmin
k

AMSE(Hk,n) = argmin
k

((
bn,k

1 − �

)2

+
�2

k

)

(11)TOR =
1

P(X > x ∨ Y > y)
=

1

1 − C(FX(x),FY (y))

(12)

TAND =
1

P(X ≥ x ∧ Y ≥ y)
=

1

1 − FX(x) − FY (y) + C(FX(x),FY (y))

model enables the explicit simulation of convection with-
out the use of convection parameterization (Liu et  al. 
2011). The National Centers for Environmental Prediction 
(NCEP) Climate Forecast System Reanalysis (CFSR) that 
had a 0.5° × 0.5° spatial resolution was collected as the ini-
tial and lateral boundary conditions. The temporal resolu-
tion of model inputs and outputs were 6-h intervals. And 
model simulations were conducted over the 15-year period 
from January 1, 1981 through September 31, 1995. As for 
the experimental design, the model was configured with 
the Yonsei University planetary boundary layer scheme 
(Hong and Pan 1996), the Rapid Radiative Transfer Model 
(RRTMG) short-wave and long-wave radiation scheme 
(Iacono et al. 2008), the Thompson cloud microphysics 
scheme (Thompson et al. 2008), the Noah-MP land surface 
scheme (Niu et al. 2011; Yang et al. 2011), and the revised 
Monin–Obukhov surface layer scheme (Jiménez et al. 2012).

The high-resolution (4 km) future climate simulation was 
conducted over the period of 2085–2099, and the Pseudo-
Global Warming (PGW) technique was applied to perturb 
the initial and boundary conditions of temperature, humid-
ity, wind, soil temperature, geopotential fields, and sea level 
pressure (Liu et al. 2017). The climate perturbation was esti-
mated by a multi-model ensemble mean climate change sig-
nal, which contained historical simulations for 1976–2005 
and future projections for 2071–2100 under the Representa-
tive Concentration Pathway (RCP) 8.5 emission scenario, as 
shown in Eq. (13):

Fig. 2  Model domain with topography and the Blanco and the Mis-
sion River basins over South Texas. The red points represent the loca-
tion of USGS gauging stations with long-term precipitation, PET, and 
streamflow records
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A total of 15 CMIP5 GCMs were selected to produce the 
ensemble mean climate change signal in simulating the cli-
mate over North America (see Table S1 of the supplementary 
information). Based on the high-resolution projections of pre-
cipitation and PET through the WRF model, the hydrologi-
cal simulations using the Hymod were carried out to predict 
daily streamflow in the Blanco and the Mission River basins 
over Texas (Fig. 2). The Hymod has been widely used to pre-
dict streamflow in various river basins with different hydro-
climatic regimes around the world (Razavi and Gupta 2016; 
Abera et al. 2017; Roy et al. 2017). It operates based on a 
probability-distributed soil moisture storage capacity principle 
(Moore 1985). The distribution function of storage capacity 
is defined as:

All model parameters were initially given with an uncer-
tainty range as shown in Table S2 of the supplementary infor-
mation, and were calibrated against observations. The Markov 
chain Monte Carlo (MCMC) algorithm was used to address 
uncertainty in both hydrological model parameters and copula 
parameters. Such two layers of uncertainty lead to probabilistic 
projections of multivariate drought and flood characteristics. 
The MCMC algorithm is an effective tool used to estimate 
parameter densities by means of a Bayesian method, and the 
posterior distributions of model parameters can be inferred by 
recursively updating information in the prior parameter distri-
butions when new observations become available:

 where P(�) and P(𝜃||Ỹ ) represent prior and posterior 
distributions of model parameters, respectively, and 
P(Ỹ|𝜃 ) ≅ L(𝜃||Ỹ ) is the likelihood function. As P(Ỹ) can be 
treated as a normalization constant, Eq. (15) can be simpli-
fied as Eq. (16). In Eq. (16), L(𝜃||Ỹ ) denotes the likelihood 
function that quantifies the probability of the observation 
data and simulations. If the error residuals are uncorrelated, 
Gaussian-distributed, and homoscedastic, the likelihood 
function can be formulated as follow:

where �̃� denotes the estimated standard deviation of 
measurement error, ỹt is the observation at time t, and yt(�) 

(13)
WRFinput = CFSR +

(
CMIP52071−2100 − CMIP51976−2005

)
.

(14)F(C) = 1 −

(
1 −

C

Cmax

)bexp

0 ≤ C ≤ Cmax.

(15)P(𝜃||Ỹ ) =
P(𝜃)P(Ỹ|𝜃 )

P(Ỹ)
,

(16)P(𝜃||Ỹ ) ∝ P(𝜃)L(𝜃||Ỹ ),

(17)L(𝜃��Ỹ ) =

n�

t=1

1
√
2𝜋�̃�2

exp
�
−
1

2
�̃�−2

�
ỹt − yt(𝜃)

�2�
,

is the model simulation given parameter θ at time t. For 
algebraic simplicity and numerical stability, Eq. (17) can be 
transformed to:

When the prior distributions of model parameters and the 
likelihood function are determined, the posterior parameter 
distributions can be derived using the MCMC algorithm.

2.5  Data sources

The PRISM (Precipitation-elevation Regressions on Inde-
pendent Slops Model), developed by the Oregon State Uni-
versity’s PRISM Climate Group using the “terrain-aware” 
interpolation techniques, was used to verify the accuracy 
of historical WRF simulations over Texas. It estimates 
precipitation on a spatial grid of 4 × 4 km resolution. The 
PRISM precipitation data from January 1981 to December 
1995 were re-gridded to the 4-km domain for the purpose of 
comparison between simulated and observed data.

The MOPEX dataset was chosen to perform hydrologi-
cal predictions for the Blanco and the Mission River basins 
located in South Texas over the period of January 1981 to 
December 1995. The 15-year dataset was divided into two 
parts. The first 10-year observations (from January 1981 
to December 1990) were used to calibrate the hydrologi-
cal model, and the remaining 5-year data (from January 
1991 to December 1995) were used to validate hydrologic 
predictions. After model calibration and validation against 
observations, the hydrological model can be used to predict 
future streamflow regimes based on the projected precipita-
tion and PET from the WRF model. Projecting streamflow 
plays an important role in assessing the complex evolution 
of droughts in a changing climate.

3  Results and discussion

3.1  Performance of copula‑based SHDI in detecting 
droughts

In this study, we calculated P–PET and runoff across dif-
ferent timescales, and then fitted their corresponding prob-
ability density functions (PDFs). Different distributions were 
selected to fit the theoretical CDFs of P–PET and runoff, 
and then the statistical measures including AIC, BIC, AICc, 
and maximum likelihood were used to identify the optimal 
CDF (see Table S3 of the supplementary information). 
There is good agreement between the empirical CDFs and 
the theoretical CDFs, suggesting that the chosen distribution 

(18)

L(𝜃||Ỹ ) = −
n

2
ln(2𝜋) −

n

2
ln �̃�2 −

1

2
�̃�−2

n∑

t=1

[
ỹt − yt(𝜃)

]2
.
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functions are able to fit P–PET and runoff across all time-
scales (see Figs. S2 and S3 of the supplementary informa-
tion). To identify the optimal copula function, the three types 
of copula functions including Gumbel, Frank, and Clayton 
were compared against each other, and then the optimal cop-
ula function was selected based on NSE and RMSE. Table 1 
presents the assessment of different copula functions used to 
characterize the dependence between P–PET and runoff at 
different temporal scales. To improve the reliability of the 
dependence structure of copula, the MCMC algorithm was 
used to address uncertainties in model parameters. Figure 3 
depicts the marginal posterior distributions of copula param-
eters estimated for two river basins.

The copula-based SHDI was proposed to provide proba-
bilistic assessments of multivariate droughts. It combined 
SPEI (meteorological drought index) and SRI (hydrological 
drought index) into a joint drought index using copula func-
tions, which facilitates a thorough assessment of drought 
characteristics. Figure 4 compares the drought characteris-
tics identified by univariate (i.e. SPEI and SRI) and multi-
variate (i.e. SHDI) drought indices at the timescales of 3, 9, 
15 months for the Blanco and the Mission river basins. The 
changes of the SHDI values are similar to those of the SPEI 

Table 1  Assessment of copula functions

River Tem-
poral 
scale

Copula function RMSE NSE Best copula

Blanco 3 Clayton 0.4538 0.9825 Gumbel
Frank 0.4096 0.9858
Gumbel 0.3776 0.9879

9 Clayton 0.3146 0.9923 Gumbel
Frank 0.1936 0.9971
Gumbel 0.1811 0.9975

15 Clayton 0.2867 0.9942 Frank
Frank 0.1958 0.9973
Gumbel 0.2457 0.9958

Mission 3 Clayton 0.6373 0.9659 Frank
Frank 0.6275 0.9670
Gumbel 0.6578 0.9637

9 Clayton 0.2987 0.9930 Gumbel
Frank 0.2756 0.9940
Gumbel 0.2639 0.9945

15 Clayton 0.3868 0.9876 Gumbel
Frank 0.3437 0.9902
Gumbel 0.3201 0.9915

Fig. 3  Posterior distributions of copula parameters across different temporal scales
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and the SRI values, suggesting that there is good agreement 
in the temporal trend of drought variations using SPEI, SRI, 
and SHDI.

The performance of SHDI in detecting multivariate 
drought characteristics was examined based on the fol-
lowing three aspects: (1) drought frequency, (2) drought 
duration, and (3) drought severity. To detect drought fre-
quency and duration, the total number of drought events 
and the longest-duration drought events detected by SPEI 
and SRI are totally different. For example, for the Blanco 
river basin, the number of 3-, 9-, and 15-monthly drought 
events detected by SPEI is 14, 8, and 9, respectively. By 
contrast, the number of corresponding droughts identified 
by SRI is 8, 3, and 3, respectively. As shown in Fig. 4, our 
results reveal that droughts are underestimated and biased 
as a result of neglecting the joint effect of SPEI and SRI. It 
is thus necessary to develop a multivariate drought index in 
order to reduce potential underestimation and bias arising 

from the use of univariate drought indices. As for the detec-
tion of drought severity, the SHDI values are derived with 
uncertainty intervals, leading to the best- and the worst-
case scenarios of drought events. It should pay more atten-
tion to the worst-case scenario in practice because it offers 
a conservative assessment of drought severity, which can 
provide meaningful insights into drought mitigation and 
preparedness. For example, the average severity of 3-, 9-, 
and 15-months droughts under the worst-case scenario in 
the Mission river basin is − 1.565, − 1.626, and − 1.805, 
respectively. By contrast, the average severity of 3-, 9-, and 
15-months drought events under the best-case scenarios 
is − 1.289, − 1.408, and − 1.713, respectively. As shown 
in Fig. 4, the SHDI values under the worst-case scenario 
are smaller than those of SPEI and SRI, indicating that the 
drought is expected to be more severe when considering 
the combined impact of hydrological and meteorological 
droughts. Such an amplification of the drought severity is 

Fig. 4  Comparison of 3-, 9-, and 15-months SPEI, SRI, and SHDI. The y-axis represents the dimensionless values of SPEI, SRI, and SHDI
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essential for mitigating the drought hazard and reducing 
the associated risk. The statistics of drought characteristics 
detected by SPEI, SRI, and SHDI are provided in Table S4 
of the supplementary material.

On the other hand, the copula-based SHDI shows better 
skills in capturing extreme drought events in comparison 
with SPEI and SRI. For example, the two black dashed rec-
tangles, as shown in Fig. 4a, depict two extreme short-term 
droughts that occurred in 1984 and 1990 in the Blanco river 
basin based on SHDI; however, such extreme droughts can-
not be captured although two drought events are detected 
using SPEI. In addition, the proposed SHDI shows better 
skills in detecting extreme droughts across different time-
scales. Since extreme droughts have widespread impacts on 
water security and environmental sustainability, the accu-
rate monitoring of extreme droughts is necessary to reduce 
potential drought risks and associated losses.

3.2  Performance of copulas in assessing flood risks

Flood events were identified using the approach introduced 
in Sect. 2.3. As shown in Fig. 5, a threshold is identified as 
the optimal flood peak threshold (black dashed lines repre-
sent the optimal thresholds). Thus, 1323.46 and 2705.25 ft3/s 
are the optimal flood peak thresholds for the Blanco and 
Mission river basins, respectively. This leads to 25 and 24 
flood events, respectively, during 1981−1995. The corre-
sponding flood volume is identified through the generated 
hydrographs. To robustly assess flood risk, the joint distri-
butions were established based on flood peak and volume, 
and then the corresponding probability density functions 
(PDFs) were fitted. Same as drought assessments, a total 
of 13 different probability distributions were selected to fit 

the theoretical CDFs of flood peak and volume, and then 
the optimal CDF was identified by AIC, BIC, AICc, and 
maximum likelihood (see Table S5 of the supplementary 
information). Fig. S4 of the supplementary material presents 
the comparison between the empirical CDFs and the theo-
retical CDFs of flood peak and volume over the Blanco and 
Mission river basins. Moreover, Gumbel, Frank, and Clayton 
copula functions were compared against each other, and then 
the optimal copula function was selected based on NSE and 
RMSE. Assessment of different copulas used to characterize 
the dependence between flood peak and volume can be seen 
in Table S6 of the supplementary material.

Uncertainties in model parameters are addressed through 
the probabilistic assessment of flood risks. Thus, uncertainty 
intervals exist in the estimation of flood return periods. Fig-
ure 6 presents the  TOR and  TAND return periods in the past 
(1981−1995) for the Blanco and Mission river basins. The 
Blanco and Mission river basins experienced 25 and 24 flood 
events, respectively. The mean  TOR and  TAND flood return 
periods for the Blanco river basin are larger than those for 
the Mission river basin. The mean  TOR and  TAND return peri-
ods for the Blanco river basin are 1.8 and 10.6 years, respec-
tively; the corresponding return periods for the Mission river 
basin are 1.7 and 6.6 years, respectively. It should be noted 
that there is considerable uncertainty in the estimation of the 
 TAND return period for the Blanco river basin. And the largest 
uncertainty appeared in March 1992, lying within the range of 
15−75 years. By contrast, the uncertainty intervals of the  TAND 
return period for the Mission river basin are relatively small, 
with the largest uncertainty range of 5−10 years that appeared 
in June 1981. In addition, the  TOR return period calculated by 
copulas is smaller than the return period derived based on the 
univariate flood risk assessment. For the flood event occurred 

Fig. 5  The hill plots of daily 
streamflow (a, c) and the fitting 
diagnostic plots (b, d). The 
black dashed lines represent the 
chosen optimal threshold
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in September 1986 for the Blanco river basin, for example, 
the return periods of flood peak and flood volume are 5.5 
and 2.6 years, respectively, depending on the univariate flood 
assessment In fact, the  TOR return period of flood event lies 
within the range of 2.2−2.4 years, which is smaller than the 
univariate return periods. Considering the  TAND return period, 
the maximum return period is greater than the univariate return 
period, with the  TAND return period of 7.2−10.0 years. The 
similar findings are found for other pairs of hydrological vari-
ables. This indicates that we should pay more attention to the 
uncertainty intervals of  TOR and  TAND return periods than the 
univariate return period especially for the maximum value of 
uncertainty intervals, which provides meaningful insights into 
potential risks of hydrological extremes and high standards for 
flood design. Such a high flood magnitude estimated through 
multivariate flood risk assessment improves the reliability and 
safety of water conservancy projects, which plays a crucial role 
in reducing the damages caused by floods.

3.3  Validation and projection of high‑resolution 
hydroclimatic simulations

To predict the changes of future drought and flood charac-
teristics in a changing climate, the convection-permitting 
WRF simulations were performed to produce past and future 

climate information including temperature, precipitation, 
and PET. The simulated climatic variables were compared 
with CFSR and PRISM datasets to demonstrate the perfor-
mance of the convection-permitting climate modeling sys-
tem. In general, the WRF model can well capture the spatial 
pattern of the past climate, especially for precipitation, due 
to the good performance on resolving the small-scale con-
vective processes and capturing the spatial heterogeneity of 
precipitation.

Figures 7, 8, 9, and 10 present the spatial patterns of his-
torical seasonal mean precipitation simulated by the WRF 
model, the CFSR production, the PRISM observation, as 
well as their absolute and relative differences for different 
seasons including spring (March–May, MAM), summer 
(June–August, JJA), fall (September–November, SON), and 
winter (December–February, DJF). In general, the WRF-
simulated precipitation and the PRISM observation show 
good agreement, with the similar spatial distribution of 
seasonal mean precipitation. Specifically, the WRF model 
overestimates the spring precipitation over the study area 
(Fig. 7), but underestimates the summer, fall, and winter 
precipitation (Figs. 8, 9, 10). In comparison, the coarse-
resolution CFSR generates much larger bias than the con-
vection-permitting WRF model for simulating summertime 
precipitation (Fig. 8). The absolute difference between the 

Fig. 6  Comparison of  TOR and  TAND flood return periods in the past for the Blanco and Mission river basins. The blue line represents the 95% 
uncertainty range of return periods
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Fig. 7  Comparison of mean 
spring (MAM) precipitation 
from PRISM, CFSR, and WRF 
simulations
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Fig. 8  Comparison of mean 
summer (JJA) precipitation 
from PRISM, CFSR, and WRF 
simulations
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Fig. 9  Comparison of mean 
fall (SON) precipitation from 
PRISM, CFSR, and WRF 
simulations
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Fig. 10  Comparison of mean 
winter (DJF) precipitation 
from PRISM, CFSR, and WRF 
simulations
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WRF model and the PRISM precipitation (WRF-PRISM) 
is smaller than the absolute difference between the CFSR 
and PRISM precipitation (CFSR−PRISM) for all seasons, 
especially for the summer season. Convective precipitation 
often occurs in summer, and thus it can be better simulated 
by the high-resolution convection-permitting WRF model. 
The accurate simulation of precipitation is crucial to enhanc-
ing the reliability of drought and flood assessments since 
precipitation is the most dominant variable causing droughts 
and floods.

The projected climate information was used to gener-
ate streamflow time series for the Blanco and the Mission 
river basins. The hydrological model was calibrated against 
streamflow observations from 1981 to 1990 and validated 
over a 5-year period of 1991−1995. The marginal posterior 
distributions of model parameters are provided in Fig. S5 of 
the supplementary material. The means and standard devia-
tions of posterior parameter distributions are provided in 
Table S7 of the supplementary material.

Figure 11 depicts the predicted streamflow time series 
with the 95% uncertainty range in the calibration period of 
1981−1990 and the validation period of 1991−1995 for the 
Blanco and the Mission river basins. In general, there is 
good agreement between streamflow observations and pre-
dictions during calibration and validation periods. For the 
calibration period, 85.1% and 90.1% of streamflow observa-
tions lie within the 95% uncertainty range of the predicted 
streamflow for the Blanco and the Mission river basins, 

respectively. For the validation period, 84.1% and 85.9% of 
observations are captured for the Blanco and the Mission 
river basins, respectively. Such a large number of observa-
tions captured within the prediction intervals indicates that 
the hydrological model can be used to predict the future 
streamflow regimes based on the projected precipitation and 
PET. The projections of daily streamflow time series with a 
95% uncertainty range for the future period of 2085–2099 
are provided in Fig. S6 of the supplementary material.

Figure 12 shows the seasonal precipitation, PET, and 
streamflow variations over the period of 2085–2099. For the 
Blanco river basin, it can be seen that there will be a slight 
increase in the projected spring precipitation (Fig. 12a). In 
comparison, the winter, the summer, and fall precipitation 
are expected to decrease for 2085–2099. Specifically, the 
fall precipitation is projected to decrease significantly from 
228.8 to 164.8 mm. Besides, the future PET is projected 
to increase for all seasons (Fig. 12b). Due to the relatively 
large amount of precipitation and the low rate of PET arising 
from the low temperature in winter, a relatively high winter 
streamflow is projected (Fig. 12e). For the Mission river 
basin, the average precipitation and PET are expected to 
rise for all seasons (Fig. 12c, d). In particular, there will be 
a considerable increase in the projected summer and fall pre-
cipitation of up to 35.2% and 23.3%, respectively, resulting 
in the relatively high summer and fall streamflow (Fig. 12f). 
Nevertheless, Fig.  12f shows a considerable decrease 
in streamflow during the fall season. This is because the 

Fig. 11  Daily rainfall-runoff predictions over a period of 15 years (1981–1995). Blue areas represent the streamflow time series with the 95% 
uncertainty range. Red dots represent streamflow observations. The green line represents precipitation observations
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summer streamflow can be largely used for irrigation as 
well as for municipal and industrial water supplies, result-
ing in a decline in surface water storage and the consequent 
decrease in streamflow for the fall season. Consequently, 
streamflow forecasts can help water managers to better use 
water resources in the season with abundant rainfall and to 
assess the potential risk of droughts during the dry season, as 
well as to make effective and timely decisions on sustainable 
development and disaster risk reduction goals.

3.4  Probabilistic projection of future changes 
in multivariate drought characteristics

To analyze the future changes in multivariate drought char-
acteristics, the time series of the SHDI values can be esti-
mated using copula functions based on the projected hydro-
climatic variables. Figure 13 presents the comparison of the 
past and future time series of the SHDI values with uncer-
tainty intervals across 3-, 9-, and 15-months timescales for 
the Blanco and the Mission river basins. The SHDI intervals 
are derived due to the uncertainties in model and copula 
parameters, and their upper and lower bounds represent the 
drought events under the best- and worst-case scenarios, 
respectively. It should be noted that more attention should 
be paid to the worst-case drought scenario that implies the 

maximum risk of joint drought events, which facilitates the 
reduction of potential losses caused by drought hazards.

Although the temporal variations of the 3-, 9-, and 
15-months future SHDI values are generally consistent 
with those in the historical period for the two river basins 
(Fig. 13), there is a large difference in drought characteris-
tics including the frequency, the longest duration, and the 
average severity. The statistics of past and future multivari-
ate drought characteristics are summarized under best- and 
worst-case scenarios, as shown in Table S8 of the supple-
mentary material. Even though the frequency of the 3-, 9-, 
and 15-months future SHDI will decrease in comparison 
with the historical droughts, the longest duration and the 
average severity of droughts are expected to experience 
a significant increase for the Blanco river basin over the 
period of 2085−2099. For instance, the longest duration 
and the average severity of the long-term drought events are 
expected to increase to 94 months and−3.106, respectively, 
under the worst-case scenario. By contrast, the longest dura-
tion and the average severity of the long-term historical 
drought events are only 32 months and − 1.561, respectively. 
This indicates that the future drought severity and duration 
are projected to greatly increase in the Blanco river basin 
under global warming.

The Mission river basin is located far away from urban 
areas, and thus there is a large difference in the projected 

Fig. 12  a, c Projected changes 
in seasonal mean precipitation 
during 2085−2099 compared to 
those during 1981−1995. Red 
and blue bars represent past and 
future seasonal precipitation, 
respectively. b, d Projected 
changes in seasonal mean PET 
during 2085−2099 compared 
to those during 1981−1995. 
Red and blue bars represent 
past and future seasonal PET, 
respectively. e, f Projected 
changes in seasonal streamflow 
during 2085−2099 compared 
to those during 1981−1995. 
Black and green lines represent 
the past seasonal streamflow 
and the future seasonal mean 
streamflow, respectively. The 
red shaded area represents the 
future seasonal streamflow with 
the 95% uncertainty range
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drought characteristics compared with those in the Blanco 
river basin due to the spatial heterogeneity of river basins 
such as soil conditions, land use types, and topography. In 
particular, the longest duration of droughts is projected to 
become shorter than the past. The longest duration of future 
drought events, across the timescales of 3, 9, and 15 months, 
is projected to last for 10, 22, and 20 months, respectively. In 
comparison, the longest duration of 3-, 9-, and 15-monthly 
historical droughts is 32, 28, and 31, respectively. In addi-
tion, the average severity of future droughts is expected to 
increase slightly. This implies that the Mission river basin 
will experience a slight increase in the severity of droughts 
over a shorter period of time. Our results indicate that 
droughts severity will become more severe even though 
there will be a decreasing number of drought episodes by the 
end of this century, especially for the long-term droughts. 
Moreover, the river basins with spatial heterogeneity may 
experience substantial difference in potential variations of 
drought characteristics.

Further investigations were also conducted to identify 
the dominant hydroclimatic variables influencing future 

multivariate drought characteristics. Figure  14 shows 
the temporal variations in the 15-month PET, precipita-
tion, P–PET, runoff, and SHDI for past and future peri-
ods in the Mission river basin. It can be seen that there 
is a high degree of similarity between precipitation and 
runoff changes (Fig. 14b, d). For example, the precipita-
tion changes in dashed circles are projected to increase 
or decrease, and the runoff changes are then expected to 
increase or decrease accordingly. However, PET and run-
off changes are completely opposite (Fig. 14a, d). PET is 
predicted to rise greatly for the future period 2085–2009. 
When PET increases, most of precipitation will be 
absorbed by dry soils, and then the soil water will evapo-
rate rapidly as a result of the rising air temperature, result-
ing in a decline in runoff. Furthermore, the wet events 
are projected to decrease in a changing climate although 
future extreme precipitation events will increase in fre-
quency and intensity, exacerbating the deficiency of run-
off. Thus, droughts are projected to occur more severely 
and intensely by the end of this century.

Fig. 13  Comparison of multivariate drought characteristics in past and future climates based on 3-, 9-, and 15-months SHDI
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3.5  Probabilistic projection of future changes 
in flood risks

Based on daily projected streamflow time series, the future 
flood events were sampled using the threshold estimates 
and the corresponding hydrographs introduced in Sect. 2.3. 
Figure 15 presents the  TOR and  TAND return periods of flood 
events in the Blanco and Mission river basins for the future 
period of 2085−2099. The Blanco and Mission river basins 
are expected to experience 32 and 21 flood events, respec-
tively. Compared to the past (1981−1995), the flood peak 
and volume are expected to increase for both the Blanco and 
Mission river basins, which is largely due to the increase in 
the extreme precipitation over the two river basins. In addi-
tion, the frequency of flood events occurred in the Blanco 
river basin is projected to increase. By contrast, although 
the frequency of future flood events is projected to decrease 
over the Mission river basin, the flood peak and volume 

are expected to increase. This reveals that there will be an 
increasing number of flood events with the larger volume as 
expected under global warming.

Figure 15 depicts the uncertainty intervals in the estima-
tion of future flood return periods for the Blanco and Mission 
river basins. There is an apparent increase in future flood 
return periods for the Blanco river basin, with the mean  TOR 
and  TAND return periods of 2.4 and 23.8 years, respectively. 
In addition, the  TAND return period of flood events is pro-
jected to experience three 100-year floods over the Blanco 
river basin during 2085−2099. Similarly, the Mission river 
basin is also expected to experience an increase in the flood 
return period for both  TOR and  TAND cases, and the mean  TOR 
and  TAND return periods are 2.5 and 13.8 years, respectively. 
Moreover, the maximum  TOR and  TAND flood return periods 
are expected to reach 10 and 100 years, respectively, for the 
Mission river basin. These are much larger than those for 
the historical period. Overall, the intensity and discharge 

Fig. 14  Temporal variations in 
the 15-months PET, precipita-
tion, P–PET, runoff, and SHDI 
in the Mission river basin for 
past and future periods
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volume of flood events will increase for both the Blanco 
and Mission river basins by the end of this century. Further-
more, the Blanco and Mission river basins will face a higher 
risk of floods as both the  TOR and  TAND flood return periods 
becomes longer.

4  Summary and conclusions

In this study, we develop probabilistic projections of future 
changes in multidimensional drought and flood characteris-
tics through the convection-permitting WRF modeling sys-
tem. In addition, a copula-based SHDI approach is proposed 
to examine the joint effect of meteorological and hydrologi-
cal droughts, and the joint effect of flood peak and volume is 
also examined to assess flood risks. Furthermore, the model 
and copula parameter uncertainties are addressed explicitly, 
leading to probabilistic projections of hydrological extremes 
for two major river basins of Texas.

Our findings reveal that the probabilistic assessment of 
hydrological extremes is able to reduce underestimation 
and bias arising from univariate analysis. Compared with 
SPEI and SRI, SHDI shows better skills in detecting extreme 
droughts that have widespread impacts on water security, 

agricultural production, food security, and environmental 
sustainability. We argue that more attention should be paid 
in practice to the worst-case scenario of SHDI, which ena-
bles a conservative assessment of drought severity and pro-
vides meaningful insights into drought mitigation and pre-
paredness. In addition, we find that the future droughts are 
expected to become more severe even though the frequency 
of the occurrence of droughts is projected to decrease in a 
changing climate, especially for the long-term drought epi-
sodes. On the other hand, the frequency and volume of flood 
events are projected to increase for the Blanco river basin. 
By contrast, the flood intensity and volume will increase 
even though there will be a decreasing number of flood 
events for the Mission river basin. Furthermore, there is 
an apparent increase in the flood return period for both the 
Blanco and Mission river basins by the end of the twenty-
first century, which indicates that the two basins will suf-
fer from higher flood risks under global warming. Overall, 
the future dry days and extreme precipitation events are 
projected to occur more frequently and intensely, thereby 
increasing the risk of droughts and flash floods over South 
Texas.

It should be noted that parameter uncertainties were 
addressed in this study. Nevertheless, the other sources of 

Fig. 15  Comparison of  TOR and  TAND flood return periods in the future for the Blanco and Mission river basins. The blue line represents the 95% 
uncertainty range of return periods
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uncertainty, including uncertainties in forcing/input data and 
model structure, should also be tackled to further improve 
the reliability of drought and flood assessments. In addition, 
the future climate change projection was carried out under 
the business-as-usual scenario RCP8.5 with continuously 
increasing greenhouse gas emissions over time, the projected 
severity of droughts and floods would vary under other sce-
narios in which  CO2 emissions are controlled.
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