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Abstract Probabilistic projections of future drought characteristics play a crucial role in climate change
adaptation and disaster risk reduction. This study presents a copula‐based probabilistic framework for
projecting future changes in multivariable drought characteristics through convection‐permitting Weather
Research and Forecasting simulations with 4‐km horizontal grid spacing. A probabilistic multivariate
drought index is introduced to examine the joint effects of drought indicators with uncertainty intervals for
four major river basins located in South Central Texas of the United States. Markov chain Monte Carlo is
used to address uncertainties in assessing copula parameters and in predicting climate‐induced changes in
hydrological regimes. Our ﬁndings reveal that the severity and intensity of drought episodes can be
ampliﬁed when considering the compound effects of soil moisture and runoff regimes by using the
probabilistic multivariate drought index. The South Central Texas region is projected to experience more
drought events with shorter duration and higher intensity in a changing climate. The drought severity
will not necessarily increase due to the decreasing drought duration. In addition, our ﬁndings indicate that
the intensity of future droughts is expected to increase as a result of the deﬁciency of soil moisture even
though precipitation extremes are projected to become more frequent. Moreover, climate change impacts on
multivariate drought characteristics will intensify with the increasing temporal scales (i.e., short‐,
medium‐, and long‐term droughts) although the number of future drought events may decrease by the end
of this century.

Plain Language Summary Projecting future changes in drought characteristics plays a crucial
role in climate change adaptation and disaster risk reduction. Here we present a copula‐based
probabilistic framework for conducting high‐resolution projections of multivariable drought characteristics
through convection‐permitting Weather Research and Forecasting simulations with the 4‐km horizontal
grid spacing. A probabilistic multivariate drought index is also introduced to examine the joint effects of
drought indicators for four major river basins located in South Central Texas of the United States. Our
ﬁndings reveal that the severity and intensity of drought episodes can be ampliﬁed when considering the
compound effects of soil moisture and runoff regimes. Furthermore, the long‐lasting droughts are expected
to evolve into a series of short‐duration droughts due to the projected increase in the frequency and intensity
of extreme precipitation in a changing climate. This study provides meaningful insights into the evolution of
future drought characteristics in view of the increasing trend in extreme precipitation, which plays an
important role in facilitating sustainable agricultural development and water resources planning under
climate change.

1. Introduction
Drought is a recurrent natural disaster characterized by a prolonged period of water deﬁcit. Many countries
have experienced severe drought events over the past decade, inﬂicting catastrophic economic ramiﬁcations,
severe ecological damages, food shortages, and millions of deaths (AghaKouchak et al., 2014). In 2012, for
example, the United States suffered from the heaviest drought since 1956, causing a direct economic loss
of over $35 billion in the Midwest and a huge indirect effect on global food security (Pozzi et al., 2013).
Mounting evidence suggests that global warming is an indisputable fact, which confronts all mankind with
an urgent question: How severe will future droughts be under climate change? This question has attracted
increasing attention from all over the world in recent years since it is crucial for enhancing resilience to
climate‐induced disasters and for developing sound climate change mitigation and adaptation strategies
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(Carvalho & Wang, 2019; Pozzi et al., 2013; Prudhomme et al., 2014; Rajsekhar et al., 2015a; Su et al., 2018;
Wan et al., 2017; Wang et al., 2011).
Quantiﬁcation of droughts is the prerequisite for analyzing climate change impacts on future droughts.
Droughts are typically categorized into four classes: meteorological, agricultural, hydrological, and socio‐
economical droughts. Meteorological drought is characterized by the precipitation deﬁcit, while the main
feature of agricultural drought is a lack of soil moisture that is the direct source of water for crop growth.
Hydrological drought, on the other hand, is identiﬁed as a shortage of streamﬂow and groundwater supplies.
Socio‐economical drought refers to conditions where the water supply cannot satisfy the demand of various
water‐use sectors. Various indices have been proposed to quantify the four types of droughts in recent decades. For example, the standardized precipitation index (SPI) was proposed by McKee et al. (1993) to characterize the meteorological drought. Based on the concept of SPI, standardized soil moisture index (SSI,
AghaKouchak, 2014) and standardized runoff index (SRI, Mo, 2008) were also widely used to monitor agricultural and hydrological droughts, respectively.
General circulation models (GCMs) are scientiﬁcally the most sophisticated approach to project future
hydroclimatic information, which is useful for examining future changes in drought characteristics.
Numerous studies based on GCMs have been conducted in recent decades to project future droughts at global, regional, or local scales (Zarch et al., 2015). For example, Wehner et al. (2011) indicated a projected
increase in future drought frequency and severity over North America based on 19 state‐of‐the‐art GCMs
and Palmer drought severity index. Van Huijgevoort et al. (2014) disclosed that the future hydrological
drought was expected to intensify based on three GCMs and ﬁve large‐scale hydrological models.
Ruosteenoja et al. (2018) found that the near‐surface soil moisture content was projected to decrease in
Europe for the 21st century based on 26 GCMs. However, recent studies have revealed that enormous uncertainties exist in the representation of droughts using GCMs (Johnson & Sharma, 2015; Moon et al., 2018; Zhu
et al., 2019). This is because the spatial resolution of GCMs is too coarse to depict the heterogeneous climate
patterns (e.g., clouds and convection processes) and extremes (e.g., extreme precipitation and temperature)
at regional and local scales, particularly in mountainous regions, urban, and coastal areas.
Given the drawbacks of GCMs in drought projections, considerable efforts have been made to conduct dynamical downscaling simulations using regional climate models (RCMs, Leng et al., 2015; Prudhomme et al.,
2014; Wang et al., 2011; Zhu et al., 2018). For example, Russo et al. (2013) utilized SPI to analyze climate
change impacts on meteorological droughts based on the outputs from GCMs and RCMs. Rajsekhar and
Gorelick (2017) found an increasing trend of droughts in Jordan based on bias‐corrected RCMs and high‐
resolution hydrologic models. These regional climate studies, however, have their limitations. Typically,
dynamically downscaling from coarse‐resolution GCMs (e.g., over 200 km) to higher‐resolution RCMs
(e.g., 10–50 km) was conducted in these studies. Such RCMs are not ﬁne enough to explicitly resolve deep
convection, which is a particularly critical subgrid process operated at scales from the microscale to the
synoptic scale. Convection parameterization schemes were thus used in RCMs to represent deep convection.
Previous studies have shown that common errors and uncertainties inherently exist in climate simulations
through RCMs with convection parameterization schemes (Berg et al., 2013; Prein et al., 2013). For example,
the convection parameterization schemes misrepresent convective precipitation, leading to an underestimation of dry days and overestimation of low‐precipitation event frequency (Brockhaus et al., 2008).
Furthermore, precipitation is the primary driving forcing of hydrological models; the outputs of RCMs are
thus particularly unreliable for hydrological drought projections. Consequently, it is desired to conduct
high‐resolution climate simulations (horizontal grid spacing ≤4 km) that can explicitly resolve convection
processes without the use of parameterization schemes, improving robustness and reliability of drought projections. On the other hand, probabilistic hydrological predictions have been proven by the hydrologic community to be superior to deterministic predictions due to various sources of uncertainty (e.g., uncertainties in
model parameters and inputs, Wang et al., 2018). Previous studies based on deterministic hydrological predictions may lead to a biased hydrological drought projection. It is thus necessary to develop probabilistic
hydrological drought projections for improving reliability of drought analysis.
The drought phenomenon involves a series of complicated and interactive physical processes. Numerous
studies have shown that drought characterization based on a single variable (or indicator) is unreliable
(Kang & Sridhar, 2017; Rajsekhar & Gorelick, 2017; Wang et al., 2011). Thus, a variety of methods have
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been utilized to examine the joint effects of drought indicators in order to perform a comprehensive drought
assessment. These methods mainly include copula (Kao & Govindaraju, 2010), linear combination (Xia
et al., 2014), principal component analysis (Keyantash & Dracup, 2004), fuzzy set (Huang et al., 2015),
and entropy theory (Rajsekhar et al., 2015b). Copulas have emerged as a widely used approach due to its capability of capturing complicated dependencies between various drought variables (Hao & AghaKouchak,
2013; Kang & Sridhar, 2017). These copula‐based multivariate drought assessments, however, neglect the
underlying uncertainties of copula parameters. And the copula parameters are commonly estimated by local
optimization methods, which are often biased because of getting trapped in local minima (Genest et al.,
2009; Kwon & Lall, 2016). In addition, Sadegh et al. (2017) revealed that signiﬁcant uncertainties existed
in copula parameters, especially for those cases with a limited length of data. Thus, uncertainties in the
copula‐based multivariate drought assessment should be addressed to enhance robustness in future
drought projections.
In this study, we will develop copula‐based probabilistic projections of multivariate drought characteristics
through convection‐permitting (Weather Research and Forecasting, WRF) simulations. Speciﬁcally, a
copula‐based probabilistic multivariate drought index (PMDI) will be introduced to examine the joint effects
of soil moisture deﬁcit (agricultural drought) and runoff deﬁcit (hydrological drought). The Markov chain
Monte Carlo (MCMC) simulations will be performed to address uncertainties in copula parameters and
hydrological model parameters, leading to probabilistic projections of multivariate drought characteristics.
Future changes in drought episodes will be projected for four major river basins located in South Central
Texas of the United States, which is the primary concern of the Texas Department of Agriculture and the
Texas Water Development Board. The Parameter‐elevation Regressions on Independent Slopes Model
(PRISM) data set will be utilized to verify the WRF simulations. The Model Parameter Estimation
Experiment (MOPEX) data set and the data collected from the United States Geological Survey river ﬂow
gauging stations will be used to calibrate and validate the hydrological model.
This paper will be organized as follows. Section 2 will describe the copula‐based probabilistic framework of
multivariate drought projections, models, algorithms, and data sets used in this study. Section 3 will provide
an assessment of the PMDI performance, a high‐resolution projection of future changes in climate variables
and runoff regimes, and an investigation of climate change impacts on multivariate drought characteristics
of different temporal scales. The contribution of uncertainties in copula and hydrological model parameters
to the overall uncertainty in multivariate drought projections will also be discussed. Finally, conclusions and
ﬁndings of this study will be drawn in section 4.

2. Models, Algorithms, and Data Sources
2.1. A Copula‐Based Probabilistic Framework of Multivariate Drought Projections
To conduct a reliable and robust projection of multivariate drought characteristics, we propose a copula‐
based probabilistic framework, as shown in Figure 1. The ﬁrst step is to collect the data including the
PRISM, the National Centers for Environmental Prediction (NCEP) Climate Forecast System Reanalysis
(CFSR), and the MOPEX data sets. Details of data sources are given in section 2.7. The second step is to construct the copula‐based PMDI. The uncertainty in copula parameters will be addressed using the MCMC
algorithm. The detailed descriptions of the PMDI and the MCMC algorithm are provided in sections 2.2
and 2.6, respectively. PMDI will be compared against SSI and SRI based on historical observations to assess
its performance. In addition, the drought duration, severity, and intensity will be quantiﬁed based on the run
theory that has been extensively used to quantify drought characteristics (Leng et al., 2015; Rajsekhar &
Gorelick, 2017; Wang et al., 2011; Yevjevich, 1967). Details of the multivariate drought characterization
are illustrated in section 2.3. The third step is to conduct and evaluate the convection‐permitting climate
simulations, as described in section 2.4. The fourth step is to carry out the MCMC‐based hydrological simulations that are validated against streamﬂow observations from the United States Geological Survey river
ﬂow gauging stations. The detailed description of the hydrological modeling is provided in section 2.5.
The ﬁfth step is to project future changes in multivariate drought characteristics for four major river basins
located in South Central Texas of the United States. The probabilistic runoff time series will be predicted
based on the outputs of the convection‐permitting climate projections. The copula‐based PMDI will then
be used to calculate the cumulative joint probability of soil moisture and runoff regimes, leading to
ZHANG ET AL.
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Figure 1. Flowchart of the copula‐based probabilistic framework for conducting high‐resolution projections of multivariate drought characteristics. NCEP = National Centers for Environmental Prediction; CFSR = Climate Forecast System
Reanalysis; MOPEX = Model Parameter Estimation Experiment; CDF = cumulative distribution function; WRF =
Weather Research and Forecasting; PRISM = Parameter‐elevation Regressions on Independent Slopes Model; MCMC =
Markov chain Monte Carlo; SSI = standardized soil moisture index; SRI = standardized runoff index.

probabilistic multivariate drought assessments. Details of all components involved within the developed
computational framework are provided as follows.
2.2. Copula‐Based PMDI
Copulas are mathematical functions that can be used to derive the joint distribution of two or more random
variables. In hydrological and climatological studies, the copula has been widely used to model the dependence between hydroclimatic variables. In recent years, copulas have also been used to develop multivariate
drought indices by constructing the joint distribution of two or more hydroclimatic variables related to
droughts, such as multivariate standardized drought index (MSDI) and standardized precipitation‐
streamﬂow index (Hao & AghaKouchak, 2013; Rad et al., 2017). In this study, a multivariate drought index
(MDI) is introduced using copulas to examine the joint effect of soil moisture and runoff on drought characteristics. Given that soil moisture and runoff are expressed, respectively, as random variables X and Y, their
cumulative joint probability p can be written as
PðX≤x; Y ≤yÞ ¼ C ½F ðX Þ; GðY Þ ¼ p

(1)

where C is the copula function. F(X) and G(Y) are the marginal cumulative distribution function (CDF) of X
and Y, respectively. A variety of copula families have been proposed to model the dependence structures of
random variables. For example, the Gumbel copula can be expressed as
 h
i1=θ 
θ
θ
Cðu; vÞ ¼ exp − ð− lnðuÞÞ þ ð− lnðvÞÞ

(2)

where θ is the copula parameter. u and v are the marginal probabilities of soil moisture and runoff, respectively. The MDI used to model the dependence between soil moisture and runoff can then be deﬁned by
MDI ¼ φ−1 ðpÞ

(3)

where φ is the standard normal distribution function. The joint probability p can be converted to the MDI
using equation (3). Speciﬁcally, the ﬁrst step is to construct the marginal distributions of soil moisture and
ZHANG ET AL.
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Figure 2. Schematic of probabilistic multivariate drought projections. (a) Probabilistic contours of joint cumulative distribution functions (CDFs) of soil moisture and runoff regimes. (b) Potential evapotranspiration (PET) and precipitation. (c)
Probabilistic hydrologic predictions. (d) Multivariate drought characteristics with uncertainty intervals. The blue line
represents the threshold used to identify drought events (−0.8 was used in this study). PMDI = probabilistic multivariate
drought index.

runoff. Runoff was collected from the U.S. MOPEX data set in this study, while soil moisture was obtained
from the WRF simulation as an alternative since the long‐term observations of soil moisture were
unavailable. A total of 16 types of probability distributions, including Birnbaum‐Saunders, exponential,
extreme value, gamma, generalized extreme value, generalized Pareto, inverse Gaussian, logistic,
loglogistic, lognormal, Nakagami, normal, Rayleigh, Rician, t location scale, and Weibull were used to ﬁt
soil moisture and runoff data. The optimal parameters for these probability distributions were obtained
through the maximum likelihood estimation. The Akaike information criterion (AIC), the Bayesian
information criterion (BIC), and the AIC with a correction for ﬁnite sample sizes (AICc) were used to
evaluate the goodness of ﬁt of each theoretical distribution. These evaluation criteria are deﬁned as follows:
AIC ¼ 2k−2l

(4)

BIC ¼ k lnn−2l

(5)

AICc ¼ AIC þ

2k ðk þ 1Þ
n−k−1

(6)

where k is the number of parameters of the probability distributions; l is the maximum log‐likelihood value
of the best parameter set based on the maximum likelihood estimation; and n is the number of observations.
Note that the lower the values of AIC, BIC, and AICc, the better the copula model.
The next step is to identify the optimal copula model in order to well represent the structure of dependence
between soil moisture and runoff. A variety of copula families have been developed to model the dependence
structure of two or more random variables. Among these copula families, the Frank copula is commonly
used to model symmetric dependence structures, while the Gumbel and Clyaton copulas can be used to characterize asymmetric dependence structures. These three copula families have been widely used in hydrological and climatological literatures, and thus, they are selected in this study to model the theoretical
dependence between soil moisture and runoff. To estimate copula parameters such as θ in equation (2),
the MCMC algorithm was used to derive the posterior parameter distributions, thereby leading to copula
probability isolines with uncertainty intervals (Figure 2a). The MCMC‐based copulas improve upon the
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commonly used deterministic copulas by tackling the inherent uncertainty in copula parameters, leading to
PMDI that can be used to characterize the dependence between soil moisture and runoff under uncertainty.
The optimal copula family can be identiﬁed according to AIC, BIC, the root‐mean‐square error (RMSE), and
the Nash‐Sutcliffe efﬁciency (NSE). RMSE and NSE are deﬁned as follows:
sﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃ
∑ðX−Y Þ2
RMSE ¼
n
NSE ¼ 1−

∑ðX−Y Þ2

2
∑ Y −Y

(7)

(8)

where X and Y are the theoretical and empirical cumulative probability of random variables (soil moisture
and runoff), respectively; n is the number of observations. The lower the RMSE and the closer to 1 the NSE,
the more reliable the estimate.
2.3. Multivariate Drought Characterization With Uncertainty Intervals
The introduced PMDI can be used to perform the multivariate assessment of droughts relative to a climatological base period, including the agricultural drought associated with the lack of soil moisture and the
hydrological drought associated with the lack of water supply as well as their interactions. Figure 2a shows
the copula probability isolines derived using the PMDI. Assume that a given drought threshold of 20th percentile runoff and soil moisture was used to identify drought events (see dashed lines L1 and L2 of Figure 2a).
As a result, all points within areas A1–A4 can be characterized as multivariate drought events including agricultural and hydrological droughts. Compared to existing multivariate drought indices such as MSDI and
standardized precipitation‐streamﬂow index, PMDI has the advantage of quantifying uncertainties inherent
in the drought assessment and projection, thereby improving the ability of disaster management and risk
assessment. For example, points P1 and P2 fall within the ranges of uncertainty intervals on the contours
of the bivariate joint CDF, as shown in Figure 2a. The joint CDF values of P1 can be considered to be larger
or smaller than 0.1 due to the uncertainty in copula parameters, which represents a moderate or a severe
drought event, respectively. Moreover, P2 can be considered as a drought event or not since the joint CDF
values of P2 can be considered to be smaller or larger than 0.2 under uncertainty. Thus, such uncertainties
need to be taken into account for enhancing reliability and robustness of multivariate drought assessments.
When the probabilistic copula model is constructed, PMDI can be calculated according to equation (3). As
shown in Figure 2d, PMDI exhibits with an uncertainty interval owing to the uncertainty in copula parameters. A drought event is typically identiﬁed as a period when the drought index remains consecutively
below a threshold (e.g., −0.84 for MSDI). A threshold of −0.8 was used in this study. As shown in
Figure 2d, a drought event occurs when the value of PMDI is smaller than −0.8. The duration (D), severity
(S), and intensity (I) of the drought event are deﬁned as
D

S ¼ ∑ −ðPMDIi þ 1Þ

(9)

i¼1

I ¼ S=D

(10)

where i = 1 is the start of a drought event when the value of PMDI drops below −0.8 consecutively; D is the
total duration from the onset to the drought termination (as shown in Figure 2d); S is the drought severity
deﬁned as the total sum of the difference between PMDI values and the threshold (i.e., −0.8); I is the drought
intensity which is the ratio of the drought severity (S) to the drought duration (D).
The characterization of drought properties in previous studies is derived from deterministic drought indices.
The introduced copula‐based PMDI enables multivariate drought characterization with uncertainty intervals, leading to probabilistic assessments and projections of drought characteristics including duration,
severity, and intensity. For example, the upper and the lower bounds of the uncertainty interval (as shown
in Figure 2d) represent two scenarios of a drought event: the best‐case scenario and the worst‐case scenario.
For the best‐case scenario, the gray area represents the drought severity; for the worst‐case scenario, the
drought severity is represented by the sum of the gray area and the orange area below the threshold of
ZHANG ET AL.
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Figure 3. (a) Model domain with topography and (b) four major river basins including Guadalupe, Blanco, Mission, and
Frio river basins over South Central Texas. The red points represent the location of USGS gauging stations with long‐term
precipitation, PET, and streamﬂow records. USGS = United States Geological Survey.

−0.8. It can be seen that the drought onset for the worst‐case scenario is over 2 months earlier than that for
the best‐case scenario, which provides meaningful insights into proactive hazard preparedness and future
planning. The drought duration for the worse‐case scenario is thus over 4 months longer than that under
the best‐case scenario. Consequently, the worst‐case scenario ampliﬁes the severity and duration of a
drought event, which should be taken into account for drought risk assessments. On the other hand,
projecting future changes in drought characteristics incorporates climate simulations and hydrological
predictions into a general computational framework, which brings more sources of uncertainty in
multivariate drought analysis. For example, the potential evapotranspiration (PET) and precipitation
obtained from the WRF simulations (Figure 2b) were used to perform the MCMC‐based hydrological
simulations in this study, leading to probabilistic predictions of runoff time series (Figure 2c). The
probabilistic runoff time series was then utilized to conduct copula‐based multivariate drought
projections, leading to the dual uncertainty (i.e., two levels of uncertainty) including uncertainties in
copula model and hydrological model parameters. The dual uncertainty further increases the difference
between the best‐ and worse‐case scenarios of multivariate droughts. It is thus necessary to address
uncertainties inherent in the projections of multivariate drought characteristics through a thorough
analysis of best‐ and worst‐case scenarios, which improves the reliability and robustness of assessing
climate change impacts on future droughts.
2.4. Convection‐Permitting Climate Modeling
The WRF model v3.7.1 was used in this study to conduct the convection‐permitting climate simulations over
Texas (Figure 3a). The model was operated at a region of 1,520 × 1,400 km (380 × 350 grid points) with 51
stretched vertical levels topped at 50 hPa. The model domain has a 4‐km horizontal grid spacing, which is
ﬁne enough to permit convective processes and well capture the details of the terrain. Thus, convection parameterization is not required for performing the 4‐km WRF simulations. The NCEP CFSR data set was collected as the initial and lateral boundary conditions. This data set has a 6‐hourly temporal resolution and
a 0.5° × 0.5° spatial resolution. The historical climate simulation spans a 15‐year period of 1981–1995. The
model was conﬁgured with the Tompson cloud microphysics scheme, the Yonsei University planetary
boundary layer scheme, the revised Monin‐Obukhov surface layer scheme, and the Rapid Radiative
Transfer Model shortwave and longwave radiation scheme. The land surface was simulated using the
Noah‐MP land surface scheme. The WRF simulations were compared against the PRISM data set to demonstrate model performance.
The high‐resolution (4 km) climate projections were forced with the CFSR data, and the initial and boundary
conditions were consecutively perturbed by using the pseudoglobal warming technique (Lauer et al., 2013;
Liu et al., 2017; Wang & Wang, 2019). The perturbed physical ﬁelds include temperature, speciﬁc humidity,
geopotential, sea surface temperature, horizontal wind, soil temperature, sea level pressure, and sea ice.
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However, the sea ice was not perturbed in this study because there was no sea ice in the model domain. The
climate perturbation was estimated through a 30‐year multimodel ensemble mean climate change signal, as
shown in equation (11). The historical and future climate projections were produced from the Coupled
Model Intercomparison Project Phase 5 (CMIP5) under the Representative Concentration Pathway (RCP)
8.5 emission scenario.
WRFinput ¼ CFSR þ ðCMIP52071–2100 −CMIP51976–2005 Þ

(11)

To minimize the inﬂuence of model uncertainties in quantifying the climate response to future greenhouse
gas forcing, we used a multimodel ensemble mean climate difference between past and future periods. A
total of 15 CMIP5 GCMs were selected based on their performance in simulating the climate over North
America. Details of these 15 GCMs including their atmospheric grid spacing are provided in Table S1 of
the supporting information. The CFSR reanalysis data were perturbed every 6 hr by the derived climate
change signal in order to provide the WRF model with initial and boundary conditions for future
climate projections.
2.5. Rainfall‐Runoff Modeling
To assess climate change impacts on multivariate drought characteristics, the conceptual hydrological
model (Hymod) was used to predict daily streamﬂow in four major river basins located in South Central
Texas of the United States (Figure 3b). The daily streamﬂow was predicted based on the projected changes
of precipitation and PET through the convection‐permitting WRF simulations. PET is the maximum amount
of water that would be evapotranspired if water availability were unlimited, which is calculated using the
FAO‐56 Penman‐Monteith equation based on four climate variables including relative humidity, wind
speed, solar radiation, and air temperature (Allen et al., 1998).
The Hymod is a parsimonious rainfall‐runoff model based on the probability‐distributed model (Moore,
2007), which has been widely used to perform uncertainty assessment of hydrological predictions for many
river basins around the world (Herman et al., 2013; Roy et al., 2017; Sadegh & Vrugt, 2013; Wang et al., 2015).
The Hymod consists of two modules, including a soil moisture accounting module and a routing module.
The soil moisture accounting module is built based on the probability‐distributed soil storage capacity principle introduced by Moore (1985). The distribution function of storage capacity is calculated by


C bexp
F ðCÞ ¼ 1− 1−
; 0≤C≤C max
C max

(12)

where Cmax denotes the maximum soil moisture storage capacity within the river basin, and bexp is a coefﬁcient governing the nonlinearity of the storage capacity. In the Hymod, parameter β divides the soil overﬂow
into quick‐ and slow‐ﬂow routing. The quick‐ﬂow routing includes a Nash cascade of three tanks, while the
slow‐ﬂow routing contains only a single tank. The quick‐ and slow‐ﬂow processes are controlled by rate constants Rq and Rs, respectively. The simulated streamﬂow is the sum of quick and slow ﬂow. Thus, the Hymod
has ﬁve model parameters, including Cmax, bexp, β, Rs, and Rq. More detailed descriptions on the Hymod can
be seen at Moore (2007). Since the ﬁve parameters cannot be estimated with certainty, an uncertainty range
was initially given for each parameter (see Table S2 of the supporting information).
2.6. MCMC Simulation
The MCMC algorithm has been recognized as an effective tool used to address uncertainties in model parae X, and θ signify a discrete vector of measurements, the
meters within a Bayesian framework. Assume that Y,
forcing variables, and the unknown model parameters, respectively. By using a Bayesian formalism, the posterior distribution of model parameters can be derived by
e ¼
p θY

e θ
pðθÞp Y
e
p Y

(13)

e denote prior and posterior distributions of model parameters, respectively, and p
where p(θ) and p θ Y
e jθ ≅L θ Y
e
Y
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constant, which is not required for the posterior estimation in practice. Thus, equation (13) can be rewritten as
e ∝pðθÞL θ Y
e
p θY

(14)

e is the likelihood function that represents the distance between model simulations and obserwhere L θ Y
vations. Assume that the error residuals are uncorrelated and normally distributed, the likelihood function
becomes
"

#
eyt −yt ðθÞ 2
1
1
e ¼ ∏ pﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃ exp −
L θY
et
2
σ
t¼1
2πe
σ2
n

(15)

e is the estimated standard deviation of the measurement error.eyt and yt(θ) are the observation at time
where σ
t and the model simulation given parameter θ at time t. For simplicity and numerical stability, equation (15)
can be logarithmically transformed to


n
1 n ey −y ðθÞ 2
e ¼ − n logð2π Þ− ∑ f logðσ
et Þg− ∑ t t
L θY
et
2
2 t¼1
σ
t¼1

(16)

Once the prior distribution and the likelihood function are speciﬁed, the Monte Carlo method is used to generate a sample of posterior distributions of model parameters.
The MCMC algorithm was developed based on a Markov chain that generated a random walk through the
search space with the stable frequency stemming from a ﬁxed probability distribution until the convergence
to a stationary posterior distribution (Sadegh et al., 2017; Vrugt, 2016; Vrugt et al., 2008). In this study, the
MCMC algorithm was used to address uncertainties in copula parameters and hydrological model parameters, leading to probabilistic projections of multivariate drought characteristics.
2.7. Data Sources
The PRISM data set was used to evaluate historical WRF simulations over Texas. The PRISM data set is a
gridded data set with a 4 × 4‐km grid resolution, which was produced using the terrain‐aware interpolation
techniques based on a number of gauge observations. In addition, the MOPEX data set was used to calibrate
and validate hydrological simulations as well as to assess historical hydrological droughts based on SRI. A
total of 15 years of daily streamﬂow from January 1981 to December 1995 was collected for each of the four
major basins including Guadalupe, Blanco, Mission, and Frio river basins located in South Central Texas
(Figure 3b). Due to the lack of long‐term observations of soil moisture, the WRF‐simulated soil moisture
was used to assess historical agricultural droughts based on SSI. The soil moisture was averaged over the
neighboring window of size 3 × 3 centered at each MOPEX station in order to eliminate the bias caused
by the spatially heterogeneous surface. The monthly MOPEX streamﬂow and the monthly WRF‐simulated
soil moisture were used together to conduct the multivariate assessment of droughts including hydrological
and agricultural droughts over South Central Texas.
When hydrological model simulations were calibrated based on the MOPEX observations for the 10‐year
period from January 1981 to December 1990 and then validated for the 5‐year period from January 1991
to December 1995, daily streamﬂow was predicted for each of the four Texas major river basins over the period from January 2085 to December 2099 based on the projected future changes in precipitation and PET
derived from the WRF simulations. Different temporal scales (i.e., 3‐, 6‐, and 12‐month) streamﬂow and soil
moisture were then utilized to examine the projected changes in future multivariate drought characteristics.

3. Results and Discussion
3.1. Probabilistic Construction of Copulas
In this study, a total of 16 types of probability distributions were used to ﬁt the theoretical CDF of soil moisture and runoff, and then the optimal CDF was chosen according to the derived values of AIC, BIC, and AICc.
Figures 4 and 5 present the comparison between the empirical CDF and the theoretical CDF for 3‐, 6‐, and
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Figure 4. Comparison between the empirical CDFs and the theoretical CDFs for 3‐, 6‐, and 12‐month soil moisture. The
red points denote the empirical CDF, while the black lines denote the ﬁtted optimal theoretical CDF. CDF = cumulative
distribution function.

12‐month soil moisture and runoff in the four river basins. Overall, there is a good agreement between the
theoretical CDF and the empirical CDF across different temporal scales. The marginal posterior
distributions of copula parameters estimated using the MCMC algorithm are well approximated by
normal distributions (see Figure S1 of the supporting information).
By using the posterior distributions of copula parameters, the probabilistic joint CDF can be constructed to
represent the dependence between soil moisture and runoff across different temporal scales for the four river
basins (Figure 6). The results of goodness‐of‐ﬁt tests for copulas are shown in Table S3 of the supporting
information. It is indicated that the theoretical copulas can be used to well characterize the dependence

Figure 5. Comparison between the empirical CDFs and the theoretical CDFs for 3‐, 6‐, and 12‐month runoff. The red
points denote the empirical CDF, while the black lines denote the ﬁtted optimal theoretical CDF. CDF = cumulative
distribution function.
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Figure 6. The ﬁtted probabilistic contours of joint CDFs of soil moisture and runoff across different temporal scales in the
Guadalupe (a–c), Blanco (d–f), Mission (g–i), and Frio (j‐l) river basins. The gray points denote the sample pairs of soil
moisture and runoff across different temporal scales, while the highlighted black and red points are the critical samples
with potential drought risks identiﬁed by the PMDI. The colored ribbon represent the joint CDF isolines with uncertainty
intervals. The gray shaded area denotes critical cases where the univariate CDFs are larger than 0.2 but the joint CDFs are
less than 0.1. CDF = cumulative distribution function; PMDI = probabilistic multivariate drought index.

between soil moisture and runoff for all river basins across various temporal scales. For example, Clayton,
Gumbel, Frank, and Gumbel are identiﬁed as the optimal copula families for modeling the dependence
between the 3‐month soil moisture and runoff in the Guadalupe, Blanco, Mission, and Frio river basins,
respectively. Both the NSE and RMSE values were calculated to determine the optimal copula families. In
addition, uncertainties in copula parameters were addressed in this study using the MCMC algorithm,
improving the reliability of dependence structures derived by copulas.
Figure 6 depicts the contours of the joint CDFs with uncertainty ranges owing to copula parameter uncertainties. It can be seen that remarkable uncertainties appear in the derived dependence structures, especially
for the Mission river basin (see Figures 6g–6i). These joint CDFs with uncertainty ranges lead to probabilistic
drought assessment. Such a probabilistic quantiﬁcation of multivariate drought characteristics improves
upon deterministic drought indices by improving drought risk assessment. For example, the red points, as
shown in Figure 6, fall within the uncertainty range of the contour line of 0.2 which is the threshold of
droughts. These points may be not identiﬁed as a drought event using deterministic drought indices, resulting in an underestimation of droughts. In addition, the red points falling within the uncertainty range of the
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contour line of 0.1 which is the threshold of severe droughts can be identiﬁed as a moderate drought event
(higher than 0.1) using deterministic drought indices without taking into account copula parameter uncertainties. On the other hand, the multivariate drought characterization is able to explicitly reveal potential
risks of drought assessment. As shown in Figure 6, the gray shaded area represents the risk of severe multivariate droughts with joint CDF lower than 0.1, while the soil moisture and runoff with marginal probability
higher than 0.2 are considered to be not dry separately. By comparing the size of the gray shaded area, it can
be seen that the joint drought risks at Mission and Frio river basins are relatively high. It is thus necessary to
pay close attention to severe multivariate drought events (as highlighted by black points in the gray shaded
area) for all river basins across different temporal scales in order to improve the reliability and robustness of
drought risk assessment.
3.2. Assessment of Multivariate Drought Characteristics
The copula‐based PMDI was introduced to conduct probabilistic assessments of multivariate drought characteristics. Figure 7 presents the temporal variations of the derived 3‐, 6‐, and 12‐month PMDI, SSI, and SRI
for the Guadalupe, Blanco, Mission, and Frio river basins during 1981–1995. It can be seen that there are
considerable discrepancies between the time series derived by SSI and SRI although the general pattern is
consistent. For example, the 6‐month SSI detects two relatively short‐duration drought events while the 6‐
month SRI identiﬁes a relatively long duration and severe drought event during 1989–1990, as highlighted
by the shaded area in Figure 7e. The total number of drought events detected by SSI and SRI is also different.
For example, by using the SSI, the number of short‐, medium‐, and long‐term drought events for the
Guadalupe river basin is 15, 12, and 8, respectively; however, the number of corresponding drought events
identiﬁed based on the SRI becomes 7, 4, and 2, respectively. This discrepancy further suggests the necessity
of multivariate drought assessments.
Owing to uncertainties in copula parameters, the PMDI is derived with uncertainty intervals, in which the
upper and lower bounds of the interval represent the best‐ and worst‐case scenarios of droughts, respectively. The PMDI and especially the worst‐case scenario of the PMDI are lower than either of the SSI and
SRI values, indicating that the joint drought risk can be ampliﬁed while taking into account multivariate
assessment of droughts (i.e., the simultaneous occurrence of different types of droughts). For example, for
the Guadalupe river basin, the longest short‐term drought events based on SSI, SRI, and the worst‐case scenario of the PMDI last for 5, 15, and 29 months, respectively. The corresponding average drought severities
are 1.5, 2.5, and 5, respectively. This indicates that the severity and intensity of drought events can be ampliﬁed based on the introduced PMDI. The ampliﬁed effects on drought characteristics can also be found for the
Blanco, Mission, and Frio river basins across various temporal scales. The drought characteristics identiﬁed
by the worst‐ and best‐case PMDI also differ greatly. For example, the shaded area of Figure 7e indicates that
the best‐case scenario corresponds to two moderate drought events that last 4 and 8 months, respectively. By
contrast, the worst‐case scenario identiﬁes a long‐duration drought event that lasts 21 months. It is thus
necessary to take into account different scenarios of droughts in order to conduct a robust drought risk
assessment. In addition, the PMDI is able to improve drought risk assessment through alerting water
resource managers to possible threats that would be otherwise missed by univariate drought indices. For
example, a drought event occurring in the Blanco river basin in 1994 can be captured based on the PMDI,
as shown in the shaded area of Figure 7b. However, such a drought episode cannot be detected by SRI
and SSI, resulting in an unreliable drought risk assessment. As shown in the shaded area of Figure 7e, the
worst‐case scenario of the PMDI also detects the drought onset a month ahead of the SSI and SRI values,
which provides meaningful insights into drought evolution under the worse‐case scenario so that the
drought losses can be minimized. A detailed summary of drought characteristics detected by the introduced
PMDI, SSI, and SRI is provided in Table S4 of the supporting information.
3.3. Evaluation of Convection‐Permitting Climate Simulations
To project future changes in multivariate drought characteristics at a high spatial resolution, the convection‐
permitting WRF climate simulation was conducted in this study to generate the relevant climate variables
including temperature, precipitation, soil moisture, and evapotranspiration. Before projecting the future climate information, the performance of the WRF model needs to be evaluated against historical observations.
Since all droughts originate from the deﬁciency of precipitation, the WRF‐simulated precipitation was compared with the PRISM data sets.
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Figure 7. Comparison of 3‐ (a–d), 6‐ (e–h), and 12‐month (i–l) SRI, SSI, and PMDI for the four river basins over South
Central Texas. The y axis represents dimensionless values of SRI, SSI, and PMDI. The red horizontal lines denote the
drought warning threshold (−0.8) in this study. PMDI = probabilistic multivariate drought index; SSI = standardized soil
moisture index; SRI = standardized runoff index.

Figure 8 present the spatial distributions of the 15‐year seasonal mean precipitation derived from the WRF
simulation and the PRISM data sets, as well as their absolute and relative biases in spring (March‐April‐May,
MAM), summer (June‐July‐August, JJA), fall (September‐October‐November, SON), and winter (December‐
January‐February, DJF), respectively. In general, the WRF simulation and the PRISM data set show a similar spatial pattern of the seasonal mean precipitation for all seasons. The spatial patterns of absolute and
relative differences show a signiﬁcant seasonal variation. The WRF simulation tends to overpredict the seasonal precipitation for the spring (MAM) and summer (JJA) over the study area. In contrast, the consistency
between the WRF‐simulated precipitation and the PRISM precipitation is higher in the fall (SON) and
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Figure 8. Spatial patterns of 15‐year seasonal mean precipitation generated from the PRISM observation, the WRF simulation, absolute model bias (WRF‐PRISM),
and relative model bias. (a–d) MAM, (e–h) JJA, (i–l) SON, and (m–p) DJF. WRF = Weather Research and Forecasting; PRISM = Parameter‐elevation Regressions
on Independent Slopes Model; SON = September‐October‐November; MAM = March‐April‐May; JJA = June‐July‐August; DJF = December‐January‐February.

winter (DJF) months. Speciﬁcally, the WRF simulation performs well at South Central Texas for all seasons,
which is the focus of this study and thus ensures the credibility of simulation results.
In addition to the difference between the WRF‐simulated precipitation and the PRISM precipitation, the difference between the CFSR precipitation and the PRISM precipitation for the summer months (JJA) is also
examined (see Figure S2 of the supporting information). The difference of the WRF‐PRISM summer precipitation is much smaller than that of the CFSR‐PRISM summer precipitation, especially for South Central
Texas. This indicates that the WRF‐simulated precipitation signiﬁcantly outperforms the CFSR precipitation
for the summer months. This is because the convective precipitation is prevalent during the summer season
over South Central Texas, which cannot be captured by the coarse‐resolution model simulations. The CFSR
product with a relatively coarse spatial resolution is thus unable to characterize the detailed spatial variability of the convective precipitation. In comparison, the WRF model enables the kilometer‐scale simulation of
convective summertime precipitation, well reproducing the historical precipitation pattern and the ﬁne‐
scale spatial heterogeneity. Since droughts result from a deﬁciency of precipitation over an extended
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Figure 9. Posterior distributions of hydrologic model parameters (Cmax, bexp, β, Rs, Rq) in the Guadalupe, Blanco,
Mission, and Frio river basins.

period of time, the accurate simulation of precipitation is crucial to enhancing the reliability of drought risk
assessment. In addition, the precipitation is the most important climate variable affecting the hydrological
cycle; the reliable projection of high‐resolution precipitation information plays a key role in assessing the
climate change impacts on future hydrological drought characteristics.
3.4. Probabilistic Rainfall‐Runoff Predictions
Probabilistic rainfall‐runoff simulations were carried out in this study to assess changes in streamﬂow
regimes for the four major river basins in South Central Texas, including Guadalupe, Blanco, Mission,
and Frio river basins. The uncertainty in hydrological model parameters was explicitly addressed through
the MCMC simulations. Figure 9 depicts the marginal posterior distributions of the ﬁve model parameters
for the four river basins. To validate the hydrological model, the derived posterior parameter distributions
were used to predict daily streamﬂow time series that can then be compared against the streamﬂow observations obtained from the MOPEX data set. Figure 10 presents the daily streamﬂow predictions with the 95%
uncertainty range in the calibration period (1981–1990) and the validation period (1991–1995) for the four
river basins. It can be seen that a large majority of the predicted streamﬂow time series match well with
the observations although some of high ﬂows cannot be captured due to the deﬁciency of conceptual hydrological models. Multiple model structures including both conceptual and physically based models will be
used in future studies to improve the accuracy of high ﬂow simulations. For the calibration period,
87.51%, 85.08%, 90.12%, and 97.62% of observations fall within the 95% uncertainty range of streamﬂow predictions for Guadalupe, Blanco, Mission, and Frio river basins, respectively. For the validation period,
87.84%, 84.06%, 85.87%, and 96.88% of observations are captured in the uncertainty range of streamﬂow predictions. The large proportion of observations captured in the prediction uncertainty range indicates that the
hydrological model can be used to characterize the rainfall‐runoff process in the four river basins over South
Central Texas.
Since precipitation is the most important variable affecting hydrological regimes and drought characteristics, the spatial patterns of 15‐year daily mean precipitation for the future climate and the absolute difference
between past and future climates are shown in Figure 11. It can be seen that the study domain is dominated
by a drying climate except for south Texas and the Gulf of Mexico. The projected daily precipitation can be
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Figure 10. Daily rainfall‐runoff predictions for the (a) Guadalupe, (b) Blanco, (c) Mission, and (d) Frio river basins over
South Central Texas over a period of 15 years (1981–1995). The light blue area represents the predicted streamﬂow time
series with the 95% uncertainty range. Red dots represent streamﬂow observations. The dark blue line represents precipitation observations.

used to predict future streamﬂow regimes by using the hydrological model validated against historical observations. Figure 12 presents the probabilistic prediction of future rainfall‐runoff time series. Compared with
the historical precipitation, the intensity of the future extreme precipitation is expected to increase for the
four river basins. Speciﬁcally, the total amount of the heaviest rainfall event during 1981–1995 are 98, 90,
187, and 61 mm for Guadalupe, Blanco, Mission, and Frio river basins, respectively; in comparison, the corresponding amounts of future rainfall are projected to increase up to 160, 123, 310, and 255 mm, respectively.
Furthermore, the number of future heavy rainfall events with daily precipitation larger than 25 mm is projected to increase by 34%, 12%, 68%, and 49%, respectively. In addition, the number of future dry days with
total precipitation less than 1 mm is also projected to increase for the four river basins. Speciﬁcally, 75% of

Figure 11. Spatial patterns of 15‐year daily mean precipitation for (a) the future climate and (b) the absolute difference in
precipitation between the past and future climates.
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Figure 12. Probabilistic daily rainfall‐runoff projections for the four major river basins over South Central Texas by the
end of the 21st century. The light blue area and the dark blue line represent the projected streamﬂow and precipitation,
respectively. (a and b) Guadalupe, (c and d) Blanco, (e and f) Mission, and (g and h) Frio river basins.

the days are dry for all the four river basins in the past, which are projected to increase up to 83%, 83%, 83%,
and 88%. Our ﬁndings reveal that the frequency and intensity of extreme precipitation are expected to
increase in a changing climate although there will be a reduction in the number of rainfall events over
South Central Texas. It should be noted that the future changes in hydroclimatic regimes are projected under
RCP8.5, which is the high emissions pathway (emissions are assumed to continue increasing throughout the
century). The projected frequency and intensity of extreme events would vary under different emissions
pathways. What will be the evolution of future drought characteristics in view of the increasing trend in
extreme precipitation under climate change? To answer this question, future changes in multivariate
drought characteristics were assessed based on the introduced PMDI.
3.5. Projected Changes in Joint Drought Characteristics
The copula‐based PMDI was used to assess future changes in multivariate drought characteristics across different temporal scales based on the projected streamﬂow and soil moisture. Figures 13a–13d present the 3‐
month PMDI for assessing the short‐term drought characteristics in past and future climates for Guadalupe,
Blanco, Mission, and Frio river basins, respectively. The worst‐case scenario of the PMDI represents the
maximum risk of joint droughts including the hydrological drought as a result of the streamﬂow deﬁcit
and the agricultural drought as a result of the deﬁciency of soil moisture. It provides meaningful insights into
the understanding and assessment of joint drought risks, which is crucial to developing a proactive hazard
preparedness plan. Thus, the worst‐case scenario of the PMDI was used to assess changes in multivariate
drought characteristics. It can be seen that the temporal variation of the 3‐month PMDI in past and future
climates is generally consistent, which is also demonstrated by the similar number of historical and future
drought events. Nevertheless, the projected future climate change has a considerable inﬂuence on the
short‐term drought characteristics. Speciﬁcally, the short‐term drought duration is projected to be greatly
shortened by the end of this century. For example, the longest historical drought events for Guadalupe,
Blanco, Mission, and Frio river basins last for 29, 25, 31, and 30 months, respectively. By contrast, the maximum duration of future droughts becomes 16, 22, 10, and 10 months, respectively. This indicates that the
long‐lasting droughts are expected to evolve into a series of the short‐duration droughts due to the projected
increase in the frequency and intensity of extreme precipitation under climate change. In addition, the
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Figure 13. Comparison of multivariate drought characteristics in past and future climates based on 3‐ (a–d), 6‐ (e–h), and
12‐month (i–l) PMDI. The red horizontal lines denote the drought warning threshold used in this study. PMDI = probabilistic multivariate drought index.

average drought intensity is projected to increase by the end of this century. For example, the average
intensities of historical droughts for Guadalupe, Blanco, Mission, and Frio river basins are 0.58, 0.65, 0.62,
and 0.70, respectively. The corresponding average intensities of future droughts increase up to 0.74, 0.76,
0.70, and 0.75, respectively. This implies that future drought intensities are expected to increase and
become consistent for the four river basins over South Central Texas in a changing climate. Nevertheless,
it should be noted that the future drought severity is not necessarily projected to increase as a result of the
decreasing drought duration for all river basins.
The 6‐month PMDI was used to assess climate change impacts on the medium‐term droughts. As shown in
Figures 13e–13h, the seasonal cycles of the medium‐term droughts are consistent for historical and future
periods for the four river basins. However, the effects of climate change on the medium‐term droughts
appear to be more pronounced in comparison with the short‐term droughts, especially for the Blanco river
basin (see Figure 13f). Although the number of drought events at the Blanco river basin is projected to
decrease under climate change, the severity and intensity of future droughts are expected to increase by
more than twice by the end of this century. Thus, the Blanco river basin is expected to experience the most
signiﬁcant change in the medium‐term drought characteristics (see Table S5 of the supporting information).
In addition to the Blanco river basin, the other three river basins are expected to experience an increasing
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Figure 14. Temporal variations in hydrological variables and the 12‐month PMDI for historical and future periods in the
Guadalupe river basin. (a–e) The temporal variation in the changes of the 12‐month precipitation, PET, runoff, and soil
moisture as well as PMDI, respectively. PMDI = probabilistic multivariate drought index; PET = potential
evapotranspiration.

intensity and a decreasing severity of future medium‐term droughts due to the reduction in the drought
duration, which is similar to the change in the short‐term drought characteristics. Overall, the future
medium‐term drought events are projected to become shorter and more intense, which provides valuable
information and meaningful insights into agricultural management and crop yields in a changing climate.
To examine climate change impacts on the long‐term droughts, Figures 13i–13l present the comparison of
the 12‐month PMDI for historical and future periods. It can be seen that the duration, severity, and intensity
of future long‐term droughts are projected to increase by the end of this century (see Table S5 of the supporting information). In comparison, the Blanco river basin is expected to experience a signiﬁcant change in the
long‐term drought characteristics under climate change. Speciﬁcally, although the number of future drought
events will decrease for the Blanco river basin, the severity and intensity of droughts are projected to increase
by more than 4 times and nearly double, respectively. In general, our ﬁndings reveal that climate change
impacts on multivariate drought characteristics will intensify with the increasing temporal scales (i.e.,
short‐, medium‐, and long‐term droughts) although the number of future drought events may decrease by
the end of this century. The high‐resolution projection of future changes in multivariate drought characteristics plays a crucial role in strengthening resilience to the climate‐induced drought hazard for facilitating
sustainable agricultural development and water resources planning in a changing climate.
The projected changes in joint drought characteristics present a paradox that droughts are projected to be
more severe while precipitation is expected to become more intense in a changing climate. To address the
paradox, it is necessary to reveal whether soil moisture or runoff plays the dominant role in causing the
severe joint droughts. Thus, we further investigated the changes of hydroclimatic variables (precipitation,
PET, runoff, and soil moisture) and their potential inﬂuence on joint drought characteristics. Figures 14a–
14b present the changes of precipitation and PET at a 12‐month temporal scale for the Guadalupe river
basin. Although the extreme precipitation is projected to increase (Figure 12a), there will be a considerable
decrease in the 12‐month precipitation. The pattern of the 12‐month precipitation change is consistent to the
runoff pattern (Figure 14c) because precipitation is the most dominant climatic factor affecting the runoff
process. By contrast, the PET is projected to increase signiﬁcantly, resulting in a considerable reduction in
soil moisture (Figure 14d). Consequently, the projected decrease in both soil moisture and runoff results
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Figure 15. Assessment of uncertainty in the 3‐month PMDI for the Mission river basin. (a) Temporal variation in degrees
of the PMDI uncertainty for historical and future periods. (b) Time series of the 3‐month SRI for historical and future
periods. (c) Time series of the 3‐month SSI for historical and future periods. PMDI = probabilistic multivariate drought
index; SSI = standardized soil moisture index; SRI = standardized runoff index.

in more severe droughts (Figure 14e). Although the extreme precipitation is projected to increase, more rain
can be absorbed by the drier soils that reduce the volume of runoff. Furthermore, the rising temperature
intensiﬁes the soil water evaporation, further accelerating the drying of soils. As a result, droughts are
expected to become more severe and intense in a changing climate. It should be also noted that the future
changes in multivariate drought characteristics are projected under RCP8.5, which is the high emissions
pathway (emissions are assumed to continue increasing throughout the century). The projected
frequency, intensity, and severity of droughts therefore vary under different emissions pathways.
3.6. Uncertainty Assessment of Multivariate Drought Projections
Since uncertainties in copula parameters and hydrologic predictions were addressed and propagated into
probabilistic drought projections, it is necessary to quantify the contribution of different sources of uncertainty in order to advance our understanding in the copula‐based probabilistic projection of multivariate
drought characteristics. Figure 15a presents the temporal variation in the uncertainty degree (i.e., difference
between the worst‐ and best‐case PMDI) of the 3‐month PMDI for the Mission river basin as an illustrative
example. It can be seen that the degree of uncertainty remains stable at around 0.6 for both the historical
period without the consideration of uncertainty in hydrologic predictions and the future period with the consideration of uncertainty in hydrologic predictions. This implies that the overall uncertainty in multivariate
drought projections is mainly attributed to copula parameters instead of hydrologic predictions. To further
explore different sources of uncertainty, Figures 15b–15c show the 3‐month SRI and SSI for the Mission river
basin. The future SRI is depicted with an uncertainty range due to the consideration of uncertainty in hydrologic predictions. It can be seen that there is an increase in the degree of the PMDI uncertainty (Figure 15a)
when a hydrological drought event occurs (Figure 15b). By contrast, there is little variation in the degree of
the PMDI uncertainty when the agricultural drought event occurs as a result of the deﬁciency of soil moisture (Figure 15c). Our ﬁndings reveal that the uncertainty in hydrologic predictions contributes to the overall
uncertainty in multivariate drought projections only when the hydrological drought event occurs.
Otherwise, the uncertainty in hydrologic predictions can be neglected in comparison with the uncertainty
in copula parameters for probabilistic drought projections.
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Figure 16. Temporal variation in the degrees of the PMDI uncertainty in the 3‐ (a), 6‐ (b), and 12‐month (c) PMDI for the
Frio river basin during historical and future periods. PMDI = probabilistic multivariate drought index.

To assess the change in the degree of the PMDI uncertainty across different temporal scales, Figure 16 presents the temporal variation in the degree of uncertainty of the 3‐, 6‐, and 12‐month PMDI for the Frio river
basin as an illustrative example. The pattern of the PMDI uncertainty appears to be similar for the historical
period across all temporal scales, whereas the degree of the PMDI uncertainty becomes more stable with
increasing temporal scales. This implies that the contribution of the uncertainty in hydrological drought predictions to the overall PMDI uncertainty decreases with the increasing temporal scales. These ﬁndings are
useful for advancing our understanding of different sources of uncertainty inherent in probabilistic projections of multivariate drought characteristics.

4. Summary and Conclusions
In this study, we develop the copula‐based high‐resolution probabilistic projections of future changes in
multivariate drought characteristics, in which a PMDI is introduced to examine the joint effects of the soil
moisture deﬁcit (agricultural drought) and the runoff deﬁcit (hydrological drought) across different temporal scales. The high‐resolution climate projections were developed using the convection‐permitting
WRF model with the 4‐km horizontal grid spacing, and then the probabilistic streamﬂow predictions were
carried out for four major river basins over South Central Texas through the MCMC simulations based on
the WRF‐derived climate information. Furthermore, the copula‐based PMDI was used to characterize future
changes in multivariate characteristics of short‐, medium, and long‐term droughts. In addition, the contributions of different sources of uncertainty, including uncertainties in hydrologic predictions and in copula
parameters, to the overall PMDI uncertainty were examined for probabilistic drought projections.
The introduced copula‐based PMDI improves upon the univariate drought indices not only by taking into
account the joint assessment of droughts (i.e., the simultaneous occurrence of different types of droughts)
but also by addressing best‐ and worse‐case scenarios of droughts resulting from uncertainties inherent in
multivariate drought characterization. Our ﬁndings indicate that the PMDI can be used to improve drought
risk assessment through detecting potential threats that would be otherwise missed by univariate drought
indices. Furthermore, the severity and intensity of drought events can be ampliﬁed based on the PMDI
across different temporal scales. It is thus necessary to conduct probabilistic quantiﬁcation of multivariate
drought characteristics in order to improve the reliability and robustness of drought risk assessment. The
convection‐permitting climate simulations well reproduce historical climate variables through comparison
against CFSR and PRISM data sets, especially for the summertime precipitation over South Central Texas
which is the focused region of this study. This indicates that the convection‐permitting climate
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simulations are able to characterize convective summertime precipitation with kilometer‐scale spatial heterogeneity that cannot be captured by coarse‐resolution model simulations. Since droughts originate from
the deﬁciency of precipitation, the accurate simulation of precipitation is crucial to enhancing the reliability
of drought risk assessment.
The projected future changes in multivariate drought characteristics indicate that the long‐lasting droughts
are expected to evolve into a series of short‐duration droughts due to the projected increase in the frequency and intensity of extreme precipitation in a changing climate. In addition, the average drought
intensity is projected to increase and become consistent for the four major river basins over South
Central Texas, whereas the severity of droughts is not necessarily projected to increase as a result of the
decreasing drought duration. Moreover, our ﬁndings reveal that climate change impacts on multivariate
drought characteristics will intensify with the increasing temporal scales (i.e., short‐, medium‐, and long‐
term droughts), although the number of future drought events may decrease by the end of this century.
The high‐resolution projection of future changes in multivariate drought characteristics across different
temporal scales plays a crucial role in strengthening resilience to the climate‐induced drought hazard
and in facilitating sustainable agricultural development and water resources planning in a changing climate. In addition, our ﬁndings indicate that the uncertainty in copula parameters plays a dominant role
in contributing to the overall uncertainty in probabilistic drought projections. In comparison, the contribution of the uncertainty in hydrologic predictions to the overall uncertainty appears to be less signiﬁcant and
even decreases with the increasing temporal scales. These ﬁndings are useful for advancing our understanding of different sources of uncertainty inherent in probabilistic projections of multivariate
drought characteristics.
It should be noted that the probabilistic prediction of future streamﬂow time series was carried out in this
study through the MCMC simulations based on a conceptual rainfall‐runoff model that cannot well represent spatial heterogeneity of river basins. Although a large proportion of observations can be captured in
the prediction uncertainty range, it is desired to further improve the accuracy of streamﬂow simulations
using physically based hydrologic models in future studies. In addition, the convection‐permitting climate
projections were conducted for a 15‐year future period which may not be long enough to well characterize
the long‐term drought characteristics. It is thus necessary to develop convection‐permitting climate simulations for a long period of time (more than 30 years) when the computational resources are available.
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