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Abstract

This study presents an assessment of projection and uncertainty of drought
characteristics (frequency Dr, drought area Da) using three drought indices (Palmer
Drought Severity Index, PDSI; Standardized Precipitation Index, SPI; Standardized
Precipitation Evapotranspiration Index, SPEI) in the humid subtropical Pearl River
basin in southern China during the period 2021-2050. The projection is based on 13
CMIPS5 general circulation models (GCMs) under three Representative Concentration
Pathway scenarios (RCP2.6, RCP4.5 and RCP8.5). Specifically, the SPI is derived by
the precipitation simulations of 13 GCMs, whereas the PDSI and SPEI are computed
based on the simulations from the Variable Infiltration Capacity (VIC) model forced
by 13 GCMs. The uncertainty of projected drought indices (PDSI, SPI and SPEI) due
to various GCMs and RCPs is quantified by the variance-based sensitivity analysis
approach. The results indicate that the sign and magnitude of the projected changes in
Dr and Da are highly dependent on the index definition at the regional scale, and the
SPI tends to underestimate the projected changes in Dr compared with PDSI and
SPEI. There is a large model spread in the projected Dr changes (especially for SPEI)
under all RCP scenarios, with larger model spread for more extreme drought events.
Uncertainty analysis shows that GCM contributes more than 90% of total uncertainty
in drought indices projections, while the RCP uncertainty is rather limited (< 10%)
compared with GCM. The GCM uncertainty is spatially unevenly distributed and
shows large variability at the interannual scale. This study highlights the sensitivity of
drought projections to the index definition as well as the large spatial-temporal

variability of general sources of uncertainty in drought projections.

Key words: Drought projection; Drought indices; uncertainty quantification, CMIPS5;
RCPs

1. Introduction

Drought is a stochastic and recurring natural hazard that has devastating impacts on
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economy, society, and ecosystem services around the word (Piao et al., 2010; Dai,
2011a; Thornton et al., 2014; von Buttlar et al., 2018). The economic loss caused by
drought hazards is enormous, with an annual loss estimate of $6~8 billion at a global
scale (Wilhite, 2000). The Intergovernmental Panel on Climate Change (IPCC)’s 4th
and 5th Assessment Report (AR4 and ARS) indicated that global surface mean
temperature (7) is likely to increase 0.3~4.8°C, accompanied by changes in spatial
patterns and intensity of precipitation (P) by the end of this century (IPCC, 2007;
2013). Global warming is expected to exacerbate extreme events such as droughts,
leading to significant changes in area and intensity of drought all around the world
(Dai, 2013; Cook et al., 2014; Trenberth et al., 2014; Gudmundsson et al., 2017,
Samaniego et al., 2018). Exploring projected changes in drought intensity and
frequency under various emission scenarios can help prepare for future disaster

prevention and mitigation, and support sustainable development.

Drought is an abnormal phenomenon that can occur in short periods (days and weeks)
or long periods (months or longer), and can commonly be characterized by drought
monitoring indices. Typically, droughts are classified into four major types:
meteorological drought, hydrological drought, agricultural drought, and
socioeconomic drought (Heim, 2002; AMS, 2004; Hayes et al., 2011; Mishra and
Singh, 2011). Different types of drought have distinct spatiotemporal characteristics,
and they vary at different scales (Peters et al., 2006; Tallaksen et al., 2009).
Meteorological drought is identified by a prolonged lack of P as the main indicator,
resulting in total soil moisture (SM) deficits (i.e., agricultural drought) as well as the
decrease of streamflow, groundwater, reservoir and lake levels (i.e., hydrological
drought). Such drought hazards can also lead to severe consequence of drinking water
scarcity, and negatively impact crop yield and production, and result in economic loss.
Socioeconomic definitions of drought associate the supply and demand of certain
economic good with elements of meteorological, agricultural and hydrological

drought (Wilhite and Glantz, 1985).
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In the past decades, numerous indices have been proposed to quantify the drought and
wet conditions based on different hydroclimatic variables (e.g., 7, P,
evapotranspiration E7, SM and runoff RO), of which the most commonly used is the
Palmer Drought Severity Index (PDSI; Palmer, 1965), the Rainfall Anomaly Index
(RAI; van Rooy, 1965), the Crop Moisture Index (CMI; Palmer, 1968), the Soil
Moisture Drought Index (SMDI; Hollinger et al., 1993), the Surfacewater Supply
Index (SWSI; Shafer and Dezman, 1982), the Standardized Precipitation Index (SPI;
Mckee et al., 1993, 1995), the Standardized Runoff Index (SRI; Shukla and Wood,
2008), the Standardized Precipitation Evapotranspiration Index (SPEI;
Vicente-Serrano et al., 2010), and the aridity index (AI; Huang et al., 2016). The use
of different types of drought indices often leads to different spatio-temporal
variabilities of drought characteristics, even though they are calculated using the
inputs of hydroclimatic variables generated by the same modeling system (Burke and
Brown, 2008; Ukkola et al., 2018). For example, PDSI and SPEI can measure the
warming effect more explicitly through enhanced ET than other drought indices based

on P alone (e.g., SPI).

The General Circulation Models (GCMs), released by the Coupled Model
Intercomparison Project (CMIP), are the primary tools for estimating trends and
variability of future climate change (IPCC, 2007; 2013). Based on GCM simulations,
the influence of climate change on droughts have been investigated by numerous
studies. The majority of research indicated an increased drought risks over different
regions globally as the level of greenhouse gas (GHG) emission increases (e.g., Wang,
2005; Sheftield and Wood, 2008; Li et al., 2012; Dai, 2011b, 2013; Cook et al., 2014;
Wang and Chen, 2014; Rhee and Cho, 2016; Wu et al., 2016; Zhao and Dai, 2017;
Ruosteenoja et al., 2018; Wang et al., 2018; Amnuaylojaroen et al., 2019; Rudd et al.,
2019). Although enormous efforts have been made to project how the drought risk
would occur as the result of GHG emission increase, few studies have assessed and
quantified the source of uncertainty in projecting future drought conditions. This

uncertainty is due mainly that drought is a complex process coupled with multiple
4
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meteorological factors (e.g., P and ET), as well as various geomorphic and
topographic characteristics of specific regions. These key factors are described
differently amongst GCMs, which form the main source of uncertainty resulting in the
lack of consistency between model projections (Wang et al., 2018; Lee et al., 2019;
Xu et al., 2019b; Wu et al., 2021).

This research focuses on Pearl River as the third longest River in China and composed
of West River, North River, East River, and Pearl River Delta. Pearl River is an
important source of fresh water for large cities in the Guangdong-Hong Kong-Macao
Greater Bay Area, such as Guangzhou, Zhuhai, Hong Kong and Macau (Zhang et al.,
2008). The Pearl River basin (PRB) is climatically humid with abundant P, but the
spatiotemporal distribution of P is uneven across the basin, with frequent extreme
weather events, such as floods and droughts. In recent years, the PRB has suffered
from droughts considerably with large severity and prolonged periods of water deficit,
presenting severe droughts events such as in 2004, 2005, 2010 and 2011 (Zhang et al.,
2012; Zhang et al., 2015; Wu et al., 2016; Chen et al., 2017; Xu et al., 2019a).

The temporal and spatial evolution of drought characteristics in the PRB has been
analyzed by several drought metrics (e.g. Zhang et al., 2009; Zhang et al., 2012;
Fischer et al., 2013; Niu et al., 2015; Xiao et al., 2016; Xu et al., 2019a). Recently,
several studies have projected changes in drought characteristics in the PRB under
future climate scenarios using CMIP5 models (Wu et al., 2016; Wang et al., 2018).
For example, Wang et al. (2018) predicted the spatiotemporal changes in future
drought in PRB using the PDSI and CMIP5 GCM simulations, and found that the
severity of drought would likely to be increased in the central and western regions of
the PRB. However, these studies were based solely on one drought index and a few
models. Previous research has reported that the sign and magnitude of projected
drought is highly dependent on the selection of drought index, region, and model
ensemble (Burke and Brown, 2008; Rhee and Cho, 2016; Ahmadalipour et al., 2017;

Ukkola et al.,, 2018; Lee et al., 2019). More importantly, general sources of
5
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uncertainty (e.g., GCMs and RCP scenarios) in drought projection have not been
explored in the PRB, and hence our knowledge on uncertainties and their spatial and

temporal variability in GCM-projected drought remains limited at the basin scale.

To address this gap, our research presents a basin-scale assessment of future drought
characteristics projections in the PRB (including the West River and North River) by
using 13 CMIP5 GCMs, three RCP scenarios (RCP2.6, RCP4.5 and RCP8.5), and
three different drought indices (PDSI, SPI and SPEI). Specifically, an advanced
hierarchical sensitivity analysis is conducted to quantify the uncertainties in the
projection of three drought indices (PDSI, SPI and SPEI) due to three RCP scenarios
and 13 GCMs at both spatial and temporal scales. The objectives of this study are (1)
to test the sensitivity of projection of future drought characteristics with respects to
index definition and various model ensemble members and (2) to explore the
spatio-temporal variability of uncertainties of GCM and RCP, and rank the
contribution of each uncertainty to the projections of drought indices. In Section 2,
detailed information on the observed and modeling datasets for the study area, and the
methods for bias correction, hydrological modeling, drought indices and uncertainty
estimation used in this study are provided. Followed by the results and discussion
presented in Sections 3 and 4, respectively. Finally, the conclusions are drawn in

Section 5.

2. Study area and data source

2.1 Study area

The Pearl River, located in southern China, is the third largest River in drainage basin
area in China (Fig.1). It consists of the West River, North River and East River as well
as the Rivers within the Pearl River delta. The water resources are unevenly
distributed spatially over the PRB and are mainly concentrated in the West River and
North River basins, account for approximately 93.7% of the total area of the PRB

(Zhang et al., 2013a). The PRB is characterized by tropical and subtropical climate
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zones, with mean annual 7 ranging from 14 to 22 °C and mean annual P of
approximately 1525 mm (Zhang et al. 2012; Wu et al. 2013). The P over the PRB is
mainly concentrated in the flooding season between April and September, covering
80% of the total annual P (Zhang et al. 2012). Due to climate warming, the
hydrological cycle has become more changeable over the PRB in recent years,
resulting in an increased risk of extreme flooding and drought (e.g., droughts in 2004,
2005, 2010, and 2011), influence significantly on agriculture and ecological

environment, and causing disastrous damage to human lives and social economy.

2.2 Data sources and processing

2.2.1 Meteorological and hydrological observations

In this study, the observed data of meteorology and hydrology from 1971 to 2000
were collected for analysis. The daily data of P, maximum/minimum 7, and wind
speed were obtained from 57 meteorological stations (Fig.1) over the PRB as
provided by the National Meteorological Information Center (NMIC) of China
Meteorological Administration (http://data.cma.cn). For quality control of the
observed data, we checked any cases of maximum 7 less than minimum 7 or P values
below 0 mm. The daily record of the neighboring stations were also cross-compared,
which helps to check the correctness of values and any outliers. In addition, the
homogeneity evaluation of data was carried out and the test indicated that the
meteorological data used were free from severe errors (Wu et al., 2016). Daily runoff
observations from the Gaoyao (1980-2000) and Hengshi (1970-2000) hydrological
stations, in the West River and North River basins, were provided by the Hydrology

Bureau of Guangdong Province, China.

2.2.2 GCM simulations

The downscaling results of the multimodel dataset of the 13 CMIP5 GCMs (Table 1)
were provided by the College of Global Change and Earth System Science, Beijing

Normal University. These 13 GCMs were chosen because they demonstrated well
7
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performance in simulating the spatial and temporal variability of 7" and P over
southern China (Huang et al., 2013; Chen and Frauenfeld, 2014). The downscaling
process of 13 GCMs is as follows: first, the monthly outputs of GCMs were
interpolated to the sites over the Pearl River basin by using the bilinear interpolation
method, and corrected by the observed data. Then the bias-corrected outputs of GCMs
were weighted averaged by the Bayesian model averaging method at the site scale,
and were temporally downscaled to multiple daily simulation samples (30 samples)
using the stochastic weather generation method according to the four categories
(hot-wet, hot-dry, cold-wet, and cold-dry) of the historical weather years. Finally, the
daily simulations were interpolated onto a common 0.25° x 0.25° grid over the Pearl
River basin using the bilinear interpolation method. The detailed information on the

statistical downscaling process of the 13 GCMs can be found in Wu et al. (2014).

The downscaling simulations of these GCMs were used in this study, mainly because
of their good performance in reproducing daily variability of 7 and P in the Pearl river
basin (see Figures 4b and 5b in Wu et al., 2014). In addition, the multiple simulation
samples of the 13 GCMs can well represent the uncertainty range of GCMs. The daily
data for the baseline period 1971-2000 and the near future period 2021-2050 with three
different RCPs scenarios (i.e., RCP2.6, RCP4.5 and RCP8.5) are employed. For each
RCP scenario, a total of 30 simulation samples were collected to represent the

uncertainty range of GCMs.

3. Methodology

3.1 Bias correction and adaptability assessment

Many studies did not use climate model outputs directly for analyzing climate change
impact due to bias in GCM data (Lafon et al., 2013, Wu and Huang, 2016). In this
research, a “delta change” method was adopted to correct bias in 7 and P data of the
downscaling multi-model ensembles of 13 CMIP5 GCMs (Hay et al., 2000; Sperna
Weiland et al., 2010; Wu and Huang, 2016). For 7 (in units of °C), an additive

8
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correction was used:

Tcor,i,j :Tvim,i,j +(T0b5,i,j —Tsim,i,j) (1)

For P (in units of mm), a multiplicative correction was applied:

Povs.ij
Pcor,i,/' = Psim,i,jx _o kil (2)

Pim,ij

where (T ,j)Pcor,i,j and (T

cor,i, sim,i,

j)Psim,i,j are the bias-corrected and simulated ith
daily T (P), respectively, for the jth grid point. Tos; ( Possi;) and Tms, (Puns,) are
the 30-year averages of the observed and simulated ;th daily T (P), respectively, at

the jth grid point for the baseline period 1971-2000.

3.2 VIC model

The VIC model is a macro-scale, semi-distributed hydrological model based on a
grid-based land surface process scheme (Liang et al., 1994). It has the characteristics
of ET calculation based on physical process, computation of water and energy
balances simultaneously, and consideration of spatial heterogeneity in SM content of
the grid (Liang et al., 1996). More detailed information about VIC model can be

found at the University of Washington’s website

(http://ftp.hydro.washington.edu/Lettenmaier/Models/VIC/). As a typical land surface
model, the VIC model has been successfully applied in the PRB for SM simulation

(Niu et al., 2015) and the impact of climate change on hydrology by coupling with
GCMs (e.g. Wu et al., 2014; Wu et al., 2015; Yan et al., 2015; Wang et al., 2018).

Here, the latest version VIC 5.0 model (https://vic.readthedocs.io/en/master/) was

adopted to run at a spatial resolution of 0.25°x0.25" over the West and North River
basins. The soil column of the model is divided vertically into three layers (top,
middle and bottom), and the top and middle soil layers were considered for

calculating the PDSI (Wang et al., 2018). The soil parameters were derived from the
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1-km spatial resolution global soil classification and texture dataset provided by the
FAQO’s Harmonized World Soil Database (HWSD) (FAO et al., 2009). The soil
information was converted into soil hydraulic parameters based on Saxton and Rawls
(2006). The land cover data were driven from the global 1-km land cover
classification of the University of Maryland (Hansen et al, 2000;

https://www.geog.umd.edu/landcover/1 km-map.html). This dataset includes

vegetation-related parameters such as architectural resistance, leaf-area index, albedo,
minimum stomata resistance, and fraction of root depth of each soil layer. We
assumed that the land cover of the PRB would not change significantly in the future,
and the land cover data of 2000 was used for hydrological simulation over both
baseline (1971-2000) and the future period (2021-2050). The VIC model provides
several daily output variables for surface water fluxes calculation, including E7, PET,
SM and runoff (RO). The daily simulations of VCI model were aggregated into
monthly time series to compute the monthly water balance and drought indices (SPEI

and PDSI).

3.3 Drought indices

3.3.1 SPI and SPEI

The SPI was originally developed to quantify the P deficit at multiple time-scales
(Mckee et al., 1993). Although the SPI considers only P, it has been widely used in
different meteorological, agricultural and hydrological applications thanks to its
simplicity in calculation and general applicability, as well as the consistency over
space and time (Hayes et al., 1999; Mishra et al., 2005; Zhang et al., 2009; Mishra and
Singh, 2011; Huang et al., 2014; Zhu et al., 2016; Xu et al., 2019a). For SPI
calculation, the probability distribution is used initially to fit the long-term monthly P,
and the cumulative distribution function (CDF) is then turned into the normal
distribution through equal probabilities. The gamma distribution is used in this

research to describe the probability density function (PDF) of P:
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1 a-1 ?

X e
pir(a) 3)

g(x)=

where o>0 is a shape parameter, f>0 denotes a scale parameter, and 7(a) represents

the ordinary gamma function of a.

As an extension of the SPI, Vicente-Serrano et al. (2010) proposed the SPEI by
including both P and potential ET (PET) in identifying drought. Here, the PET was
estimated by the FAO-56 Penman-Monteith (PM) method included in the VIC model
(Allen et al., 1998). The SPEI was derived through the following steps: (1) the
difference between P and PET for the ith month is calculated as: D; = Pi-PET;; (2) the
D; is aggregated at a certain (e.g., 3-month) timescale; and (3) the following

log-logistic probability distribution g(x) is used to fit the D; to calculate SPEI:
-2
X=Y o X—
fo=LE Ly 1[“(—““’} @
v v 4

where ¢, v, and y are the scale, shape and origin parameters, respectively. The Dis in

the range of y< D < oo,

The SPI and SPEI can be used to quantify P deficit at multiple timescales (e.g., 1, 3, 6,
12, 24 and 36 months). The short time scale SPI/SPEI (e.g., 1-month) reflects
short-term dryness and wetness conditions and are sensitive to P short-term changes
in general. Whereas, the long timescale SPI/SPEI (e.g., 24-month) reflects the
long-term (small) variation of dryness and wetness (WMO, 2016). In this study, the
3-month scale is used to compute the SPI and SPEI (i.e., SPI3 and SPEI3) because it
reflects seasonal variation of dryness and wetness conditions. The SPI is calculated
based on the P from the GCMs outputs, and the SPEI is calculated based on the P
from GCMs and PET simulated by the VIC model forced by the GCM outputs. The

drought classifications based on the SPI and SPEI are shown in Table 2.

3.3.2 PDSI

11



314
315
316
317
318
319
320
321
322
323

324

325

326

327

328
329
330
331

332

333
334
335
336
337
338
339

The PDSI is based on the concept of climatically appropriate for existing conditions
(CAFEC) proposed by Palmer (1965). It can be used to describe the degree of water
deficit in a specific region less than the appropriate moisture content of the local
climate. In this study, the P from the GCM outputs, and the PET, ET, SM (the top two
soil layers) and RO simulated by the VIC model forced by the GCM outputs are used
to estimate recharge to soils (R), water loss to soil layers (L), potential recharge (PR),
potential runoff (PRO), and potential loss (PL) to derive CAFEC at the monthly scale.
Then the PDSI is computed based on the difference between P and CAFEC. The
CAFEC represents the amount of P required to keep a normal SM level for a given

time, which is defined as:

CAFEC = aiPET + BiPR+y:PRO- S:PL (5)

where i indicates the calendar month of a year (from 1 to 12). ai, fi,  and &

are climatological coefficients expressed as:

ET: Ri RO Li
Oi=—— ﬂi:: 7/[:— 5]-::
PET: PR PRO: PLi

(6)
The difference between P and CAFEC for a particular month is the moisture departure
(d =P—-CAFEC). The climatological standardization process aims to use d as a

standardized drought index, considering local climate and drought duration, and the

self-calibrating procedure (Wells et al., 2004):

7 =KixKoxdi
Xi=qZi (7)
Xi= pXia+qZi

where Z is the moisture anomaly index for the ith month; K1 denotes the temporal
correction weight; K> represents the spatial correction weight; p and ¢ are duration
factors; and Xi.1 is the PDSI for the previous month. For more information on the
calculation of K1, K2, p and ¢, please refer to Wells et al. (2004). Table 2 shows the

classification of drought in accordance to the PDSI definition.

3.3.3 Drought area and frequency

12
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Based on the classification definition of drought (Table 2), a threshold value of -1
(-0.5) for PDSI (SPI/SPEI) is used to identify the occurrence of drought. Drought area

is defined as:

Z :l:l da
D, = x100 (8)
na
where D, is the percentage of drought area (%), du is the number of grid points with
PDSI < -1 (SPI/SPEI < -0.5), and na 1s total number of grid points.
nm
DF = N—m x 100 (9)

where Dr is the drought frequency (%), nm and N» are the number of drought months

and the total number of months, respectively.

3.4 Variance-based sensitivity analysis framework

In this study, the variance-based two-layer sensitivity analysis framework was used to
quantify the uncertainty of GCMs and RCP scenarios in the projection of future

drought indices (Dai et al., 2017; Xu et al., 2019b). In this framework, the model with
a form of A=f(0)=(6,...,6,) is a set of uncertain model inputs, with total

variance (V( 4)) being decomposed as:

V(A)=V, (E, (A]6))+ E, (V, (A]6) (10)
where A is the objective function of the model output and 9:{91,---,9k}.
V,(E, (A]6)) is the partial variance contributed by 0, while E,(V, (A]6))

represents the partial variance caused by model inputs apart from 6;and interactions

amongst all inputs (Dai and Ye, 2015; Dai et al., 2017).

Based on Eq. (10), the total variance (V( 4)) is decomposed as:

V(A) = ERVS|R (A|R)+ VRES\R (A|R)

=V (S)+V(R) (1h

where R is the set of multiple RCP scenarios, and S is the set of multiple GCMs. The

13
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subscript S|R indicates the change of GCMs under particular RCP scenario. The terms

in Eq. (11) refer to variances from RCP scenarios and GCMs uncertainty, respectively.

The sensitivity of RCPs (S, ) and GCMs (S ) can then be determined as follows:

V. Esm(A |S,R) V(R)

) V(D) 12)
EVsr(AIS,R)  7(S)
STy v

For each drought index (PDSI, SPI3 and SPEI3), the mean and variance of outputs
with respects to uncertainty from GCMs under certain RCP scenario are calculated,
and the mean and variance of RCP scenarios are quantified. Assume that there are k&
alternative RCP scenarios and n plausible GCMs for each RCP scenario, the

uncertainty of GCMs is estimated as:
V(S)=EVsr(A[S,R)

=Z[ ZA2S|R (ZAS|R UP( )

where P(R,) is the weight of RCP scenario, subject to Z kP (Rk)=1, and the

(13)

uncertainty of RCP scenarios is deduced as:
V(R) =V, ES|R (A|R)

~Eq (Ege (AIR)) —(EgEgp (A|R)) (14)

)
SINCE|E5 SNEIE SIS DN E5 RIS eS|

4. Results

4.1 Evaluation of GCM and VIC simulations

Fig. 2 shows the comparison between the observed and bias-corrected monthly
average T and P of 30 simulation samples of 13-GCM ensembles in the West River
(Fig. 2a, 2c) and North River (Fig. 2b, 2d) basins for the baseline period 1971-2000.
As shown in Fig. 2, the majority of model simulations reproduce the intra-annual

variability of T reasonably well (despite a bit underestimation in a few months).
14
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Compared with 7, greater uncertainty range is identified in the simulations of P,
especially in the flood season (May-August). Moreover, larger uncertainty range is
found in the North River basin compared to the West River basin. Overall, the
bias-corrected model simulations can simulate the intra-annual variability of P for the

two basins, particularly for the dry season (October-March).

Fig. 3 demonstrates the comparison of simulated and observed daily discharges at the
Gaoyao and Hengshi stations for the calibration and validation periods. The daily
Nash-Sutcliffe efficiency coefficient (NSE) at the Gaoyao and Hengshi stations are
0.85 and 0.9 (0.89 and 0.9) in the calibration (validation) period, respectively, and the
relative errors (Res) are 7.25% and 2.95% (0.21% and 0.42%), respectively, in the
calibration (validation) period. Overall, the VIC model can reproduce the low
discharge accurately during dry season and the flood peak during flooding season, and
the occurrence time is generally consistent between the observed and simulated ones,
indicating that the VIC model is applicable for subsequent GCM-projections of

drought.

Fig. 4 shows the comparison of the simulated PDSI, SPI3 and SPEI3 with the
observed ones in the West and North River basins during the baseline period
1971-2000. As witnessed in Fig. 4, the model simulations tend to underestimate the
variability of PDSI, SPI3 and SPEI3, and fail to capture some extreme wet and dry
events in wet and dry years, particularly in the West River basin. Compared with
PDSI, the temporal variability of SPI and SPEI tends to be large for both basins,
bringing challenges for the model to simulate the dryness/wetness conditions
characterized by SPI and SPEI. Overall, the three drought indices are simulated more

accurately in the North River basin than West River basin.

4.2 Sensitivity of projected D, changes to index definition, GCM

ensemble and RCP
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This section focuses on the sensitivity analysis of projected drought area changes to
index definition, GCM ensemble and RCP scenario. Fig. 5 reveals the temporal
evolutions (2021-2050) of the projected changes in D, indicated by the PDSI (< -1),
SPI3 (< -0.5) and SPEI3 (< -0.5) for the future period 2021-2050 (relative to the
baseline period) in the two basins under three RCP scenarios. Clearly, there are
obvious differences in projected D. changes between different indices. However,
compared with PDSI, SPI and SPEI demonstrate more similar and larger temporal
variability of the projected D. changes for both basins. Large GCM spread
(uncertainty range) is found in projected D. changes, especially in the North River
basin, which is significantly larger than that of drought indices and RCPs. In contrast,
there are relatively small differences in projected D, changes under three RCP

scenarios compared with GCMs and drought indices.

4.3 Sensitivity of projected Dr changes to index definition, GCM

ensemble and RCP

This section focuses on the sensitivity analysis of the projected Dr to index definition,
GCM ensemble and RCP scenario. The projected Dr changes indicated by the PDSI,
SPI3 and SPEI3 with extreme, severe, moderate and mild drought events for the West
and North River basins during the future period 2021-2050 under three RCP scenarios

were calculated (relative to the baseline period 1971-2000).

Fig.6 shows the uncertainty range (GCM spread) of the projected Dr changes (%)
indicated by three drought indices under three RCP scenarios. From the figure, clearly
there is a large GCM spread in the projected Dr changes (especially for that indicated
by SPEI) under all RCP scenarios, with the larger GCM spread in the North River
basin than West River basin. In contrast, the RCP discrepancy in the projected Dr
changes is generally smaller compared with GCM. In terms of drought events, larger
GCM uncertainty range is found for the projected changes in extreme drought than

other drought events. There are also large discrepancies in the sign and magnitude of
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the projected Dr changes amongst three drought indices (especially between SPI and
PDSI/SPEI). The SPI tends to underestimate the projected changes in Dr compared
with PDSI and SPEI in the West River basin.

Fig.6a also reveals the increased Dr indicated by the PDSI (SPEI3) is projected for all
drought events (extreme, severe, moderate and mild) in the West River basin,
especially for extreme drought, with the mean increases up to 15% (13.7%), 13%
(12.3%) and 13.3% (13%) under RCP2.6, RCP4.5 and RCP8.5, respectively. In
comparison, the SPI3 detects an increase in extreme drought, with average increase of
10.4%, 10% and 9.1% under RCP2.6, RCP4.5 and RCP8.5, respectively, and a
decrease in severe (moderate) drought, with average decrease of -5.3% (-12%), -5.3%

(-12%) and -4.9% (-11.6%) under RCP2.6, RCP4.5 and RCP8.5, respectively.

For the North River basin (Fig.6b), the Dr of extreme and mild droughts indicated by
three drought indices (PDSI, SPI3 and SPEI3) shows an overall increase under three
RCP scenarios. Particularly, SPI3 detects large mean increase in extreme drought (up
to 10.1%, and 9.1% and 11.7% under RCP2.6, RCP4.5 and RCP8.5, respectively),
whereas SPEI3 detects large mean increase in mild drought (up to 18.3%, and 18.6%
and 17.9% under RCP2.6, RCP4.5 and RCP8.5, respectively). In contrast, the Dr of
severe drought indicated by three indices is projected to decrease under all 3 RCP
scenarios, and SPEI3 shows large mean decrease compared with other indices (up to
-11.4%, -12.3% and -10.7% under RCP2.6, RCP4.5 and RCPS8.5, respectively). For
moderate drought, the projected increases in Dr are indicted by PDSI (SPEI3), with
mean increase of 8.4% (1.6%), 8.7% (2.0%) and 8.3% (1.5%) under RCP2.6, RCP4.5

and RCP8.5, respectively.

4.4 Spatial distributions of the projected Dr changes

The spatial distribution of the multi-GCM ensemble mean changes in Dr (indicated by

the PDSI, SPI3 and SPEI3) with extreme, severe, moderate and mild drought events
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for the future period 2021-2050 (relative to the baseline period 1971-2000) under
three RCP scenarios are displayed in Figs. 7 and 8 for the West River and North River
basins, respectively. Figs. 7 and 8 highlight the sign and magnitude of Dr changes,
which are dependent on the index definition, particularly for the North River basin.
For a certain drought index, there are significant spatial variation in model projection

for both basins.

For the West River basin (Figs.7a~c), there are large spatial difference in the projected
Dr changes between SPI and PDSI (SPEI), while similar spatial pattern can be found
between PDSI and SPEI3. The projected Dr changes in extreme drought indicated by
the PDSI and SPEI3 tend to be more significant than other drought events. The largest
Dr changes in extreme drought indicated by the PDSI (15.9%) and SPEI3 (16.4%) are
concentrated in the downstream reaches of the West basin, while the decreases are
projected mainly in the upstream areas (up to -23.7% and -15.7%, respectively). For
SPI3, the projected Dr changes are unevenly distributed in the West River basin, with
the largest increase of 9.5% in extreme Dr under RCP8.5 (Fig. 7b). In contrast, the Dr
of moderate and mild droughts is projected to decrease in the majority of the West

River basin, particularly under RCP4.5 and RCPS8.5 (up to -16.7%).

For the North River basin (Figs.8a~c), the projected Dr changes indicated by three
drought indices are unevenly distributed at the spatial scale. For PDSI, the Dr of
moderate and mild droughts shows larger increase compared with other drought
events in major North River basin under three RCP scenarios (Fig. 8a). The Dr of
mild drought is increased by 11.3% under RCP2.6, while that of extreme and severe
droughts is decreased, especially for severe drought (up to -7.8%). For SPI3, the Dr of
extreme drought is projected to increase in the majority of the North River basin
under RCP2.6 and RCP4.5 (up to 8.2%), and decrease in the northern parts of the
North River basin under RCP8.5 (up to -8.2%). For SPEI3, the projected Dr changes
are spatially heterogeneous in the North River basin, with the largest increase of

11.8% in Dr of extreme drought under RCP8.5 (Fig. 8c). In contrast, the Dr of severe
18
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drought is projected to decrease in most of the North River basin, especially in the

northern regions under RCP2.6 and RCP4.5 (up to -16%).

4.5 Sensitivity indices for the uncertainty contributions to the

drought indices projections

The sensitivity indices for the uncertainty contribution of GCM and RCP to the
projection of three drought indices (PDSI, SPI and SPEI) were calculated at both
spatial (basin) and temporal (interannual) scales using the variance-based sensitivity
analysis approach. Fig.9 shows the temporal evolution (2021-2050) of uncertainty
contribution (i.e., sensitivity indices) of GCM and RCP to three drought indices (PDSI,
SPI and SPEI) projections during the period 2021-2050. From the Figure, GCM plays
a dominant role (> 90%) in the projection uncertainty of three drought indices over
the entire period for both basins, whereas the uncertainty of RCP is relatively limited
compared with GCM. The GCM (RCP) uncertainty tends to be larger (smaller) in the
West River basin than the North River basin, while the interannual variability of GCM
(RCP) uncertainty is larger in the North River basin than in the West River basin.
Overall, the GCM (RCP) uncertainty presents similar pattern amongst three drought
indices, but tends to be smaller (larger) in SPI3 than PDSI and SPEI3 projections for

both basins.

Fig.10 demonstrates the spatial distribution of GCMs’ uncertainty contribution to the
projection of PDSI, SPI3 and SPEI3 in the two basins during future three decades (i.e.,
2030, 2040 and 2050). As shown in Fig.10, GCM is the leading uncertainty source (>
90%) for the projection of three drought indices for both basins. The uncertainty of
GCM is unevenly distributed but with similar spatial patterns among three drought
indices in the West River basin (Fig.10a). In addition, the uncertainty of GCM tends
to increase (decrease) in the eastern (southwest) regions from 2030 to 2050, while in
the southern regions it decreases first and then increases. For the North River basin

(Fig.10b), the uncertainty of GCM is unevenly distributed and shows large spatial
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discrepancies among three drought indices. Overall, the uncertainty of GCM
(particularly for the projection of PDSI and SPEI3) tends to decrease in the majority
of the North River basin from 2030 to 2050, especially in northeast and southern

regions (Fig. 10b).

Fig.11 reveals the overall uncertainty contributions of GCM and RCP to the projection
of three drought indices (PDSI, SPI3, and SPEI3) for the two basins. Overall, GCM
contributes more than 96% of total uncertainty to the PDSI projection for both basins,
while for the projection of SPI3 and SPEI3, the uncertainty contribution of GCM
takes over 95% for both basins. Compared with GCM, the uncertainty of RCP is

rather limited and can be omitted in the future period (2021-2050) for both basins.

5. Discussion

In this research, we present an assessment of projection and uncertainty of Dr and Da
in the Pearl River basin during the period 2021-2050 based on downscaling
simulations (a total of 90 samples) of 13 CMIP5 GCMs under three RCP scenarios.
Three different drought indices (i.e., PDSI, SPI3 and SPEI3) are employed to explore
the spatio-temporal changes in Dr and D, with different (extreme, severe, moderate
and mild) drought events. The uncertainty in the projection of three drought indices
derived from GCMs and RCPs is quantified using variance-based sensitivity analysis

approach.

The results show that the sign and magnitude of the projected changes in drought
characteristics (e.g., Dr and Dq) are highly dependent on the index definition at both
spatial and temporal scales, generally consistent with the findings from previous
studies (e.g., Burke and Brown, 2008; Mishra and Singh, 2010; Touma et al., 2015;
Lee et al., 2019; Yang et al., 2019). This suggests that any single index may suffer
from limitations in considering the different aspects of droughts comprehensively. In

particular, the SPI tends to underestimate the projected changes in Dr in both basins
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compared with PDSI and SPEI, which might be due to that the SPI considers P deficit
alone without taking into account the impact of E7 in the context of climate warming
(Jeong et al., 2014; Rhee and Cho, 2016; Yoo et al., 2016; Ahmadalipour et al., 2017,
Huang et al., 2018; Lee et al., 2019; Haile et al., 2020; Wu et al., 2020).

The results also highlight a large discrepancy in the projected Dr and D. changes
amongst different GCM ensembles (Figs. 4-6), and larger model spread is found in the
projected Dr and D. changes of extreme drought than other drought events (Fig.6).
This is in consistency with previous studies showing a large uncertainty among GCMs
when projecting drought events in 21st century using CMIP3 and CMIP5 ensemble
(Sheffield and Wood, 2008; Dai, 2013; Orlowsky and Seneviratne, 2013). The
uncertainty analysis suggests that the GCM uncertainty, as expected, plays an
important role (contribution > 90%) in the projections of drought indices in both
basins, while the uncertainty of RCP is generally limited compared with GCM (Figs.
9 and 11). This is supported by Figs. 5 and 6, showing that there are larger
discrepancies in projected D, and Dr among GCM ensembles than RCPs. Such
finding is also generally consistent with the previous studies on the projection of
meteorological droughts (Wu et al., 2021), extreme temperatures (Wilby and Harris
2006; Woldemeskel et al., 2016; Xu et al., 2019c¢), precipitation (Zhou et al, 2014;
Woldemeskel et al., 2016; Hosseinzadehtalaei et al, 2017; Zarekarizi et al., 2018;Xu et
al., 2019b; Kim et al., 2020), and floods (Graham et al., 2007; Kay et al., 2009; Jung
et al.,, 2011; Addor et al, 2014; Giuntoli et al., 2015; Vetter et al., 2017). All these

literatures indicated that the uncertainty caused by GCM is larger than that of RCP.

This study also highlights a large spatio-temporal variability of uncertainty in the
regional projection of drought characteristics. At the spatial scale, the uncertainty of
GCM is unevenly distributed and show similar spatial patterns amongst three drought
indices in the West River basin, while in the North River basin the uncertainty of
GCM shows large spatial discrepancies amongst three drought indices (Fig.10). At the

interannual scale, the uncertainty of GCM shows a large variability, and the variability
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tends to be larger in the North River basin than in the West River basin (Fig.9). This is
generally consistent with the previous studies (Xu et al., 2019b; Wu et al., 2021),
which indicated that the uncertainty of GCM and RCP in drought prediction has large
temporal and spatial variations at the regional scale. Spatially, GCM has relatively
larger uncertainty in the Southern Hemisphere than the Northern Hemisphere,
whereas RCP has relatively larger uncertainty in the Northern Hemisphere than the
Southern Hemisphere (Wu et al., 2021). At the temporal scale, the GCM uncertainty
shows overall decreasing trends with time (Xu et al.,, 2019b; Wu et al., 2021). In
contrast, the RCP uncertainty is expected to increase over time until the end of this
century, but remains less than that of GCM at the regional (Xu et al., 2019b) and
global (Wu et al., 2021) scales. The spatio-temporal variability of the uncertainties in
GCM-based drought projection, might be due to the results of disagreement on the
magnitude of warming, as well as the magnitude and sign of P changes at the regional

scale (Trenberth et al., 2014).

Within this study, we did not consider some other potential sources of uncertainty that
arise not only from the methods but also from the simulations themselves. First,
although the bias-corrected method shows significant improvement in the simulations
of T and P, there are still relatively large errors (especially for P) in few months (see
Fig. 2), which may lead to potential uncertainty. Particularly, the GCM simulations
fail to capture some extreme events in wet/dry years, particularly in the West River
basin (Fig. 4). This means that the bias-corrected method may reduce the variability
range of the GCM simulations, leading to an underestimation of GCM uncertainty in
the projections of drought indices (SPI, PDSI, SPEI) during extreme wet and dry
years. This is supported by Wu et al. (2021), which indicated that the bias-corrected
method can be an important uncertainty source in explaining the model difference in
the projection of meteorological droughts. Second, the definitions of Dr and D are
based only on the threshold of (-1 for PDSI and -0.5 for SPI and SPEI) of drought
indices, without quantifying the drought events statistically. The choice of methods to

define drought characteristics can also lead to model discrepancies in drought
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projection (Mo, 2008; Sheffield and Wood, 2008; Dai, 2011b). In addition, we only
consider one hydrological model (VIC) in the hydrological simulations. Hydrological
models themselves may be biased due to inadequacies in the modeled physical
processes and parameterizations and because of processes that are not include in the
modeling, the structure of hydrological model can be an important source of
uncertainty in climate change assessment (Graham et al., 2007; Kay et al., 2009;
Addor et al, 2014; Eisner et al., 2017; Su et al., 2017; Vetter et al., 2017; Ju et al.,
2021). The PDSI and SPEI were partly calculated based on hydrological simulations.
This means that the uncertainty of hydrological model is included in the uncertainty of
GCM and RCP, which may lead to the overestimation of the uncertainty of GCM and
RCP in the projections of PDSI and SPEI. In future research, it would be interesting to
explore more sources of uncertainty (e.g., hydrological model, bias-corrected method,
and the definition of drought) with the consideration of multiple-model ensembles,
which are essential for assessing drought projection reliably in response to climate

warming at both regional and basin scales.

6. Conclusions

This research assesses the projection and uncertainty of drought characteristics (Dr
and Da) in the Pearl River basin during the period 2021-2050 using three different
drought indices (PDSI, SPI and SPEI) based on 13 CMIP5 GCMs under three RCP
scenarios. The SPI is calculated based on the P simulations of 13 GCMs, while the
PDSI and SPEI are computed based on the simulations of the VIC model forced by 13
GCMs. The uncertainty of projected drought indices (PDSI, SPI and SPEI) due to
various GCMs and RCPs is quantified by the variance-based sensitivity analysis

approach.

The results show that there are large discrepancies in the sign and magnitude of Dr
and Da changes amongst three drought indices, and the SPI tends to underestimate the

projected changes in Dr in both basins compared with PDSI and SPEL In terms of a
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particular drought index, there are significant spatial variation in the model projection
of Dr. There is also a large model spread in the projected Dr and D. changes among
different GCM ensembles, and larger model spread is found in the projected extreme
drought than other drought events. Overall, the Drof extreme drought is projected to
increase in the future period (2021-2050) in both basins, especially for the North

River basin.

The uncertainty analysis results show that GCM 1is the dominant uncertainty
(contribution > 90%) in the projections of three drought indices, while the uncertainty
of RCP is relatively limited compared with GCM. The uncertainty of GCM and RCP
shows a large interannual variability during the future period, with larger variability in
the North River basin than Wet River basin. At the spatial scale, the uncertainty of
GCM is unevenly distributed and show similar spatial patterns among three drought
indices in the West River basin, while the uncertainty of GCM in the North River
basin shows large spatial discrepancies amongst three drought indices. By the end of
2050, the uncertainty of GCM tends to increase in the Eastern regions of the Wet
River basin and decrease in the Northeast and Southern regions of the North River
basin. This study highlights the sensitivity of drought projection to the index
definition as well as the large spatial-temporal variability of general uncertainty

sources in drought projections.
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1105 Table 1 Information on the 13 general circulation models used in the present analysis

Model Institution Country  Resolutio
n
BCC-CSMI.1 Beijing Climate Cel.’l‘[(?r (BCC), Cl}lna Meteorology China 128x64
Administration, China
Beijing Climate Center College of Global Change and .
BNU-ESM . o : Ch 128x64
U-ES Earth System Science,Beijing Normal University, China e
Centre National de Recherches Meteorologiques and
CNRM-CMS5 Centre Europeen de Recherches et de Formation Avancee ~ France — 256x128
en Calcul Scientifique
National Oceanic and Atmospheric Administration .
- . ) ) A 144%90
GFDL-CM3 (NOAA) Geophysical Fluid Dynamics Laboratory fetica
National Oceanic and Atmospheric Administration .
- . ) ) A 144%90
GFDL-ESM2G (NOAA) Geophysical Fluid Dynamics Laboratory fertea
GISS-E2-R NASA Goddard Institure for Space Studies America  144x90
it
HadGEM2-ES Met Office Hadley Centre United =45 145
Kingdom
Atmosphere and Ocean Research Institute (The
University of Tokyo), National Institute for Environment
. . . J 256x128
MIROCS Studies, and Japan Agency for Marine-Earth Science and apan
Technology
Japan Agency for Marine-Earth Science and Technology,
MIROC-ESM-CH Atmosphere and Ocean Research Institute (The
. ) ) ) Japan 128%x64
EM University of Tokyo), and National Institute for
Environment Studies
Japan Agency for Marine-Earth Science and Technology,
Atmosphere and Ocean Research Institute (The
- . ) . J 128%x64
MIROC-ESM University of Tokyo), and National Institute for apan
Environment Studies
MPI-ESM-LR Max Planck Institute for Meteorology Germany  192x96
MRI-CGCM3 Meteorological Research Institute Japan 320x160
NorESM1-M Norwegian Climate Centre Norway  144x96

1106

48



1107 Table 2 Drought Classification based on PDSI, SPI and SPEI

) PDSI SPI SPEI classifications
Categories : . . .
classifications classifications
Extremely Drought (Ex D) PDSI<-4.00 SPI<-2.0 SPEI<-2.0

Severely Drought (Se D)
Moderately Drought (Mo D)
Mild Drought (Mi_D)

-3.99<PDSI<-3.00
-2.99<PDSI<-2.00
-1.99<PDSI<-1.00

-1.99<SPI<-1.5
-1.49<SPI<-1.0
-0.99<SPI<-0.5

-2.0<<SPEI<-1.5
-1.5<SPEI<-1.0
-1.0<<SPEI<-0.5
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