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Abstract The reliable projection of future changes in hydrological drought characteristics plays a crucial
role in providing meaningful insights into agricultural development and water resources planning
under climate change. In this study, we develop probabilistic projections of hydrological drought
characteristics through a convection‐permitting climate simulation and a multimodel hydrological
prediction for two major river basins in South Texas of the United States. The probabilistic hydrological
drought projection depicts the future evolution of spatiotemporal characteristics of droughts under best‐ and
worst‐case scenarios. Our ﬁndings reveal that there is a considerable variation in hydrological drought
regimes near the urban area in South Texas. And the prolonged severe drought events are expected to be
punctuated by the increasing extreme precipitation in a changing climate. This could lead to an increasing
number of the dry‐wet abrupt alternation events. Moreover, hydrological droughts are projected to occur
more frequently for the fall season in the Guadalupe River Basin and for the winter season in the Blanco
River Basin, advancing our understanding of future changes in seasonal characteristics of hydrological
droughts at a river basin scale.

1. Introduction
Drought is a disastrous natural phenomenon as a result of the precipitation deﬁcit in a particular region
(Schlaepfer et al., 2017), which has far‐reaching effects on society and the environment, such as the depletion
of water supplies, severe wildﬁres, and the reduction of crop production (Li et al., 2019; Naumann et al., 2018).
A variety of hydroclimatic variables can be used to detect and assess drought hazards, including precipitation,
streamﬂow, soil moisture, snowmelt, and potential evapotranspiration (PET) (McKee et al., 1993). Based on
these variables and their combinations, droughts can be categorized into meteorological, hydrological, agricultural, and socioeconomic droughts (Oguntunde et al., 2017; Zargar et al., 2011; Q. Zhang & Zhang, 2016).
Different types of droughts are correlated with each other as they originate from a deﬁciency of precipitation.
The meteorological and agricultural droughts have been widely studied over the past decade. By contrast,
the hydrological drought has been attracting increasing attention from climatologists and hydrologists in
recent years. The hydrological drought has a widespread impact on agricultural production and socioeconomic development due to the signiﬁcant reduction in the water supply, thereby resulting in a series of chain
effects such as the decrease in agricultural irrigation, the deterioration in water quality, and the reduction in
hydropower generation (Mishra & Singh, 2010; Tabari et al., 2013; Zhu et al., 2019). It is thus necessary to
examine changes of hydrological drought characteristics in a changing climate, which plays a crucial role
in reducing potential risks and damages caused by drought hazards. To understand the hydrological drought
evolution under climate change, streamﬂow is the key variable of assessing climate change impacts on water
availability in the hydrological system (Carvalho & Wang, 2019; Modarres, 2007; Tabari et al., 2013;
Vicente‐Serrano et al., 2011; Yu et al., 2015).
A variety of drought indicators have been developed for assessing the hydrological drought over the past decades (Zargar et al., 2011), including Palmer Hydrological Drought Index (PHDI) (Karl, 1986), Surface Water
Supply Index (SWSI) (Shafer, 1982), Reconnaissance Drought Index (RDI) (Tsakiris et al., 2007),
Standardized Runoff Index (SRI) (Shukla & Wood, 2008), Streamﬂow Drought Index (SDI) (Nalbantis &
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Tsakiris, 2009), Standardized Streamﬂow Index (SSI) (Vicente‐Serrano et al., 2011), and Standardized
Supply‐demand Water Index (SSDI) (Yuan et al., 2017). All these indices were mainly used to analyze historical hydrological drought regimes based on the observations from meteorological and hydrological stations.
Although it is important to understand historical drought events, predicting future changes in
climate‐induced droughts is useful for policymakers and stakeholders to develop sound climate change mitigation and adaptation strategies. It can be expected that the future hydrological drought would become
severer due to the changing climate and the depletion of water resources caused by population explosion
(Pereira et al., 2018; Q. Zhang & Zhang, 2016; Zou et al., 2018).
In recent years, many studies have been devoted to the prediction of the future hydrological drought caused
by the human‐induced climate change (Liu et al., 2012; Oguntunde et al., 2018; Yu et al., 2015; Yuan
et al., 2017; B. Zhang et al., 2019). For example, Z. L. Wang, Zhong, et al. (2018) evaluated future droughts
in the Pearl River Basin using the Palmer Drought Severity Index (PDSI) based on the climate projections
of General Circulation Models (GCMs) from Phase 5 of the Coupled Model Inter‐comparison Project
(CMIP5) under different Representative Concentration Pathways (RCPs) scenarios. Vu et al. (2017) examined future drought conditions in the Vu Gia‐Thu River basin using the Standardized Precipitation Index
(SPI) and SRI based on the climate variables projected from regional climate models. Oguntunde et al. (2017)
examined the features of future droughts in the Volta River Basin using the Standardized Precipitation
Evapotranspiration Index (SPEI), SPI, and SRI based on the climate outputs of eight GCMs. Previous studies
of climate‐induced hydrological droughts were mainly based on the coarse‐resolution climate model simulations, which might result in unreliable drought assessment due to the inability of models to represent the
temporal and spatial heterogeneities in precipitation with complex geographical features (e.g., mountains,
coastlines, and land covers). Furthermore, the small‐scale physical processes such as cloud formation and
convective precipitation are approximated by parameterization schemes in climate modeling, which is considered as a major source of model errors and uncertainties in climate simulations (Prein et al., 2015). This
can result in unreliable assessment of hydrological droughts at a river basin scale.
To improve the projections of future changes in precipitation and hydrological drought characteristics, the
convection‐permitting climate simulations can be performed to explicitly resolve the small‐scale climate
dynamics without the use of convective parameterization (Prein et al., 2015). The convection‐permitting climate modeling with the horizontal grid spacing ≤4 km is recognized as a powerful means to provide more
realistic representation of convection and can be used to simulate the possibility of localized high‐impact
rainfall not resolved by coarser‐resolution climate models (Kendon et al., 2017). Thus, the
convection‐permitting climate modeling can be used to well simulate the spatial and temporal variability
of precipitation, which is the most important climate variable for assessing all types of droughts (Chen
et al., 2020; Wang, Huang, et al., 2017). In addition, uncertainties are inevitable in hydrological drought
assessment, mainly including model structural and parameter uncertainties (Samaniego et al., 2013). It is
thus desired to address both model structural and parameter uncertainties in order to improve the reliability
and robustness of hydrological drought assessment.
The objective of this study is to develop probabilistic projections of hydrological drought characteristics by
addressing both model structural and parameter uncertainties through the convection‐permitting climate
simulations. The Climate Forecast System Reanalysis (CFSR) reanalysis data set will be dynamically downscaled into the high‐resolution climate information using the Weather Research and Forecasting (WRF)
model. The projected climatic variables will then be used to drive two hydrological models to predict future
changes in runoff characteristics for two major river basins in South Texas. A weighted‐average aggregation
method will be used to address model structural uncertainty and the Markov chain Monte Carlo (MCMC)
simulation will be performed to tackle model parameter uncertainty inherent in hydrological predictions,
leading to probabilistic projections of hydrological droughts in a changing climate.
This paper is organized as follows. In section 2, data sets, models, the experiment design, and drought indices
used in this study will be described. In section 3, the convection‐permitting WRF simulation and the probabilistic hydrological prediction will be veriﬁed against observations. In addition, future changes in hydrological droughts response to climate change will be analyzed and uncertainties in hydrological drought
projections will also be assessed. In section 4, the primary novelty of this work and major ﬁndings will be
highlighted.
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2. Data Sets, Models, and Drought Indices
2.1. Data Sources and Study Region
In this study, the observation used to validate the WRF model is the
Parameter‐elevation Regressions on Independent Slopes Model (PRISM)
data set (with a 4 km × 4 km spatial resolution) developed by the
Oregon State University's Climate Group (Daly et al., 2008). The PRISM
interpolates nearly 13,000 surface stations for precipitation by using a
“terrain‐aware” technique. These station data are mainly obtained from
the Snowpack Telemetry network and the National Weather Service
Cooperative Observer Program (COOP) gauge network. The precipitation
of PRISM has been commonly used as a reference in many climate studies
(Liu et al., 2017; Silverman et al., 2013; Wang, Ancell, et al., 2018; Wang,
Geerts, et al., 2018). The PRISM data from 1981 to 1995 were bilinearly
interpolated to the WRF grids for spatial comparison between simulated
and observed climate variables.
To carry out the climate projection using the convection‐permitting WRF
model, a perturbed ensemble mean climate change signal was created
from a total of 15 CMIP5 GCMs (see Table S1 in the supporting information) based on the assessment of model performance in simulating current
climate over North America (Liu et al., 2017).
Model Parameter Estimation Experiment (MOPEX) is an international
project aimed to develop techniques for a priori estimation of parameters
in hydrologic models and in land surface parameterization schemes of
atmospheric models. The MOPEX data set contains a large number of
high‐quality historical hydrometeorological data and land surface characteristics data for a wide range of river basins around the world (Duan et al., 2006). Thus, the MOPEX data
sets were used to conduct hydrological simulations for two major river basins in South Texas, including
Guadalupe River Basin (GRB) and Blanco River Basin (BRB), over the period from January 1981 to
December 1995. The data of the ﬁrst year were used to spin up the model in order to reach an equilibrium
state for hydrological simulations. The remaining 15‐year data were used to simulate daily streamﬂow in
the two river basins. The U.S. Geological Survey (USGS) gauging station data were also collected to calibrate
and validate the hydrological models. Speciﬁcally, both the HYMOD and SWAT models were calibrated
against the observed streamﬂow for the period from 1981 to 1990 and then were validated for the 5‐year period from 1991 to 1995.

Figure 1. The WRF model domain and topography over 10 climate
divisions in Texas. Red triangles represent the location of hydrological
station. Two major river basins of South Texas and urban areas are
highlighted in white and pink, respectively.

The BRB and the GRB form the northern and northwestern headwaters of the larger Guadalupe river system, respectively. The BRB is characterized by karst landscape that consists of limestone and thin soils surface (<1 m), while the GRB varies from the steep, limestone hill that is prone to ﬂash ﬂooding. Climate in
Guadalupe river system is considered as subtropical humid with short mild winters and hot summers.
The region is prone to suffer from frequent droughts; however, later spring and early fall are the wettest period for the passage of continental fronts, which bring short‐duration high‐intensity events. Such climatic features are prone to suffer from hydrological extremes (droughts and ﬂoods), it is thus expected to project
future changes of hydrological drought characteristics in a changing climate.
2.2. Convection‐Permitting Climate Modeling
In this study, the region of Texas is divided into 10 climate divisions according to the U.S. National Climatic
Data Center (NCDC), as shown in Figure 1. The convection‐permitting WRF model was used to simulate
regional climate change over Texas. The computational domain has 380 × 350 horizontal grid points that
cover a total area of 1,520 km × 1,400 km and 51 vertical levels topped at 50 hPa using a single‐domain framework. The resolution of each grid box is 4 km × 4 km, which is ﬁne enough to explicitly resolve the deep
convection instead of parameterizing the convection process (Liu et al., 2011). The temporal resolution of
model outputs is 6‐hr intervals. The National Centers for Environmental Prediction (NCEP) Climate
Forecast System Reanalysis (CFSR) data set with spatial resolution of 38 km was utilized as initial and
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lateral boundary conditions to drive the WRF model. The historical WRF simulation is forced by the 6‐hr
CFSR with spatial resolution of 38 km for the period of 1981–1995. For the experimental design, the WRF
model was conﬁgured with the Yongsei University planetary boundary layer scheme (Hong & Pan, 1996),
the rapid radiative transfer model shortwave and longwave 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).
This model conﬁguration was selected based on 3 years of the WRF simulations with optimal model performance for the study domain (Wang, Geerts, et al., 2018).
To carry out the future climate projection over a period of 15 years from 2085 to 2099, the Pseudo‐Global
Warming (PGW) approach was used to generate a perturbed climate change signal for producing future climate information. As shown in Equation 1, the future WRF simulation is forced by the CFSR with a climate
perturbation for the future period of 2085–2099. The CFSR reanalysis data set is perturbed every 6 hr by the
derived climate change signal to provide the WRF model with initial and boundary conditions for future climate projections under the RCP8.5 climate scenario. The climate perturbation is calculated by the 15‐GCM
ensemble‐mean monthly change between a future 30‐year monthly ensemble mean (2071–2100) and a historical 30‐year monthly ensemble mean (1975–2005) (Rasmussen et al., 2017):
WRFinputð2085–2099Þ ¼ CFSR2085–2099 þ ðCMIP52071–2100 − CMIP51976–2005Þ:

(1)

The perturbed climate change signal includes land surface temperature, geopotential height, humidity, horizontal wind, sea surface temperature, sea level pressure, and soil temperature (Liu et al., 2017; Rasmussen
et al., 2017).
According to Deser et al. (2012) and Liu et al. (2017), the climate change signal from a single GCM may not
be representative due to the large range of climate sensitivity (to greenhouse gas forcing) among current
GCMs. Thus, the climate change signal was created in this study from a multi‐GCM ensemble to improve
the single‐model‐run method, which enabled us to exploit the large range of internal variability and climate
sensitivity of GCMs. Nevertheless, a limitation of the PGW approach is the assumption that the year‐to‐year
and short‐term variations in the present climate are the same in the future (Wakazuki & Rasmussen, 2015).
2.3. Hydrological Model Structure and Parameter Estimation
To assess climate change impacts on hydrological characteristics, a conceptual model (HYMOD) and a physically based model (SWAT) were used to predict daily streamﬂow in two major river basins over South
Texas based on the projected climate variables. The HYMOD and SWAT were combined into a general framework using a weighted‐average aggregation method in order to address the model structural uncertainty.
In addition, the PET was calculated using the FAO‐Penman‐Monteith equation due to its high accuracy of
assessment at different time scales (Allen et al., 1998; Zotarelli et al., 2010). According to the equation, the
PET can be estimated based on the air temperature, relative humidity, wind speed, and solar radiation simulated by the WRF model.
2.3.1. The HYMOD Model
The HYMOD has been widely used for uncertainty assessment of hydrological model parameters and predictions, and it has been applied to predict streamﬂow in various basins around the world (Abera et al., 2017;
Herman et al., 2013; Roy et al., 2017; Wang & Wang, 2019). This model consists of a soil moisture accounting
module and a routing module. The soil moisture accounting module is based on a probability‐distributed soil
function of soil moisture capacity module, as shown below (Moore, 1985):

FðCÞ¼1 − 1 −

C
C max

bexp
0 ≤ C ≤ Cmax ;

(2)

where F(C) represents the cumulative probability of a given water storage capacity (C). Cmax stands for the
maximum storage capacity of soil moisture, and bexp is the shape factor that represents the degree of spatial variability of the soil moisture storage capacity. The routing module includes three quick ﬂow tanks
representing the surface ﬂow and a single slow ﬂow tank representing the subsurface ﬂow. When the soil
moisture capacity is exceeded, excess rainfall is divided into quick and slow ﬂow tanks by a partitioning
factor β. Streamﬂow is the addition of the outputs from quick and slow ﬂow tanks. In this study, all
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model parameters (Cmax, bexp, β, Rq, and Rs) were initially given with an uncertainty range (see Table S2)
and then were calibrated against observations using the MCMC algorithm.
By using the MCMC algorithm within a Bayesian framework, the posterior distributions of hydrological
model parameters were inferred by recursively updating information in the prior parameter distributions
when new observations become available, as shown below:
pðθÞpðỸ jθÞ
;
pðỸ Þ

(3)

pðθjỸÞ ∝ pðθÞLðθjỸ Þ;

(4)

pðθjỸÞ ¼

where θ represents model parameters, Ỹ represents observations, and p(θ) and p(θ|Ỹ) denote prior and
posterior distributions of model parameters, respectively. As (Ỹ) can be treated as a normalization constant, Equation 3 can be simpliﬁed and transformed into Equation 4. In Equation 4, (θ|Ỹ) represents
the likelihood function that quantiﬁes the probability of the observation data generated by a parameter
set. Considering the difference between model simulations and observations based on the assumption that
the error residuals are homoscedastic, uncorrelated, and Gaussian‐distributed with mean zero (Sorooshian
& Dracup, 1980), the likelihood function can be formulated as follows:


1
1 −2
n
LðθjỸÞ ¼ ∏t¼1 pﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃ exp − e
σ ½yet − yt ðθÞ2 ;
2
2πe
σ2

(5)

e donates the standard deviation (SD) of the measurement error of observations, yet represents the
where σ
observation at time t, and yt(θ) is the model parameter θ given at time t. For algebraic simplicity and
numerical stability (Sadegh et al., 2017), Equation 5 can be transformed into
n
n
1 −2 n
e ∑t¼1 ½yet − yt ðθÞ2 :
LðθjỸÞ ¼ − lnð2π Þ − lne
σ2 − σ
2
2
2

(6)

When the prior distributions of model parameters are determined, the posterior parameter distributions can
be derived through the MCMC simulation.
The Differential Evolution Adaptive Metropolis (DREAM) algorithm was adopted to implement the MCMC
simulation. The algorithm was proposed by Vrugt et al. (2008) to run multiple Markov chains in parallel at
the same time. For each Markov chain, it constructs a random walk with an acceptance/rejection rule to
converge into a stationary distribution (Andrieu & Thoms, 2008). The random walk operates using the
Metropolis algorithm introduced by Metropolis et al. (1953). The simulation runs constantly until the
Markov chain converges into the stationary distribution with a posterior probability density function
b diagnostic can then be used to determine the convergence of the DREAM algorithm
(PDF). The multichain R
b
(Gelman & Rubin, 1992). When the R‐statistic
drops below a value of 1.2, the convergence of the posterior
distribution is achieved for model parameters (Vrugt, 2016).
2.3.2. The SWAT Model
The SWAT model (Gassman et al., 2007) is a physically based and continuous watershed simulation model,
which is capable of simulating a high level of spatial details, and thus, it has been widely used for hydrological assessment. The SWAT model uses a basin discretization that divides the study area into several subbasins and Hydrological Response Units (HRUs), and subbasins have unique land use, soil, and slope
categories (Neitsch et al., 2011; Rodrigues et al., 2015). Each HRU conducts a simulation of hydrological processes, and the output water ﬂuxes are routed to the watershed to generate the total discharge values. The
model simulates the hydrological processes at each HRU where water balance calculations are made
(Neitsch et al., 2011). In this study, the SWAT model parameters were estimated with uncertainty ranges
using the SWAT CUP software with the Sequential Uncertainty Fitting (SUFI‐2) (Abbaspour et al., 2015),
as shown in Table S3.
2.3.3. Hybrid Modeling (HYMOD‐SWAT)
Both the HYMOD and SWAT models were used to simulate streamﬂow in the two major river basins for the
15‐year period of 1981–1995, with a 1‐year (1980) warm‐up period. The calibration period was selected from
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Figure 2. Comparison of different types of probability distributions that best ﬁt monthly streamﬂow observations for
Guadalupe River Basin (GRB) and Blanco River Basin (BRB).

1981 to 1990, and the validation period was from 1991 to 1995. The HYMOD and SWAT models were
combined into a general framework using a weighted‐average aggregation method (Rodrigues et al., 2015;
Wilby & Harris, 2006). The weights were calculated in proportion to model performance based on the
adjusted correlation coefﬁcients (CORs), which were computed for the calibration period (1981–1990), and
then the weights were applied for the validation period (1991–1995) and the forecast period (2085–2099) by
Radj

rﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃ
ð1 − r 2 Þðn − 1Þ
;
¼ 1−
n−2

(7)

where Radj is the adjusted COR, r is the linear COR, and n is the sample element. In this study, the linear
COR was calculated based on the best model simulation with the minimum root mean square error
(RMSE) and observation. As for BRB, Radj of HYMOD = 0.82, and Radj of SWAT = 0.80. As for GRB,
Radj of HYMOD = 0.84, and Radj of SWAT = 0.80.
2.4. Standardized Runoff Index
To examine the climate change impacts on hydrological droughts, SRI was applied based on the monthly
runoff in a given river basin (Shukla & Wood, 2008). SRI is recognized as a powerful indicator used to assess
hydrological droughts while considering the effects of natural characteristics in different regions (Dehghani
et al., 2014; Mishra & Singh, 2010; Oguntunde et al., 2017; Vu et al., 2017; Zou et al., 2018). The theoretical
basis of SRI is similar to SPI proposed by McKee et al. (1993). SRI is deﬁned as the unit standard normal deviate associated with the percentile of hydrologic runoff accumulated over a speciﬁc duration (Shukla &
Wood, 2008). The ﬁrst step is to ﬁt a PDF to a given frequency distribution of data series for a gauging station.
Akaike's Information Criterion (AIC), proposed by Akaike (1998), was used to evaluate the ﬁtness of probability distribution, and the best ﬁtted distribution was selected with the minimum AIC value (see Table S4).
As shown in Figure 2, the Generalized Extreme Value (GEV) distribution with the minimum AIC value was
chosen as the best ﬁt for monthly streamﬂow in this study. The PDF parameters of GEV were then used to
derive the cumulative probability of the observed monthly streamﬂow for a period of 15 years. The cumulative distribution function of the GEV distribution is given as follows (Hosking et al., 1985):
FðxÞ ¼ e− ½1 − Kð

x − μ
α

1

ÞK ;

(8)

where K, α, and μ are shape, scale, and location parameters, respectively. The cumulative distribution of
the monthly streamﬂow is then transformed into the standardized normal distribution with mean zero
and variance one. The value of SRI can be obtained by calculating the SD for the magnitude of the
observed streamﬂow deviating from a normally distributed random variable. A threshold of severity for
SRI can be calculated based on the probability of exceeding an observed SRI value. Finally, the hydrological drought can be classiﬁed according to the threshold values of SRI. Based on the run theory (Nam
et al., 2015; Yevjevich, 1969), drought events can be compared in terms of duration, severity, and intensity.
The drought severity is deﬁned as the total area of the SRI below a chosen threshold. The drought intensity can be calculated from dividing the drought severity by the duration.
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The probabilistic projection of hydrological droughts can be developed
based on the SRI incorporating probabilistic hydrological predictions. In
this study, a probabilistic distribution of SRI was generated by addressing
both model structural and parameter uncertainties. A 95% conﬁdence
interval of SRI can then be obtained by calculating the 2.5th and 97.5th
percentiles of the SRI distribution, leading to two hydrological drought
scenarios including the worst‐case scenario (the 2.5th percentile) and
the best‐case scenario (the 97.5th percentile). The SRI with the 95% conﬁdence interval can be used to improve the reliability of drought risk assessment by characterizing uncertainties in hydrological drought prediction.
As shown in Figure 3, the red curve band represents the probabilistic
drought index where the blue curve indicates the drought evolution under
the best‐case scenario and the black curve indicates the drought evolution
under the worst‐case scenario. A hydrological drought event is identiﬁed
when the SRI value is smaller than −1. The duration of the drought event
is the period from the drought onset to termination. The accumulated SRI
Figure 3. Schematic of probabilistic hydrological drought projections value below the threshold of −1 is deﬁned as the severity of a drought
under best‐ and worst‐case scenarios.
event. To assess the multivariate characteristics of a single hydrological
drought event, D_best and D_worst denote the duration of a drought
event under the best‐ and worst‐case scenarios, respectively. S_best and S_worst denote the severity of a
drought event under the best‐ and worst‐case scenarios, respectively. The intensity of the drought event
can then be calculated through dividing the drought severity by its corresponding duration. Thus, I_best
and I_worst denote the drought intensity under the best‐ and worst‐case scenarios, respectively.

3. Results and Discussion
3.1. Validation of Convection‐Permitting Climate Simulations
Figure 4 shows the comparison of spatial distributions of annual mean precipitation over Texas between the
convection‐permitting WRF simulation with the grid spacing of 4 km, the CFSR product with the grid spacing of 38 km, and the PRISM observation for the period from 1981 to 1995. As shown in Figures 4a–4c, there
is a consistent spatial pattern of the annual mean precipitation for all the three data sets. The amount of precipitation is relatively low over West Texas and is increasing eastward gradually. According to the absolute
(Figures 4d and 4e) and relative (Figures 4f and 4g) differences between different data sets (see Table S5 for
the statistical assessment of signiﬁcance of precipitation by the Wilcoxon's rank sum test), there is a signiﬁcant dry bias in South Texas and a signiﬁcant wet bias in North Texas between the WRF simulation and the
PRISM observation, but there is no signiﬁcant difference in Central‐South Texas (Divisions 6–8). The study
area is located in Central‐South Texas (Divisions 6–8) near the mountainous and urban regions (San
Antonio and Austin). The climate variables can be better simulated by the convection‐permitting WRF
model over complex terrains. As for the coarse‐resolution CFSR product, there is a signiﬁcant dry bias in
North Texas and a signiﬁcant wet bias in South Texas.
To better perform a quantitative comparison between WRF and CFSR, the region of Texas is divided into 10
climate divisions according to the U.S. National Climatic Data Center (NCDC), as shown in Figure 1.
Figure 5 presents a quantitative assessment of model simulations using the Taylor diagram. The daily mean
precipitation obtained from WRF has the COR between 0.6 and 0.9, the SD between 1 and 1.5, and the RMSE
between 0.5 and 1. In comparison, the COR values of WRF are larger than those of the CFSR reanalysis, and
the RMSE values of WRF are smaller than those of CFSR for all climate divisions. The larger the COR values
and the smaller the RMSE values, the better the model performance. These results indicate that the
convection‐permitting WRF model has better performance in comparison with CFSR. This is because the
spatial resolution (4 km) of the convection‐permitting WRF model is high enough to explicitly resolve
small‐scale climate processes (convection processes) without the use of parameterization schemes, which
are considered as the major source for model errors and uncertainties. Thus, the convection‐permitting climate model is particularly useful for generating climate change information over complex terrains, such as
watersheds, urban, or coastal regions. In addition, Table S6 shows the comparison of statistics used to evaluate precipitation simulation between WRF and PRISM as well as between CFSR and PRISM during 1981–
CHEN ET AL.
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Figure 4. Comparison of spatial distributions of annual mean precipitation derived from the convection‐permitting WRF
simulation, the CFSR product, and the PRISM observation.
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1995. These indicate that the convection‐permitting WRF model has better performance than CFSR due to the resulting larger SDs and CORs for
all climate divisions of Texas.
Figure 6 depicts the comparison of spatial distributions of seasonal precipitation derived from the convection‐permitting WRF simulation, the
CFSR product, and the PRISM observation. According to the absolute differences between the WRF and the PRISM precipitation (WRF‐PRISM) as
well as those between the CFSR and the PRISM precipitation (CFSR‐
PRISM), it can be seen that both WRF and CFSR can adequately simulate
the precipitation patterns over Texas for the winter months (DJF) in comparison with the PRISM observation. However, the WRF model overestimates the spring precipitation while CFSR tends to underestimate the
spring precipitation over Texas. For summer (JJA) and fall (SON) seasons,
the WRF model greatly improves the performance of precipitation simulation compared to CFSR, especially for South Texas, which is the focused
region of this study. This is because the convective processes (e.g., precipiFigure 5. Comparison of model simulations of daily mean precipitation
tation and cloud processes) are more intense in spring and summer
during 1981–1995 over 10 climate divisions of Texas.
months, which can be explicitly resolved by the convection‐permitting
WRF model without the use of parameterization schemes (Prein et al., 2015). Table S7 shows the assessment
of statistical signiﬁcance on the differences of seasonal precipitation derived from WRF, PRISM, and CFSR
(Figure 6) over 10 climate divisions of Texas.
The WRF model shows better performance in simulating annual and seasonal mean precipitation over Texas
compared to the coarse‐resolution CFSR. In fact, extreme precipitation and drought events are taking place
frequently during wet seasons in Texas (Myoung & Nielsen‐Gammon, 2010). It is thus necessary to conduct
the convection‐permitting climate simulation that can well capture spatial and temporal heterogeneities of
precipitation in Texas. In addition, precipitation is the most important climate variable affecting hydrological processes at a basin scale (Liu et al., 2017). The accurate simulation of precipitation plays a crucial role in
improving the reliability of hydrological prediction and drought assessment (Liu et al., 2017; Prein
et al., 2015).
3.2. Validation of Hydrological Predictions and Reproduction of Drought Events
To assess hydrological drought characteristics, the WRF‐simulated precipitation, temperature, and PET
were used as forcing data to drive the hydrological models for generating streamﬂow time series for the
two major river basins including GRB and BRB in South Texas. There is no signiﬁcant difference between
WRF‐simulated precipitation and observed precipitation at the signiﬁcance level of 5% for the two river
basins (Table S5). In addition, the models were calibrated based on streamﬂow observations for a 10‐year
period from 1981–1990, and then the performance of the calibrated model was validated based on observations over the 5‐year period from 1991–1995.
Figures 7 and 8 depict the comparison of the simulated and observed streamﬂow time series for the BRB and
the GRB, respectively. As shown in Table S8, 84%, 95%, and 92% of observations in BRB are captured within
the 95% uncertainty range of the simulated streamﬂow derived from HYMOD, SWAT, and HYMOD‐SWAT,
respectively. As for GRB, there are 88%, 79%, and 90% of observations captured within the 95% uncertainty
range of the simulated streamﬂow derived from HYMOD, SWAT, and HYMOD‐SWAT, respectively.
Generally, the predictive performance by different hydrologic models is acceptable in terms of
Nash‐Sutcliffe efﬁciency (NSE), coefﬁcient of determination (R2), and the adjusted linear COR. In comparison, the HYMOD‐SWAT model has relatively good performance for both river basins of Texas. This indicates
that the coupled HYMOD‐SWAT model performs superior than individual models and can thus be used to
predict future streamﬂow regimes based on the projected climate information for the two major river basins.
SRI can be used to assess hydrological drought characteristics based on the predicted streamﬂow. Before
assessing future hydrological droughts, it is necessary to examine the skill of SRI in reproducing historical
drought events. Figure 9 depicts two severe drought events taking place during 1984–1985 and 1988–1990
based on the observed streamﬂow in two river basins. In the BRB, the severest drought events took place
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Figure 6. Comparison of spatial distributions of seasonal precipitation derived from the convection‐permitting WRF
simulation, the CFSR product, and the PRISM observation.

during the period from 1989 to 1990, which lasted for 8 months. In the GRB, the severest drought event
occurred in 1984, which lasted for 9 months. These results are in good agreement with the drought report
of Texas (Rosenzweig et al., 2001). The severest drought events hit Texas during the period from 1988 to
1990, which caused the largest economic loss on record in the United States. In addition, SRI captures the
other seven severe hydrological drought events in South Texas from 1981 to 1995. SRI shows high skill in
CHEN ET AL.
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Figure 7. Comparison of observed (red point) and simulated (green bar) streamﬂow time series derived from (a)
HYMOD, (b) SWAT, and (c) HYMOD‐SWAT for the Blanco River Basin. The percentage of observations captured by
the simulated uncertainty interval is (a) 84%, (b) 95%, and (c) 92%, respectively.

reproducing historical hydrological drought events and can thus be applied to assess the future hydrological
drought episodes based on the predicted streamﬂow regimes.
Figure 9 shows the comparison between probabilistic hydrological droughts with a 95% uncertainty range
and observations in the historical period (1981–1995). The best‐ and worst‐case scenarios represent the
97.5th percentile and the 2.5th percentile of the derived SRI distribution, respectively. The pattern of probabilistic droughts agrees well with observations, which indicates that the probabilistic SRI can be used to

Figure 8. Comparison of observed (red point) and simulated (green bar) streamﬂow time series derived from (a)
HYMOD, (b) SWAT, and (c) HYMOD‐SWAT for the Guadalupe River Basin. The percentage of observations captured
by the simulated uncertainty interval is (a) 88%, (b) 79%, and (c) 90%, respectively.
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Figure 9. The time series of the SRI values derived for Guadalupe River Basin (GRB) and Blanco River Basin (BRB)
under best‐ and worst‐case scenarios in the historical period.

predict the long‐term trend and the pattern of hydrological drought evolution. Quantitative assessment is
also conduced to further examine the ability of the probabilistic SRI in reproducing historical drought
events. In the worst‐case scenario, 71% and 76% of observed droughts can be reproduced by the simulated
SRI for GRB and BRB, respectively. Thus, the probabilistic SRI is capable of capturing the pattern and trend
of historical hydrological droughts. This indicates that the probabilistic SRI has high skills of predicting the
long‐term trend and the pattern of hydrological drought evolution in a changing climate.
3.3. Probabilistic Assessment of Hydrological Drought Characteristics
To assess the future hydrological droughts, the time series of the SRI values can be estimated based on the
daily streamﬂow forecast forced by the projected precipitation, and PET. Figures 10 and 11 present the time
series of the projected monthly mean precipitation, PET, daily streamﬂow, and the derived SRI for two river
basins in South Texas. The probabilistic forecast of daily streamﬂow with the 95% uncertainty range was produced to characterize uncertainties in model parameters and model structures (Figure 10b), leading to probabilistic hydrological drought assessment under best‐ and worst‐case scenarios (Figure 10c).
As shown in Table S9, there are signiﬁcant differences between historical and projected future precipitation,
streamﬂow, and SRI for the two river basins (GRB and BRB) based on the Wilcoxon's rank sum test at the
signiﬁcance level of 5%. In addition, Figure 12 presents a comparison of the relative frequency between historical and future daily precipitation in two major river basins. The frequencies of light and moderate precipitation with the amount smaller than 25 mm are projected to decline, whereas the frequency of heavy
precipitation with the amount larger than 25 mm is projected to increase in the future. Results imply that
precipitation extremes are expected to increase by the end of this century, whereas the drying trend can be
attributed to a considerable decrease in light and moderate precipitation. These are in agreement with the
previous ﬁndings (Prein et al., 2016; Villarini et al., 2011; G. Wang, Wang, et al., 2017; Westra et al., 2014).
The statistics of future hydrological drought characteristics including the frequency, duration, and severity
and intensity under best‐ and worst‐case scenarios are provided in Table S10. For the GRB, a total of eight
drought events can be detected for the period from 2085 to 2099 under the best‐case scenario. The longest
duration (D_best) of drought events is 2 months, and the highest intensity (I_best) is −1.39. By contrast, a
total of 23 drought events can be expected under the worst‐case scenario. The longest duration and the highest intensity of drought events are projected to be 10 months and −1.50, respectively. As for BRB, a total of
ﬁve future droughts are detected under the best‐case scenario, with the longest duration (D_best) of 2 months
and the highest intensity (I_best) of −1.35. In contrast, a total of 22 drought events are projected under the
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Figure 10. The time series of the projected monthly mean precipitation, PET, daily streamﬂow, and the derived SRI with
the 95% uncertainty range for the Blanco River Basin (BRB).

worst‐case scenario, with the longest duration of 8 months and the highest intensity of −1.51. This indicates
that the total duration and intensity of projected hydrological droughts will increase under the worst‐case
scenario compared to those under the best‐case scenario, which provides meaningful insights into the
potential risks of drought assessment. It is thus necessary to conduct probabilistic hydrological drought
projections by characterizing different sources of uncertainty in order to reduce potential risks of losses
and damages caused by droughts.
3.4. Projected Changes in Hydrological Drought Characteristics
To assess climate change impacts on hydrological droughts, historical and future SRI values are compared
against each other. As shown in Table S10, under the worst‐case scenario, the number of hydrological
drought events is projected to double by the end of this century for two river basins. The total duration of
droughts is projected to become longer, and the severity and intensity of droughts are projected to increase.
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Figure 11. The time series of the projected monthly mean precipitation, PET, daily streamﬂow, and the derived SRI with
the 95% uncertainty range for the Guadalupe River Basin (GRB).

Figure 12. Comparison of the relative frequency between historical and future daily precipitation in Guadalupe River
Basin (GRB) and Blanco River Basin (BRB).
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Figure 13. The SRI values used to assess historical and future DWAA events under best‐ and worst‐case scenarios based
on HYMOD and SWAT model simulations. The SRI with a value larger than 1 indicates a wet condition, and the SRI
with a value smaller than −1 represents a dry condition. The points located in the yellow rectangle of the upper‐left
corner represent the DWAA events in which a dry condition occurs in ith month (SRIi is smaller than −1) and abruptly
turns into a wet condition in the next month (SRIi + 1 is larger than 1).

Our ﬁndings reveal that the extreme precipitation can abruptly alter the drought condition from dry to wet
for a short period of time. This phenomenon is a dry‐wet abrupt alternation (DWAA). The SRI was used in
this study to evaluate the dry and wet conditions of hydrological regimes. SRIi with a value smaller than −1
represents a dry condition, and SRIi with a value larger than 1 indicates a wet condition in ith month. If the
SRIi + 1 value is larger than 1 (or smaller than −1) in i + 1st month and the SRIi value is smaller than −1 (or
larger than 1) in ith month, this indicates a DWAA event. As highlighted by the yellow rectangles in
Figure 13, the number of DWAA events is projected to increase in a changing climate under the best‐case
scenario, whereas no historical record of such an extreme event is found in the two river basins for both
HYMOD and SWAT model simulations. As for the GRB, there will be a larger increase in the number of
DWAA events under the best‐case scenario in comparison with the worst‐case scenario. As for the BRB,
no DWAA event is projected under the worst‐case scenario. Therefore, the DWAA event is projected to
become more frequent under the best‐case scenario rather than the worst‐case scenario. It should be noted
that when a dry‐wet alternation event is found under the best‐case scenario, it may not be detected simultaneously under the worst‐case scenario due to the uncertainties arising from model structures and parameters (as shown in Figure S1). The DWAA is a new feature and trend of drought anomalies, which can
greatly damage the soil structure and have great potential for causing ﬂash ﬂoods and soil erosion.

Figure 14. The relationship between different thresholds of dry/wet conditions and the number of DWAA events in the
two river basins. The threshold of dry‐wet alternation (e.g., ±0.5) indicates the dry condition is SRI smaller than −0.5,
and the wet condition is SRI larger than 0.5.

CHEN ET AL.

15 of 20

Journal of Geophysical Research: Atmospheres

10.1029/2020JD032914

Figure 15. Frequency of occurrence of historical and future hydrological droughts across four seasons for Guadalupe
River Basin (GRB) and Blanco River Basin (BRB).

Moreover, the DWAA can cause a substantial increase in natural disasters such as landslides and mud‐rock
ﬂows in mountainous areas.
A sensitivity analysis of thresholds used to identify the DWAA event was also performed to conduct a robust
and comprehensive assessment of such extreme events. Previous studies identiﬁed the dry‐wet transition by
a threshold of smaller than −0.5 (Hao et al., 2017; Wu & Chen, 2019; Z. Zhang et al., 2018), which can lead to
a large number of dry‐wet transition events. However, the threshold of smaller than −0.5 does not indicate a
severe drought. Figure 14 presents the relationship between the threshold of dry/wet conditions and the
number of DWAA events. The increasing number of detected DWAA events attributes to a smaller threshold
of dry/wet condition. Moreover, the number of DWAA events is projected to increase under the best‐case
scenario for all thresholds of dry/wet conditions. Compared to the worst‐case scenario, the number of
DWAA events is expected to increase under the best‐case scenario. When the threshold is larger than 0.6
(SRI ≤ −0.6 indicates a dry condition and SRI ≥ 0.6 indicates a wet condition), the number of DWAA events
in the best‐case scenario is larger than the number of DWAA events in the worst‐case scenario. Moreover,
the number of DWAA events in the worst‐case scenario is larger than the number of DWAA in the historical
period. These ﬁndings indicate that the DWAA is expected to become more severe and frequent under the
best‐case scenario (97.5th of the SRI distribution represents a wetter scenario) under climate change.
Figure 15 shows the frequency of occurrence of historical and future hydrological droughts across four seasons for GRB and BRB, respectively. It can be seen that the historical hydrological droughts occurred most
frequently in summer for GRB, and the frequency of future hydrological droughts is projected to become
higher in fall. The seasonal hydrological droughts are expected to experience a temporal shift from summer
to fall for the GRB by the end of the 21st century. As for BRB, the seasonal pattern of future hydrological
droughts is experiencing a temporal shift from fall to winter. These reveal different seasonal changes in
future hydrological drought patterns for two river basins in a changing climate.
It should be noted that although both model parameter and structural uncertainties were addressed in this
study, the other sources of uncertainty (e.g., RCP climate scenarios and forcing data) should also be taken
into account in future studies to further improve the accuracy of hydrological drought projection. In addition, the long‐term convection‐permitting climate simulation (more than 30 years) is desired to enable a
comprehensive assessment of droughts across different time scales when the computational resources
become available.

4. Conclusions
In this study, we develop probabilistic projections of hydrological drought characteristics through a
convection‐permitting climate simulation and a multimodel hydrologic prediction for two major river basins
in South Texas of the United States. The WRF model with the horizontal grid spacing of 4 km shows high
skill in simulating the spatial and temporal variability of precipitation, which is the most important climate
variable for assessing all types of droughts. Moreover, the convection‐permitting WRF simulation can well
represent the spatial heterogeneity of watershed characteristics, which plays a crucial role in assessing
hydrologic responses to droughts. In addition, both model parameter and structural uncertainties
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inherent in streamﬂow prediction are addressed explicitly, leading to the probabilistic projection of hydrological droughts under best‐ and worst‐case scenarios. The proposed probabilistic hydrological drought projection improves the reliability and robustness of drought risk assessment, which is useful for policymakers
and stakeholders to develop sound strategies for drought preparedness and mitigation planning in a changing climate.
The probabilistic hydrological drought projection depicts the future evolution of spatiotemporal characteristics of droughts under the best‐ and worst‐case scenarios that represent the 97.5th percentile and the
2.5th percentile of the SRI distribution, respectively. The probabilistic projection of SRI reﬂects the complexity in hydrological drought assessment due to various sources of uncertainty. By contrast, the worst‐case scenario of drought assessment provides meaningful insights into the potential risk of assessing drought
evolution characteristics. It is thus necessary to develop probabilistic hydrological drought projections by
characterizing different sources of uncertainty in order to improve the reliability of assessing future changes
in drought characteristics under climate change. As the evolution of drought characteristics varies under
best‐ and worst‐case scenarios, optimistic and conservative alternatives can be provided to decision makers
who may choose the appropriate one based on their risk attitudes.
The prolonged droughts are expected to be punctuated by the increasing extreme precipitation events, leading to an increasing number of the DWAA events that can cause ﬂash ﬂoods and soil erosion. A high frequency of hydrological drought events is also projected for the fall season by the end of this century,
especially for the GRB where hydrological droughts are projected to experience a temporal shift from summer to fall. And hydrological droughts are also expected to experience a temporal shift from fall to winter in
the Blanco river basin. These ﬁndings not only advance our understanding of future changes in seasonal
characteristics of hydrological droughts but also provide meaningful insights into agricultural development
and water resources planning for Texas under climate change.

Data Availability Statement
In this study, the PRISM data set was produced by the PRISM Climate Group at Oregon State University,
and the CFSR product was provided by the NCEP. The daily hydrological data were collected from the U.
S. MOPEX data set. The climate outputs from 15 CMIP5 GCMs (Table S1) were collected to generate the
perturbed ensemble mean signal. All the hydroclimatic data ﬁles can be accessed online (at https://data.
mendeley.com/datasets/ydv2d2cmfp/2).
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