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 Recent drought events in the Mekong River Basin (MRB) have resulted in devastating environmental and economic
losses, and climate change and human-induced alterations have exacerbated drought conditions. Using hydrologic
models andmultiple climate change scenarios, this study quantified the future climate change impacts on conventional
and flash drought conditions in the MRB. The Soil and Water Assessment Tool (SWAT) and Variable Infiltration
Capacity (VIC) models were applied to estimate long-term drought indices for conventional and flash drought condi-
tions over historical and future periods (1966–2099), using two emission scenarios (RCP 4.5 and RCP8.5), and four
climate models from the Coupled Model Intercomparison Project Phase 5 (CMIP5). For the conventional drought as-
sessment, monthly scale drought indices were estimated, and pentad-scale (5 days) drought indices were computed
for the flash drought evaluations. There were overall increases in droughts from the SWATmodel for the conventional
drought conditions and overall decreases from the VIC model. For the flash drought conditions, the SWAT-driven
drought indices showed overall increases in drought occurrences (up to 165%). On the contrary, the VIC-driven
drought indices presented decreases in drought occurrences (up to−44%). The conventional and flash drought eval-
uations differ between these models as they partition the water budget, specifically soil moisture differently. We con-
clude that the proposed framework, which includes hydrologic models, various emission scenarios, and projections,
allows us to assess the various perspectives on drought conditions. Basin countries have differential impacts, so
targeted future adaptation strategy is required.
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1. Introduction

Drought is defined as a period inwhich a region experiences a lack of pre-
cipitation over an extended period of time. Drought is one of the most
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expensive natural hazards (Mishra and Singh, 2010) and it is widely
recognized as an environmental disaster that has a negative impact on crop
management, water resource, and various sectors of the economy (Mishra
and Singh, 2010; Sheffield and Wood, 2012; Duan and Mei, 2014). Further-
more, drought is a destructive natural hazard that is linked to increased
wildfire risk, crop losses, reduced power generation, food security, and in-
direct health effects (Westerling et al., 2006; Stanke et al., 2013;
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Cheeseman, 2016). Over the last few decades, climate change and anthro-
pogenic activities have exacerbated drought duration, frequency, and
severity in many parts of the world, and severe drought events have
had some devastating consequences (Trenberth et al., 2014; Sheffield
et al., 2012; Mukherjee et al., 2018; Ahmadalipour et al., 2019). Moreover,
water scarcity has worsened as a result of population growth and the
expansion of the agricultural, energy, and industrial sectors (Mishra and
Singh, 2010; Kang et al., 2019; Kang and Sridhar, 2019, 2020; Kang
et al., 2021).

The Mekong River Basin (MRB) is a transboundary river basin that in-
cludes parts of the countries of China, Cambodia, Lao PDR, Myanmar,
Thailand, and Vietnam, where extreme drought events have been common
in recent few decades (Ruiz-Barradas and Nigam, 2018; Jing et al., 2020;
Kang and Sridhar, 2021). For instance, the drought event of 1997–1998
caused an economic loss of 400 million USD in the agricultural sector in
Vietnam (Shaw and Nguyen, 2011), and the 2004–2005 drought caused
harm to all four countries in the Lower Mekong River Basin (LMB;
Cambodia, Lao PDR, Thailand, and Vietnam) (Food and Agriculture
Organization (FAO), 2005; WFP, 2009). Furthermore, there was an excep-
tional drought in 2015–2016; affecting more than 75% of the LMB (Guo
et al., 2017), with estimated economic losses were 1.7 billion USD in
Thailand (Wipatayotin, 2016) and 669 million USD in Vietnam (VNE,
2016). Moreover, the MRB experienced another catastrophic drought in
2019–2020, wreaking havoc on agricultural production and livelihood ac-
tivities in the region (Keovilignavong et al., 2021). Numerous studies
have indicated that some regions will face increasing extreme drought con-
ditions in the future (Thilakarathne and Sridhar, 2017; Sam et al., 2019;
Kang et al., 2021; Li et al., 2021).

Flash drought is a subset of droughts distinguished by a sudden onset
and rapid intensification (Svoboda et al., 2002; Otkin et al., 2013). Contin-
uous precipitation deficits are generally influencing the development of
conventional droughts. However, other hydro-climatological factors such
as abnormal heatwaves, lowhumidity, and strongwinds, which result in in-
creased evaporative demand and soil moisture depletion due to ET in-
creases, generally influence the severity and rapid development of flash
drought (Otkin et al., 2013; Anderson et al., 2013; Parker et al., 2021). If
these climate anomalies persist for an extended period of time, they can de-
plete surface soil moisture, increase vegetation stress, and result in
the rapid development of drought (Ford et al., 2015; Otkin et al.,
2018; Christian et al., 2019). Flash drought was first investigated by
Otkin et al. (2013, 2014) using the satellite-based evaporative stress
index (ESI; Anderson et al., 2007), and it explored the relationship between
rapid propagation of droughts and evaporative demands. In addition,
the evaporative demand drought index (EDDI) has been developed and
is used to assess flash droughts (Hobbins et al., 2016; McEvoy et al.,
2016). Numerous studies have been conducted in many parts of the
world to investigate various aspects of flash droughts under current and fu-
ture conditions (Basara et al., 2019; Christian et al., 2019; Christian et al.,
2020; Nguyen et al., 2019; Yuan et al., 2019; Noguera et al., 2021). How-
ever, only a limited study on the effects of climate change on the MRB is
available.

Various drought indices have been developed and applied to evaluate
different perspectives of droughts, including meteorological, agricultural,
and hydrological droughts, and they are also used in MRB drought assess-
ments. The Standardized Precipitation Index (McKee et al., 1993) is one
of themostwidely used indices formonitoringmeteorological drought con-
ditions, and is used in a variety of MRB drought assessments, including
drought monitoring (Guo et al., 2017), climate change impacts on droughts
(Li et al., 2021), and historical drought assessments (Zhang and Liu, 2020).
The Standardized Soil Moisture Index (SSI; Hao and AghaKouchak, 2013,
2014) is based on the SPI concept, and the Multivariate Standardized
Drought Index (MSDI) was developed to assess multivariate drought char-
acteristics (Hao and AghaKouchak, 2013, 2014). The initial application of
MSDI used a combination of precipitation and soil moisture. Furthermore,
because MSDI is based on the joint distribution, multiple combinations of
hydrometeorological variables are available (Hao and AghaKouchak,
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2013). In this study, the SSI and MSDI were used to assess the effects of cli-
mate change on conventional (i.e., 12-month scale) and flash drought con-
ditions.

Spatiotemporal variations of hydrometeorological variables are re-
quired to investigate and analyze the drought conditions (Sridhar et al.,
2013; Xu et al., 2015), and large-scale hydrologic models are appropriate
alternatives to estimate soil moisture, evapotranspiration (ET), and runoff,
which are important factors in characterizing the climate change impacts
on droughts (Mishra and Singh, 2010; Kang and Sridhar, 2017; Grillakis,
2019). For instance, the Soil and Water Assessment Tool (SWAT) (Arnold
et al., 1998) has been widely used to simulate historical droughts (Guo
et al., 2017;), drought forecasting (Kang and Sridhar, 2021), and climate
change impacts on droughts (Sam et al., 2019; Kang et al., 2021; Li and
Fang, 2021) in the MRB. In addition, the Variable Infiltration Capacity
(VIC) model (Liang et al., 1994) was also used in the MRB for real-time
drought monitoring (Zhang et al., 2020), impacts of drought on rice pro-
ductivity (Abhishek et al., 2021), and climate change impacts on hydrology
(Sridhar et al., 2019) in the MRB. Therefore, hydrologic modeling-based
drought evaluations lay the groundwork for drought assessments using
multiple drought indices, as well as providing insights into drought man-
agement, preparedness, and mitigation strategies. Thus, the goals of this
study are to evaluate conventional and flash drought conditions over the
historical period (1981–2019) and to assess the effects of climate change
on drought conditions over the next 80 years (2020–2099) using two future
climate projection periods (f1: 2020–2059, f2: 2060–2099). For climate
change simulations, four Coupled Model Intercomparison Project Phase 5
(CMIP5) climate models and two Representative Concentration Pathways
(RCPs) were implemented. This study provides climate change impacts on
droughts using multiple hydrologic models (SWAT and VIC), high-
resolution meteorological dataset, and soil moisture-based drought index,
and the results can serve as a guideline forwater resources and droughtmit-
igation strategies for alleviating drought concerns in the face of natural and
human-induced changes in the MRB.

2. Methods

2.1. Study area

The Mekong River is a transboundary river in Southeast Asia that flows
4800 km from the Tibetan plateau to the South China Sea. The MRB is di-
vided geographically into upper and lower regions, with the dividing
point at Chiang Saen Station (Fig. 1). The MRB includes Cambodia,
China, Lao PDR, Myanmar, Thailand, and Vietnam (MRC, 2005; MRC,
2010), with each country occupying 19.5%, 20.7%, 25.7%, 2.7%, 23.3%,
and 8.1% of the total area (795,000 km2), respectively (Fig. 1). In addition,
the MRB occupies 88.6% of Cambodia, 89.4% of Lao PDR, 36.7% of
Thailand, and 21.0% of Vietnam, demonstrating that the MRB is an impor-
tant basin for many countries in Southeast Asia (MRC, 2010; Table 1). The
distributions of precipitation and temperature in the basin are diverse.
The annual average precipitation for each country ranges from 800 mm
to 1615 mm, with the highest precipitation and average temperature rang-
ing from7.9 °C to 28.0 °C (Table 1) (MRC, 2005; Sheffield et al., 2006; Chen
et al., 2008; Funk et al., 2015). Besides, the Lower Mekong Basin (LMB) is
heavily influenced by monsoonal climate, which results in distinct wet
and dry seasons; the wet season lasts fromMay to October, and the dry sea-
son lasts fromNovember to April (MRC, 2005). Severe to extreme droughts
have occurred in the MRBover the last few decades, and climate change is
expected to exacerbate the frequency and intensity of droughts in some
areas of the MRB (Thilakarathne and Sridhar, 2017; Sam et al., 2019; Li
et al., 2021).

2.2. Hydrological models

The SWATmodel (Arnold et al., 1998) is one of the widely used hydro-
logical models for simulating hydrologic and water quality variables such
as soil moisture, evapotranspiration (ET), runoff, sediment, nitrogen, and



Fig. 1. Spatial maps of the Mekong River Basin (MRB). (a) Black line represents the boundary of the MRB, and red lines indicate the country boundaries. (b) Blue lines
represent the Mekong River, and yellow squares indicate the streamflow stations for calibration and validation.
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phosphorus, as well as the impacts of climate change (Ficklin et al., 2009;
Zhang et al., 2014; Abbaspour et al., 2015; Kang and Sridhar, 2017; Kang
et al., 2021). SWAT is based on hydrological response units (HRUs),
which represent a specific combination of land use, soil, and slope. SWAT
simulates the water budget components based on a water balance equation
(Eq. (1)).

SWt ¼ SW0 þ ∑
t

i¼1
Pday � Qsurf � ETa � Wseep � Qgw (1)

where SWt is the final soil water (mm) on day i, t is the time (days), SW0 is
the initial soil water on day i, Pday is the daily precipitation (mm),Qsurf is the
surface runoff (mm), ETa is the evapotranspiration (ET; mm), Wseep is the
water entering to the vadose zone from the soil layer (mm), and Qgw is
the return flow (mm).

Surface runoff was simulated by the modified Soil Conservation Service
(SCS) Curve Number (CN) method (USDA (U.S. Department of
Agriculture), 1972), which is based on daily precipitation. For the estima-
tion of ET and potential ET (PET), the Penman-Monteith (Monteith, 1965;
Table 1
General information of six countries in the Mekong River Basin (MRB).

Countries Occupation
of
the MRB (%)

Occupation for
the
country (%)

Annual
precipitation
(mm)

Annual
temperature
(°C)

Cambodia 19.5 88.6 1244 28.0
China 20.7 1.8 800 7.9
Lao PDR 25.7 89.4 1615 24.2
Myanmar 2.7 3.4 1210 21.9
Thailand 23.3 36.7 1239 27.3
Vietnam 8.1 21.0 1558 26.2
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Allen et al., 1998; Sridhar and Wedin, 2009; Seong et al., 2018) method
was used in this study. The SWAT model requires a digital elevation
model (DEM), land use, soil, and daily meteorological inputs. In this
study, the Global Multi-resolution Terrain Elevation Data 2010
(GMTED2010; Danielson and Gesch, 2011) with a resolution of 250 m
was used, as was the Global Land Cover Characterization (GLCC; USGS,
2021) to estimate the land use parameters, and the soil dataset was ob-
tained from the Food and Agriculture Organization of the United Nations
(Sanchez et al., 2009). For the model calibration and historical simulation,
a 0.25-degree resolution of precipitation, wind speed, and temperature data
from the GlobalMeteorological Forcing Dataset (GMFD) dataset from 1951
to 2016 (Sheffield et al., 2006) were used, while recent precipitation and
temperature data (2017 to 2019 October) was generated from the Climate
Hazards Group InfraRed Precipitation with Station (CHIRPS; Funk et al.,
2015) and Climate Prediction Center (CPC; Chen et al., 2008) gridded
dataset, respectively.

The VIC model (Liang et al., 1994) is a macroscale and semi-distributed
hydrologic model that simulates water and energy balance for each grid
separately, and it has beenwidely used to assess the hydrology and drought
ofmany river basins around theworld (Wang et al., 2011;Mao et al., 2015).
In addition, the VIC model has been used in various MRB hydrological as-
sessments (Västilä et al., 2010; Tatsumi and Yamashiki, 2015; Zhou et al.,
2016; Bonnema and Hossain, 2017; Sridhar et al., 2019; Ali and Sridhar,
2019; Abhishek et al., 2021).

The vegetation characteristics represented by land cover type, leaf area
index, and albedo values were generated from the Advanced Very High-
Resolution Radiometer data (AVHRR; 1 km resolution). Furthermore, the
soil parameters were extracted from the Harmonized World Soil Database
(HWSD), which is based on the United States Department of Agriculture
(USDA) classification and pedo-transfer functions (Cosby et al., 1984).
The fractional value covered by each vegetation class was used to represent
the contribution of different vegetation types within a grid cell. Water



Table 2
Calibration parameters for the SWAT and VIC models.

Models Parameter description Index Range

SWAT Curve number for moisture condition II r_CN2 −0.25–0.25
Baseflow alpha factor (days) v_ALPHA_BF 0–1
Groundwater delay (days) v_GW_DELAY 0–500
Treshold depth of water in the shallow aquifer
required for return flow to occur (mm)

v_GWQMN 0–1000

Soil evaporation compensation factor v_ESCO 0–1
Available water capacity of the soil layer v_SOL_AWC 0–1
Groundwater “revap” coefficient v_GW_REVAP 0.02–0.2
Surface runoff lag time v_SURLAG 0.05–24

VIC Variable infiltration curve parameter binf 0.1–0.5
Depth of the second and third soil layers D 0.1–1.5
Fraction of maximum velocity of baseflow
where non-linear baseflow begins

Ds 0–0.4

Fraction of maximum soil moisture where
non-linear baseflow occurs

Ws 0.5–1.0

v_: denotes the default parameter is replaced by a given value, and r _: means the
existing parameter value is multiplied by (1+ a given value).

Table 4
Calibration results for the SWAT and VIC models.

Models Stations Calibration Validation

Period NSE R2 Period NSE R2
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infiltration into the soil layers is governed by the variable infiltration curve
(Wood et al., 1992), which is a non-linear function of the fractional satu-
rated area. The VIC model has three soil layers; the first two layers respond
quickly to rainfall, and the bottom layer calculates baseflow using the Arno
model formulation (Franchini and Pacciani, 1991). For the estimation of
total ET, the VIC model uses the Penman-Monteith method (Monteith,
1965; Allen et al., 1998), and it includes the sum of evaporation from
bare soil and canopy, as well as transpiration from vegetation features.
The hydrologic estimation depends on the interaction of soil and vegetation
within a single grid cell, as well as meteorological variables. The VICmodel
was implemented at 5 km spatial resolution (0.05°) of atmospheric forcing
(daily precipitation, maximum and minimum temperatures, and wind
speed) in this study, and it was statistically downscaled to 0.05-degree res-
olution using the Intersectoral Impact Model Intercomparison Project (ISI-
MIP) approach (Hempel et al., 2013). For flow routing, a separate routing
approach developed by Lohmann et al. (1998; 1996) was employed to cal-
culate the volumetric discharge at multiple locations. The unit hydrograph
governed the distribution of travel time within the grid cell and implicitly
accounted for travel time across hill slopes and tributaries connected to
themain channel (Li et al., 2012). The routingmodel required the following
parameters: flow direction, velocity (m/s) for the river routing component,
flow diffusion parameter (m2/s), fraction of the grid cell, location of the
grid cell, and grid cell impulse response function. Model accuracies for
both the SWAT and VIC models were evaluated through comparison of ob-
served and simulated streamflow at seven locations (Fig. 1), and evaluation
criteria included Nash and Sutcliffe efficiency coefficient (NSE) and coeffi-
cient of determination (R2). For the SWAT model, the Sufi-2 algorithm in
the SWAT calibration uncertainty program (SWAT-CUP; Abbaspour,
2007; Abbaspour, 2013) was used, and a manual calibration approach
was applied for the VIC model. Table 2 presents the calibrated parameters
and their ranges. Furthermore, model-driven MSDIs were compared to
the self-calibrated Palmer Drought Severity Index (scPDSI; van der Schrier
et al., 2013; Blunden and Arndt, 2020) to assess how well the drought
index captured drought events in the MRB (Table 3).
Table 3
Drought classifications of MSDI and SSI (Hao and AghaKouchak, 2013).

MSDI, SSI, and SPEI values Drought categories

−2.0 or below Extreme drought
−1.50 to −1.99 Severe drought
−1.0 to −1.49 Moderate drought
−0.99 to 0.99 Near normal
1.0–1.49 Moderately wet
1.5–1.99 Very wet
2.0 and above Extremely wet
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2.3. Terrestrial water storage

The terrestrial water storage change (TWSC) was computed using hy-
drological simulations and compared to satellite-based data from the Grav-
ity Recovery and Climate Experiment (GRACE). GRACE has implemented
the approach for identifying water storage changes at a 1-degree spatial
and 1-month temporal resolution from the Jet Propulsion Laboratory
(JPL) (Swenson andWahr, 2006). The GRACE data provided the terrestrial
water storage anomaly (TWSA), which supported the calculation the
TWSC. The TWSC calculation can be expressed as follows (Eq. (2)):

TWSC GRACE Δtð Þ ¼ TWSA tiþΔtð Þ � TWSA tið Þ (2)

where ti+Δt and ti are the ending and starting times, and Δt is a time step
duration.

The net water balance and TWSC were commonly calculated by the ac-
cumulation of water entering the upper section of the soil columns through
precipitation and the losses of water storage due to runoff and evapotrans-
piration, and themass conservation equation for TWSC is as follows (Eq. 3):

TWSC ¼ P � ET þ Rin � Rout (3)

where P is precipitation, ET is evapotranspiration, Rin is water entering
from adjacent soil, and Rout is runoff. In this study, the SWAT and VIC
models were implemented to compute runoff and evapotranspiration for
the storage change estimations. The models-driven TWSC was then com-
pared to the GRACE-based TWSC to evaluate the hydrological responses
and water storage changes over a period of 14 years (2002 to 2016).

2.4. Climate models

Based on the distribution of the changes in precipitation and tempera-
ture for the future period (2020–2099) compared to historic period
(1966–2005), four global circulationmodels (GCM)were selected as the fu-
ture precipitation and temperature. GCMs from two Representative Con-
centration Pathways (RCPs) 4.5 and 8.5, GFDL-ESM2M, IPSL-CM5A-LR,
MIROC-ESM-CHEM, andNorESM1-M,were able to capture the distribution
of wet/dry and cold/hot conditions in the future, and they were applied in
many hydrological assessments in theMRB (Sridhar et al., 2019; Kang et al.,
2021; Sridhar et al., 2021). The meteorological discrepancies between the
GCMs were bias-corrected at 0.25-degree resolution for the SWAT model
using the Intersectoral Impact Model Intercomparison Project (ISI-MIP)
method based the Global Meteorological Forcing Dataset (GMFD)
(Hempel et al., 2013; Sheffield et al., 2006). Precipitation and temperature
data were statistically downscaled at 0.05-deg spatial resolution for the VIC
simulation (about 5 km).
SWAT Chiang Saen 1984–1990 0.88 0.88 1991–1996 0.90 0.92
Luang Prabang 1984–1990 0.89 0.91 1991–1997 0.92 0.92
Vientiane 1984–1990 0.90 0.91 1991–1996 0.92 0.94
Nakhon Phanom 1984–1990 0.91 0.93 1991–1995 0.82 0.90
Mukdahan 1984–1990 0.92 0.94 1991–1995 0.86 0.92
Pakse 1984–1990 0.89 0.91 1991–1998 0.88 0.90
Kratie 1984–1990 0.88 0.90 1991–1998 0.85 0.89

VIC Chiang Saen 1986–1991 0.90 0.92 1992–1997 0.88 0.88
Luang Prabang 1986–1991 0.84 0.92 1992–1997 0.80 0.89
Vientiane 1986–1991 0.87 0.92 1992–1996 0.90 0.94
Nakhon Phanom 1986–1991 0.92 0.93 1992–1995 0.84 0.92
Mukdahan 1986–1991 0.90 0.93 1992–1995 0.88 0.95
Pakse 1986–1991 0.89 0.92 1992–1998 0.89 0.94
Kratie 1986–1991 0.89 0.90 1992–1998 0.90 0.93
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2.5. Drought indices and flash drought detections

The SWAT and VIC models were implemented to simulate various hy-
drologic components, such as runoff, soil moisture, evapotranspiration
(ET), and potential ET (PET), which were then used to calculate two
drought indices. Drought assessments based on a single hydrometeorologi-
cal variable are limited in their ability to investigate the overall stages of the
drought conditions when compared to assessments based on multiple vari-
ables (Hao and AghaKouchak, 2013, 2014). To account for the joint behav-
ior of two hydrometeorological variables, Hao and AghaKouchak (2013,
2014) developed amultivariate drought evaluation approach; themultivar-
iate standardized drought index (MSDI)was computed by the joint distribu-
tion of soil moisture and precipitation. A nonparametric-based MSDI has
been used in many drought studies around the world (Hao et al., 2014;
Kang and Sridhar, 2017; Real-Rangel et al., 2018; Kang and Sridhar,
2019; Kang et al., 2021). The joint distribution of two variables (X and
Y) is defined as Eq. (4), and the X and Y are monthly precipitation and
soil moisture, respectively.

P X ≤ x, Y ≤ yð Þ ¼ p (4)
Fig. 2.Results of drought validation by a comparison of the self-calibrated PalmerDrough
the Soil andWater Assessment Tool (SWAT) and Variable Infiltration Capacity (VIC)mod
the VIC-driven MSDI values, and blue and dashed lines are the scPDSI for each country
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where p is the joint probability of random variables. Also, MSDI is com-
puted as follows:

MSDI ¼ ∅ � 1 pð Þ (5)

where ∅ is the standard normal distribution.
A nonparametric multivariate drought index (MSDI) based on empirical

joint probability was employed to reduce the uncertainties of fitting the pa-
rameters (Gringorten, 1963; Yue et al., 1999; Hao andAghaKouchak, 2014)
and the joint distribution was calculated by Eq. (6):

P xk , ykð Þ ¼ mk � 0:44
nþ 0:12

(6)

wheremk is the number of occurrences when the pair (xi,yi) is xi≤ xk and yi
≤ yk, and n is the number of observations. The obtained joint probability is
converted to MSDI (Eq. (5)). Besides, a univariate form of the Gringorten
formula was used for the standardized soil moisture index (SSI) (Hao and
t Severity Index (scPDSI) andMultivariate StandardizedDrought Index (MSDI) from
els. Red lines represent the time series of the SWAT-drivenMSDI, black lines indicate
. (a) Cambodia (b) China (c) Lao PDR (d) Myanmar (e) Thailand (f) Vietnam.
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Fig. 3. Time series and monthly average of the Terrestrial Water Storage Change (TWSC) from the hydrologic models and Gravity Recovery and Climate Experiment
(GRACE). Red lines represent the time series of the SWAT-driven TWSC, black lines indicate the VIC-driven TWSC, and blue and dashed lines are the GRACE-based TWSC
for each country. (a,b) Cambodia (c,d) China (e,f) Lao PDR (h,i) Myanmar (j,k) Thailand (l,m) Vietnam.
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AghaKouchak, 2014) (Eq. 7). Table 2 shows the drought categories ofMSDI
and SSI.

P xið Þ ¼ i � 0:44
nþ 0:12

(7)

Rapid decreases in drought indices and drought persistency should be
detected to identify flash droughts (Yuan et al., 2019; Parker et al., 2021),
and soil moisture-based drought indices can identify the flash droughts
(Ford and Labosier, 2017). In this study, the pentad (5 days) scale drought
indices (i.e., MSDI and SSI) were computed to consider the rapid changes in
drought conditions, and flash drought events were detected when drought
indices decreased from above the 40th percentile (e.g., SSI >−0.2) to 20th
percentile (e.g., SSI < −0.8) within three pentads (15 days). The flash
drought events can be terminated if the drought indices return to the
20th percentile, but they should last more than three pentads (Yuan et al.,
2019). The 40th percentile represents near-normal conditions, and the
20th percentile represents moderate drought conditions, according to US
Drought Monitor definitions (Svoboda et al., 2002). These definitions
were used in this study to assess flash drought conditions, while monthly
aggregated drought indices were used to assess conventional droughts for
historical and future periods.

3. Results and discussion

3.1. Model evaluation

For the SWATmodels, the simulated streamflowwas calibrated and val-
idated using the SWAT-CUP, andmanual calibration was carried out for the
VIC model. Calibration processes were critical to guarantee that the hydro-
logic models' water budget simulations were accurate. Table 4 shows the
calibration and validation results for the two models. For the seven ob-
served stations in the MRB, the NSE values were greater than 0.8, which
7

is considered ‘Very good’ for the monthly simulation (Moriasi et al., 2007;
Moriasi et al., 2015).

Long-term historical drought events (December 1981 to October 2019)
were also verified by comparisons of scPDSI and model-driven MSDI at a
moderate drought category level (scPDSI < −2, MSDI < −1). Fig. 2 pre-
sents the time series of scPDSI and MSDIs from SWAT and VIC, as well as
the average calculated for each country. In Cambodia, 59 months were af-
fected by moderate to extreme drought (scPDSI < −2) accounting for an
average of 13.0% of the total period (455 months). For the other countries,
Myanmar was affected by the longest period (85 months, 18.7%), China by
the shortest (27 months, 5.9%), and Thailand, Cambodia, Lao PDR, and
Vietnam by 70, 59, 40, and 31 months, respectively. The SWAT-driven
MSDI captured 48% to 83% of the drought events during the historical ob-
servation period (1981 - October 2019), while the VIC-driven MSDI cor-
rectly estimated 26% to 66% of the drought conditions. The low level of
agreement was caused by the fact that the spatial resolution of scPDSI
(0.5° resolution) was different from the spatial resolutions of SWAT sub-
watersheds (0.25° resolution) and VIC grids (0.05° resolution). Besides, dif-
ferent meteorological data sources were used for these assessments. For the
MSDI estimation, CHIRPS (Funk et al., 2015) and CPC (Chen et al., 2008)
gridded datasets were used, but scPDSI used the Climatic Research Unit
gridded Time Series dataset (CRU TS; Harris et al., 2020), which has a
15% difference in precipitation for the MRB from 1981 to 2019 (Fig. S1
in the supplementary material).

Fig. 3 presents the time series and monthly average of GRACE and
model-driven TWSCs calculated by Eqs. (2) and (3), while Figs. 3(a) to
Fig. 3(l) illustrate the time series and monthly average of TWSCs for each
country. Red lines represent the SWAT-driven TWSC, black lines indicate
the VIC-driven TWSC, and blue and dashed lines are the GRACE-based
TWSC. Overall, the GRACE-based TWSC detected wet (May to October)
and dry (November to April) trends, and it was clear that the SWAT-
driven TWSC closely followed the overall trends for the entire countries,
with seasonal variations of the SWAT-driven TWSC higher than the VIC-



Fig. 4. Precipitation and temperature change in theMRB. The X-axis is the change in precipitation (%), and the Y-axis is the change in temperature (°C). All of the dots indicate
the change in precipitation and temperature for each climate model and future periods. The red dots represent the f1 period, and the blue dots indicate the f2 period.
(a) Results of RCP 4.5. (b) Results of RCP 8.5.
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driven TWSC. Compared to the GRACE-based TWSC, the SWAT-driven
TWSC estimated drier conditions in February, March, August, and October,
and wetter conditions in May, November, and December in Cambodia. In
Lao PDR, Myanmar, and Vietnam, the SWAT-driven TWSC showed drier
conditions in February, March, and October, and wetter conditions from
May to September. Lower seasonal variations of TWSC were observed for
the VIC-driven TWSC than for the SWAT-driven TWSC, with wetter condi-
tionswere estimated fromNovember toMay and drier conditions estimated
from June to October compared to the GRACE-based TWSC. Overall, both
time series and monthly average, the SWAT model showed better perfor-
mances for simulating the wet and dry conditions than the VIC model.
This is driven by the different methodologies for water budget estimation.
The hydrologic model-based water budget simulation and drought
assessment is highly affected by the runoff estimation, and the two models
are based on different concepts. The SWATmodel uses the soil conservation
service (SCS) curve number (CN) (USDA (U.S. Department of Agriculture),
1972), and the VICmodel is based on the variable infiltration curve (Wood
et al., 1992). The SCS CNmethod has been known that it has a higher sen-
sitivity for runoff estimation (Boughton, 1989), and this could lead to those
differences. The better performances were also found from the SWAT
model for capturing those hydrological extremes than the VIC model
(Kang and Sridhar, 2018; Sridhar et al., 2019). However, significant tempo-
ral differences were found from the model-driven TWSC. The SWAT and
VIC models simulated natural flow conditions, whereas the GRACE-based
TWSC included various anthropogenic activities such as dam constructions
and irrigation in the MRB. In addition, the spatial resolution of the models-
driven TWSCwas 0.25° and 0.05°, while the GRACE-based TWSC had a res-
olution of 1°.

3.2. Precipitation and temperature changes

Four GCMs showed a wide range of precipitation and temperature
changes, as predicted by climate models and future periods (f1 period:
2020–2059, f2 period: 2060–2099), ranging from 1.18 °C to 4.96 °C, and
-2.39% and 18.71%, respectively (Fig. 4). RCP8.5 results typically showed
more significant precipitation and temperature changes than RCP 4.5 re-
sults, and it is clear that the overall pattern of precipitation and temperature
increases, but heterogeneous patterns may impact drought conditions in
the future. The hottest scenario was found in MIROC-ESM-CHEM -
RCP8.5 and f2 period (4.96 °C), the wettest in NorESM1-M-RCP8.5 and f2
period (18.7% increase), and the driest in GFDL-ESM2M-RCP4.5 and f1
8

period (2.27% decrease). Fig. 5 presents spatial maps of precipitation and
temperature changes for each country, and the tables accompanying thefig-
ures present the changes in precipitation and temperature for each country.
The wettest scenario (NorESM1-M-RCP8.5 and f2 period) resulted in the
greatest increase in precipitation in Cambodia (25.12%) and Vietnam
(25.12%), while the driest scenario resulted in the highest decrease in
Myanmar (−9.04%). On the other hand, the IPSL-CM5A-LR-RCP8.5 sce-
nario showed higher precipitation decreases in Lao PDR, Myanmar, and
Thailand in both f1 and f2 periods (−8.19% to −4.08%), while the
GFDL-ESM2M-RCP4.5 and f1 period scenario presented the highest precip-
itation decrease in Myanmar (−9.04%). Furthermore, the hottest scenario
resulted in the highest temperature increase (6.0 °C) in China (MIROC-
ESM-CHEM - RCP8.5 and f2 period).

3.3. Climate change impacts on conventional droughts

The SWAT and VICmodels estimated the monthly drought indices based
on simulated soil moisture for the historical and future periods (1966–2099).
Fig. 6 shows the spatial patterns of drought differences between the historical
and future periods, as computed by subtracting the future average of drought
indices from the historical average (future drought indices – historical
drought indices). The yellow to red areas (negative values) represent overall
drought increases in future drought severities, whereas the green areas (pos-
itive values) indicate drought decreases. Fig. 6(a) and (b) present the results
of SSI and MSDI, respectively. The SWAT-driven SSI results clearly showed
overall increases in drought conditions, and the higher severities in the future
were derived from a combination of precipitation decreases and temperature
increases. For example, IPSL-CM5A-LR-RCP8.5 had the lowest values
(−1.67 to−1.06) due to higher levels of precipitation declines (−8.19%
to −4.08%) and temperature increases in Lao PDR, Myanmar, and
Thailand (4.1 °C to 4.6 °C). Similarly, precipitation decreases and tempera-
ture increases were observed in the IPSL-CM5A-LR-RCP8.5 and f1 period
(−1.07 to −0.66) and GFDL-ESM2M-RCP4.5 and f1 period (−0.72 to
0.06). Specifically, higher temperature increases resulted in more severe
drought conditions under the same level of precipitation changes. For exam-
ple, there were similar levels of precipitation increases in Cambodia (3.07%)
and China (2.87%) from MIROC-ESM-CHEM – RCP4.5 and f1 period, but
higher temperature increase was found in China (2.4 °C) than Cambodia
(1.9 °C), resulting in more severe drought in China (−0.81) than
Cambodia (−0.31) for the future period. Furthermore, severe drought in-
creases were observed with a considerable temperature increase, as well as
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a substantial precipitation increase. For MIROC-ESM-CHEM - RCP8.5 and f2
period, the highest temperate increase (6.00 °C) offset 19% of the precipita-
tion increase in China resulting in severe drought conditions in the future
(−1.27). Hence, these results indicated that severe droughts in the future pe-
riods were closely related to spatial variations in hot and dry conditions,
which resulted in increases in ET and declines in soil moisture (Kang and
Sridhar, 2017).

Fig. 6(b) presents spatial maps of MSDI differences from the SWAT
model using the same calculations as SSI. Droughts increased overall for
the entire climatemodel and future periods, similar to the SSI results. How-
ever, the magnitudes of drought increases were smaller than the SSI be-
cause the MSDI estimation was heavily influenced by precipitation
increases. From the wet climate models and periods, relatively small differ-
enceswere foundwhen compared to the SSI differences. In Thailand, for ex-
ample, the NorESM1-M-RCP4.5 and f2 periods resulted in a 19.11%
increase in precipitation. The difference in MSDI was 0.40, but the differ-
ence in SSI was −0.42. Furthermore, a 2.63% increase in precipitation
was observed in Cambodia from the GFDL-ESM2M-RCP 4.5 and f2 periods,
with MSDI and SSI differences of−0.07 and − 0.32, respectively.

The behavior of VIC-driven drought indices, on the other hand, was
somewhat different. Figs. 7(a) and (b) show the SSI and MSDI from the
VICmodel, respectively. Drought conditions improved overall, but the gen-
eral pattern of the changes was comparable to the SWAT-driven drought in-
dices. The results of IPSL-CM5A-LR-RCP8.5 had negative values from most
of the countries during both the f1 and f2 periods, with the SWAT-driven
SSI having the lowest values. Furthermore, the majority of countries had
negative values from GFDL-ESM2M-RCP4.5 and f1 period, with the lowest
precipitation decrease (up to −9.04%) and temperature increase (up to
+1.5 °C). The highest differences were found between NorESM1-M-
RCP4.5 and f2 period (up to 1.11) and NorESM1-M-RCP8.5 and f2 period
(up to 1.32), which corresponded to the SWAT-driven SSI with the highest
Fig. 8. Spatial maps of theflash drought occurrences during the historical observation (19
to February (DJF),March toMay (MAM), June to August (JJA), and September to Novem
light green show the lower levels of the flash drought occurrences, while yellow to red
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precipitation increases among the climate models and periods. The differ-
ences in drought conditions between historical and future periods for the
VIC-driven MSDI were similar to those in SSI, but higher values were
found in some regions where precipitation increases were reported. For ex-
ample, the MIROC-ESM-CHEM-RCP4.5 and f2 periods resulted in an
11.76% increase in precipitation in China. The difference in SSI was 0.68,
but the difference inMSDIwas 0.82. Also, a 3.07% of precipitation increase
was recorded for the MIROC-ESM-CHEM-RCP8.5 and f1 period. The differ-
ence in SSI was −0.07, but the difference in MSDI was 0.08. The IPSL-
CM5A-LR-RCP8.5 and f2 periods resulted in a 6.25% increase in precipita-
tion in Cambodia The difference in SSI was 0.33, but the difference inMSDI
was 0.50.

3.4. Flash drought evaluation

3.4.1. Historical observation (1981 to 2019)
In this study, the flash drought occurrences were estimated using 5-days

intervals (pentads) of SSI and MSDI for the historical observation period
(1981 to 2019), and simulated daily soil moisture and precipitation were
aggregated into a five-day average. Figs. 8 and 9 present the spatial distri-
bution of flash droughts based on the two models and drought indices,
with DJF (December, January, February), MAM (March, April, May), JJA
(June, July, August), SON (September, October, November) representing
each season. Overall, more flash droughts occurred during the JJA and
SON periods than during the DJF and MAM periods in both the SWAT
and VIC models. Fig. 10 presents the average flash drought occurrences
from the two models and drought indices during the historical observation
period, with 2847 pentads recorded (73 pentads for each year). The highest
flash droughts occurred from VIC-MSDI, with 67, 92, 109, and 120 pentads
for the DJF, MAM, JJA, and SON periods, accounting for 9.4%, 12.9%,
15.3%, and 16.9% of the total period. From SWAT-MSDI, there were 63,
81 –October 2019). (a) to (d) represent the results of SWAT-MSDI for the December
ber (SON) periods, respectively. (e) to (h) indicate the results of VIC-MSDI. Green to
represent the higher levels of flash drought occurrences.



Fig. 9. Spatial maps of the flash drought occurrences during the historical observation (1981 –October 2019). (a) to (d) represent the results of SWAT-SSI for the DJF, MAM,
JJA, and SON periods, respectively. (e) to (h) indicate the results of VIC-SSI. Green to light green show the lower levels of the flash drought occurrences, while yellow to red
represent the higher levels of flash drought occurrences.

Fig. 10. Bar charts of the average flash drought occurrences during the historical observation (1981 – October 2019). (a) Results of SWAT-MSDI (b) Results of SWAT-SSI
(c) Results of VIC_MSDI (d) Results of VIC – SSI.
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Fig. 11.Monthly precipitation, temperature, and flash drought occurrences of MSDI and SSI during the historical observation (1981–2019). Temperature and flash drought
occurrences are represented by the primary Y axis (left), and precipitation (bar charts) is represented by the secondary Y axis (right). (a) Results of MSDI. Blue bars indicate
the monthly precipitation, red line represents the monthly average temperature, green line is the flash drought occurrences from SWAT-MSDI, and brown line is the flash
drought occurrences from VIC-MSDI. The black text indicates the monthly precipitation (mm), and black text with yellow boxes represent the monthly average
temperature (°C). (b) Results of SSI. Dark green line is the flash drought occurrences from SWAT-SSI, and dark brown line is the flash drought occurrences from VIC-SSI.
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73, 86, and 101 pentads of flash droughts Flash drought occurrences were
lower in the SSI than in the MSDI. SWAT-SSI generated flash droughts of
29, 33, 32, and 49 pentads, while VIC-SSI generated flash droughts of 27,
40, 55, and 54 pentads. In general, more droughts were captured by
MSDI because it monitors both precipitation and soil moisture drought con-
ditions (Hao and AghaKouchak, 2013, 2014).

Fig. 11 showsmonthly precipitation, temperature, andflash drought oc-
currences in the MRB, and these figures account for general flash drought
behavior. The overall patterns of the SWAT and VIC models are similar,
and the flash drought occurrences are highly affected by precipitation and
temperature variations. In the case of MSDI, the most frequent flash
droughts occurred in May, October, and November due to the higher tem-
peratures and relatively less precipitation than during the JJA period. Pre-
cipitation (145mm)was lower inMay than in JJA, but the temperaturewas
nearly the same or higher (24.5 °C to 25.0 °C). In October and November,
precipitation started to decrease (124 mm to 50 mm), but a higher temper-
ature level resulted in flash droughts. In the JJA period, the temperature
was highest (up to 25.0 °C), but the monsoonal climate with 170 mm to
236 mm precipitation prevented the flash drought from occurring In the
DJF period, relatively few flash droughts occurred due to the lower
17
temperature during the winter season (18.3 °C to 20.1 °C). In the case of
SSI, overall patterns correspond to those of MSDI, but the occurrences of
flash drought were lower than those of MSDI.

3.4.2. Climate change impacts on flash droughts
This study evaluated the impacts of climate change on flash drought oc-

currences in the MRB based on five-day interval drought indices from the
SWAT and VIC models. The flash drought occurrences in the future period
(2020–2099) were compared to the historical period (1966–2005). The fu-
ture periods were divided into two parts: the near future (f1: 2020–2059)
and the far future (f2: 2060–2099), with each period lasting 40 years
(2090 pentads). Figs. 12 and 13 present the average occurrences of flash
drought from the four climate models based on the model-driven drought
indices. Fig. 12 presents the results of the SWAT model, while Fig. 13
shows the results of the VIC model.

The overall patterns of flash drought occurrences in the future periods
were similar to those observed in the past. More flash droughts occurred
during the JJA and SON periods than during the DJF and MAM periods
due to the lower precipitation and higher temperatures, which
corresponded with historical observations. The SWAT-driven MSDI and



Fig. 12. Bar charts of the average flash drought changes during the future period (f1: 2020–2059, f2: 2060–2099). Light blue bars represent the results of the f1 period, and
green bars indicate the results of the f2 period (a) Results of SWAT-MSDI for RCP4.5 (b) Results of SWAT-MSDI for RCP8.5 (c) Results of SWAT_SSI for RCP4.5 (d) Results of
SWAT – SSI for RCP8.5.
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SSI (Fig. 12) showed an increase inflash drought occurrences for all seasons
and future periods, corresponding to the SWAT model's conventional
drought conditions. Furthermore, future temperature increases were
found for all four seasons (Fig. 14(c) and (d)), and they would have a signif-
icant impact on flash drought occurrences in the future. Compared to the f1
period, more flash droughts occurred during the f2 period, and the results
of RCP8.5 produced more flash droughts than RCP4.5 due to higher tem-
perature increases. From the results of SWAT-MSDI and RCP4.5, there
were 32%, 17%, 13%, and 10% increases inflash droughts during the f1 pe-
riod, and 43%, 13%, 19%, and 11% increases during the f2 period for DJF,
MAM, JJA, and SON, respectively. From the SWAT-MSDI andRCP8.5, 30%,
29%, 24%, and 14% increases were found for the f1 period, and 68%, 32%,
26%, and 21% increases for the f2 period. The rates of increase for the DJF
period were higher than other periods because the historical temperature
during the DJF period (18.8 °C) was relatively lower than other periods
(22.7 to 25.1 °C), causing flash drought conditions to react more sensitively
to the higher rates of the temperature increases (7.3% to 19.1%). For the
MAM period, there were increases in flash drought occurrences (13% to
32%), which was primarily due to temperature increases of 7.5% to
17.8% and precipitation decreases of −7.5% to −0.1%. The JJA and
SON periods also saw an increase in flash droughts (10% to 21%), but the
magnitudes of the increases were smaller than those seen in the DJF and
MAM periods due to lower temperature increases (5.0% to 16.7%).

The overall flash drought occurrences captured by SWAT-SSI were
lesser than MSDI (Fig. 12(b)), correlating with historical observations
(Fig. 10). As with the MSDI results, more flash droughts occurred during
the f1 period than the f2 period, and the results of RCP8.5 produced more
18
flash droughts than RCP4.5, which were highly correlated with tempera-
ture and precipitation variations. From the results of SWAT-SSI and
RCP4.5, there were 71%, 59%, 38%, and 35% increases in flash droughts
during the f1 period, and 94%, 63%, 62%, and 43% increases in the f2 pe-
riod for DJF, MAM, JJA, and SON, respectively. From RCP8.5, there were
71%, 62%, 55%, and 45% increases in the f1 period, and 165%, 121%,
94%, and 75% increases in the f2 period. In addition, the patterns of future
flash drought changes resembled MSDI. The highest increases were found
in the DJF period (71% to 165%), and the lowest increase rates were seen
in the SON period (35% to 75%).

From the VIC-driven MSDI and SSI (Fig. 13), there were decreases in
flash drought occurrences for future periods, which corresponded to the
conventional drought conditions predicted by the VIC model. From the re-
sults of the VIC-MSDI and RCP4.5, there were − 3%, 6%, 3%, and − 7%
increases and decreases in flash droughts during the f1 period, and −
11%, −1%, −1%, and − 12% decreases in the f2 period for DJF, MAM,
JJA, and SON, respectively. From RCP8.5, there were −7%, 14%, 8%,
and −6% increases and decreases in the f1 period, and −9%, 2%, 0%,
and −10% increases and decreases for the f2 period. According to the
VIC-SSI and RCP4.5 results, there were −22%, −3%, 6%, and 11% in-
creases and decreases in flash droughts during the f1 period, and −36%,
−3%, 6%, and 11% increases and decreases were found in the f2 period
for DJF, MAM, JJA, and SON, respectively. From RCP8.5, there were
−38%, 2%, 5%, and −13% increases and decreases in the f1 period, and
−44%,−20%,−5%, and−20% increases and decreases in the f2 period.

Each GCM and future period is depicted in Figs. S2-S5 in the Supple-
ment materials. Overall, higher magnitudes of flash drought increase



Fig. 13. Bar charts of the average flash drought changes during the future period (f1: 2020–2059, f2: 2060–2099). Light blue bars represent the results of the f1 period, and
green bars indicate the results of the f2 period (a) Results of VIC-MSDI for RCP4.5 (b) Results of VIC-MSDI for RCP8.5 (c) Results of VIC_SSI for RCP4.5 (d) Results of VIC – SSI
for RCP8.5.
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occur in scenarios with less precipitation or a slight increase in precipitation
and a higher temperature increase. However, higher precipitation increases
mitigate future increases in flash drought occurrences. Fig. S2 depicts the
SWAT-MSDI results, which show that there was a decrease in precipitation
(−2.0%) and a lower level of temperature increase (1.2 °C) from the GFDL-
ESM2M-RCP4.5 and f1 periods, resulting in a 44% increase in flash drought
in the JJA period. In addition, the IPSL-CM5A-LR-RCP8.5 and f2 periods
have a higher level of temperature increase (4.4 °C), and a lower level of
precipitation increase (1.3%), resulting in flash drought increases of up to
158% (30% to 158%). The MIROC-ESM-CHEM-RCP8.5 and f2 period pro-
duced the highest temperature increase (5.0 °C) but a higher precipitation
increases (7.0%) mitigated the increase in flash drought in the future
(31% to 52%) compared to the IPSL-CM5A-LR-RCP8.5 and f2 period. The
NorESM1-M-RCP8.5 and f2 period experienced 3.2 °C temperature in-
creases (moderate level), but the highest precipitation increase (18.7%)
mitigated the flash drought increase (−11% to 34%).

The variability of precipitation and temperature changes had a signifi-
cant impact on the increase in flash drought in the case of SWAT-SSI
(Fig. S3). A higher temperature increase (4.4 °C) and a lower precipitation
increase (1.3%) from IPSL-CM5A-LR-RCP8.5 and f2 period resulted in
345% increase in flash drought (82% to 345%). However, the NorESM1-
M-RCP4.5 and f1 period showed lower temperature increases (1.2 °C) and
moderate precipitation increase (5.5%), resulting in fewer flash drought
(−2% to 81%). Also, there was a moderate temperature increase (3.2 °C)
but the highest precipitation increase (18.7%) from the NorESM1-M-
19
RCP8.5 and f2 period, which helped to mitigate the flash drought increase
(11% to 127%).

The results of VIC-MSDI showed increases and decreases in flash
droughts according to the GCMs and future periods, and they also
responded sensitively to changes in precipitation and temperature
(Fig. S4). The NorESM1-M-RCP8.5 and f2 period showed a moderate
level of temperature increase (3.2 °C) but the highest precipitation increase
(18.7%), resulting in flash drought reductions (−35% to−8% increases).
In the case of IPSL-CM5A-LR-RCP8.5 and f2 period, a high level of temper-
ature increase (4.4 °C) and a lower level of precipitation increase (1.3%) re-
sulted in flash drought increases of up to 32% (−9% to 32%). The GFDL-
ESM2M-RCP8.5 and f2 period showed a 3.6% precipitation increase and
a lower temperature increase (1.7 °C), resulting in increases in flash
drought (4% to 14%). However, there were overall flash drought decreases
(−15% to 0%) from the GFDL-ESM2M-RCP4.5 and f2 period, which were
caused by the moderate temperature increase (2.8 °C). The results of VIC-
SSI showed decreases and increases inflash drought based on GCMs and fu-
ture periods, and the results were similar to the VIC-MSDI results. For in-
stance, the NorESM1-M-RCP8.5 and f2 period resulted in flash drought
decreases (−59% to −13% increases), while the IPSL-CM5A-LR-RCP4.5
and f1 period resulted in flash drought decreases (−33% to−4%). In addi-
tion, overall flash drought decreases (−32% to 3%) were projected from
the GFDL-ESM2M-RCP4.5 and f2 period.

Both conventional and flash drought assessments, the SWATmodel usu-
ally generated more drought events than the VIC model for the future



Fig. 14. Precipitation and temperature changes for each season and future periods. Orange bars indicate the average of the historical period (1966–2005), light blue and
green bars represent the average of the f1 and f2 periods, respectively. Black text represents the data labels for each bar, and blue and red text indicate the increase (blue)
or decrease (red) rates during the future periods. (a) Precipitation changes for RCP4.5 (b) Precipitation changes for RCP8.5 (c) Temperature changes for RCP4.5
(d) Temperature changes for RCP8.5.
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period. Similar patterns were found during the historical period. For in-
stance, the SWAT-driven MSDI produced 114 months of moderate to ex-
treme droughts (MSDI < −1) in Cambodia, but the VIC-driven MSDI
generated 80 months. The SWAT-driven MSDI produced 84, 80, 159, 91,
and 131 months of drought events for other countries, but the VIC-driven
MSDI generated 31, 45, 88, 76, and 69 months for China, Lao PDR,
Myanmar, Thailand, and Vietnam, respectively (Fig. 2). On average, the
VIC model produced only 59% of the drought events compared to the
SWAT model. Similar to the TWSC estimation, different water budget esti-
mations generated those differences, and the SWAT model captured more
drought events due to its higher sensitivities, which derived different
drought characteristics of conventional andflash droughts for the future pe-
riod.

Drought has detrimentally affected many regions in the MRB, and the
impacts of droughts have been exacerbated by climate change. In this
study, for conventional and flash droughts assessments, the SWAT-driven
drought indices displayed overall increases in drought conditions, while
the VIC-driven showed decreases. Numerous studies have also investigated
the climate change impacts on the drought characteristics in theMRB using
various hydrologic and climate models, and they usually concluded
that more severe and intense droughts would occur in the MRB. For
example, Thilakarathne and Sridhar (2017) pointed out that more frequent
and severe droughts are expected in the Lower LMB and 3S regions in the
future period and predicted overall drought increases in the LMB except
the Chi-Mun region in Thailand based on the multivariate drought assess-
ment. Sam et al. (2019) assessed the climate change impacts on drought
20
conditions in the Srepok River Basin, and there were remarkable increases
in drought severity, duration, and frequency for meteorological, hydrolog-
ical, and agricultural droughts. Li et al. (2021) evaluated futuremeteorolog-
ical and hydrological drought conditions in the MRB, and they found that
the intensity of meteorological and hydrological drought will increase in
the near future (2010–2039). Dong et al. (2022) focused on the seasonal
characteristics of drought in the MRB based on the Sixth Phase of Coupled
Model Inter-comparison Project (CMIP6) and found that a 60% increase in
total drought events in the near future (2021–2055) andmore than 80% in-
creases in the far future (2061 2095). In this study, the historical drought
evaluations pointed out that the SWAT-driven drought index accurately
captured (48% to 83%) more than the VIC-driven drought index (26% to
66%). Therefore, based on the literature review and historical drought eval-
uation, it can be concluded that the SWAT-driven drought assessments are
better than the VIC model for the future drought assessment in the MRB.

3.4.3. Anthropogenic perspectives of droughts
Traditional definitions of drought depict a deficit or abnormality in

water-related variables such as soil moisture, groundwater storage, precip-
itation, runoff, evaporative demand, and snowpack, and drought is gener-
ally regarded as a product, not a process under these definitions
(AghaKouchak et al., 2021). Droughts, on the other hand, should be defined
and demonstrated as a complex dynamic of both natural and human-made
alterations and their dynamic interactions. In this study, the direct human-
induced changes such as dam constructions, land-use change, agricultural
expansion, and growth of water demands driven by population increase
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were not included in the drought analyses. However, precipitation and tem-
perature changes caused by various human activities in the future were
considered to evaluate the impact of climate change on conventional and
flash drought conditions in the Mekong River basin using various climatic
scenarios, two hydrologic models, four climate models, and two RCPs
that consider a wide range of precipitation and temperature changes.
RCP4.5 is an intermediate scenario that stabilizes radiative forcing at 4.5
W/m2 in the year 2010 (Moss et al., 2008; Thomson et al., 2011), and
RCP8.5 is designed by an additional 8.5W/m2 radiative forcing that is com-
monly represented by the most aggressive and extreme fossil fuel use
(Schwalm et al., 2020). The average precipitation increases of RCP4.5
were 2.4% and 6.5%, and RCP8.5 were 1.5% and 7.6% for the f1 and f2 pe-
riods, respectively. In addition, the average temperature increases of
RCP4.5 were 1.5 °C and 2.3 °C, and RCP8.5 were 1.8 °C and 3.8 °C, indicat-
ing that the RCP8.5 results predicted more extreme climatic conditions in
the future. These patterns were also evident in the results of conventional
and flash drought conditions. For example, in the results of SWAT-MSDI
flash drought changes, there were 10% - 43% increases from RCP4.5, and
14% - 68% increases from RCP8.5. In the case of SWAT-SSI, there were
35% - 94% increases from RCP4.5 and 45% - 165% increases from
RCP8.5 (Fig. 12). These findings clearly demonstrated that greater anthro-
pogenic changes (i.e., RCP8.5) resulted in more extreme and uncertain cli-
matic and drought conditions in the future.

The MRB is a transboundary river basin with numerous inter-country
relations and human-induced changes. Recent dam constructions in up-
stream regions have altered streamflow variability, posing a threat to
downstream livelihoods and economies (Soukhaphon et al., 2021), and
these changes have exacerbated the recent destructive droughts (Lu et al.,
2021). Thus, the combined effects of current climate change and human-
induced changes should be considered concurrently, which can investigate
the complicated dynamics of anthropogenic and natural changes and their
effects on drought, and is ultimately useful for drought mitigation plans,
water resource management, and MRB policymaking.

4. Conclusion

This study investigated future climate change impacts on conventional
and flash droughts in the MRB using hydrologic simulations from the
SWAT and VIC models and multiple climate change scenarios. The models
were calibrated and validated by comparing simulated and observed
streamflow at multiple stations, and simulated soil moisture was used to
compute drought indices for historical (1966–2005) and future periods
(f1: 2020–2059, f2: 2060–2099). The following are the key findings:

1. The SWAT model was calibrated and validated by comparing observed
and simulated streamflow with SWAT-CUP, whereas the VIC model
was calibrated by manual parameter adjustments. Drought conditions
were also validated by comparing the estimated drought index (MSDI)
from the two models and scPDSI over a historical observation period
(1981 – Oct 2019), and the model-driven drought index reasonably re-
flects drought conditions across the MRB. The total drought durations
by scPDSI for China, Thailand, Cambodia, Lao PDR, and Vietnam were
27, 70, 59, 40, and 31 months, representing 5.9%, 15.0%, 12.7%,
8.6%, 6.7% of the period, respectively.

2. For conventional drought conditions, monthly-scale drought indices
(MSDI and SSI) were estimated for historical (1966–2005) and future
periods (f1: 2020–2059, f2: 2060–2099) based on simulated soil mois-
ture from the SWAT and VIC models. The SWAT-driven SSI and MSDI
clearly showed overall increases in drought conditions in the future pe-
riods, with precipitation decrease and temperature increases being the
primary drivers. However, the behaviors of VIC-driven drought indices
were somewhat different, and overall drought decreases were found
due to different soil moisture estimation methodologies.

3. Estimated soil moisture from the two models as well as pentad-scale
(five days) MSDI and SSI during the historical and future periods,
were used to investigate flash drought conditions. Because of seasonal
21
temperature and precipitation variations, more flash drought occurred
during the JJA and SON periods than during the DJF andMAM periods.
For future periods, the SWAT-driven drought indices showed overall in-
creases in flash drought occurrences (up to 165%), while the VIC-driven
drought indices showed decreases in flash drought occurrences (up to
−44%). The performances of two models are significantly difference
due to the different methods for water budget estimations.

4. The evaluation of climate change impacts on drought conditions in a
large river basin can be assessed using multiple hydrologic models,
drought indices, climate projections, and various emission scenarios,
allowing for assessments of various scales of drought conditions in the
future, such as conventional (monthly scale) and flash drought occur-
rences (pentad scale), and providing a comprehensive understanding
of the future drought conditions, which could be useful for water re-
source management and drought mitigation strategies.

5. This is the first attempt to evaluate the historical and climate change im-
pacts on flash drought conditions in the MRB using probabilistic-based
drought indices, two hydrological models, high-resolution meteorologi-
cal inputs, and a variety of climate scenarios that cover a wide range of
future climatic conditions. Furthermore, as a result of the seasonal flash
drought analyses, it is clear that basin countries have differential im-
pacts, so targeted future adaptation strategy is required. In the future,
to validate these findings more robust drought assessments are needed
in this complex basin that take into account both natural and human-
induced changes (e.g., dam impacts).
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