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Abstract

Flash drought (FD) is characterized by the rapid onset and development of drought
conditions. It usually occurs during the growing seasons, causing more severe impacts
on agriculture and society than the slowly-evolving droughts. Based on the Standard
Evaporative Stress Ratio (SESR), this study presents an assessment of the spatio-
temporal variability of the joint return periods of FD characteristics in the Pearl River
basin (PRB), southern China. Three FD characteristics (i.e., duration D, intensity /,
peak P) are extracted at each 0.25°%0.25° grid point over the PRB by the Runs theory.
Four marginal distribution functions (Gamma, Exponential, Generalized Extreme
Value and Lognormal) are used to fit FD characteristics, while three Archimedean
Copula functions (Clayton, Frank and Gumbel) are used for generating the joint
distributions of various paired FD characteristics. The results indicate that Lognormal
is the best-fitted marginal distribution function of FD characteristics in most parts of
PRB, while Frank and Clayton are the best-fitted Copula of the joint PDFs of three
pairs of FD characteristics in most parts of PRB. During 1953-2013, the FD events
are more frequent in eastern PRB (> 40 events) than western PRB (<10 events), and
larger FD characteristics (D and /) are also found in eastern PRB than western PRB.
The return period of each FD characteristic is smaller in eastern PRB than western
PRB, leading to smaller joint return periods of three paired FD characteristics (D-1, D-

P, P-]) in eastern PRB than western PRB. Overall, our results suggest that the risk of
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FD is gradually increased from the west to the east of the PRB.
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1. Introduction

Drought refers to the phenomenon that water availability is in a prolonged deficit
lasting for months or years (Ma et al. 2013; Mishra and Singh 2010; Xu et al. 2015). It
is a recurrent, inevitable and devastating natural disaster causing significant loss to
agriculture, ecology, and social economy (Allen et al. 2010). Global warming
increases atmospheric evapotranspiration (ET) demand and leads to uneven
distribution of precipitation, triggering frequent drought events in many regions of the
world in recent years (Allan et al. 2008; Rahmstorf and Coumou 2011; Tomas-
Burguera 2020; Vicente-Serrano 2016). Moreover, drought is expected to become
more frequent and more intensity with greater negative impacts under the background
of uncertain water supplies, increasing water demand and rapid population growth
(Fontaine and Steinemann 2009; Qu et al. 2018; Xia and Wei 2016; Yan et al. 2016;

Yin et al. 2015; Trenberth et al. 2014).

Recently, a new type of rapidly developing drought, flash drought (FD), has been
receiving increasing attention from the scientific community. The onset and
development of FD usually occur rapidly when extreme atmospheric anomalies (e.g.,
rainfall deficit and high surface temperature) persist for several days or weeks
(Christian et al. 2019; Otkin et al. 2018). FD is most likely to occur in regions with
dense vegetation during the growing seasons (Otkin et al. 2018; Wang et al. 2016). As
FD is distinguished by its unusually rapid intensification, there is no early warning for

FD, potentially causing more severe impacts on agriculture and society than the
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slowly-evolving droughts ( Ford et al. 2015; Otkin et al. 2018). Several alternative
definitions of FD have been developed in recent years, and they generally can be
classified into two types: one is based on the duration (D) (Mo and Lettenmaier 2015,
2016), and the other is based on the rapid intensification rate (Ford 2017; Liu et al.
2020; Otkin et al. 2018). In addition, a variety of indices have also been developed to
identify the occurrence of FD, including the rapid change index (RCI, Otkin et al.
2015), the Evaporative Stress Index (ESI) (Otkin et al. 2014), the Standard
Evaporative Stress Ratio (SESR) (Christian et al. 2019), and the Standardized
Evapotranspiration Deficit Index (SEDI) (Li et al. 2020). These metrics are based on
the assumption that vegetation pressure is the key driving force of the occurrence of
FD, therefore they are more suitable for the densely vegetation regions (Osman et al.
2021). More recently, Christian et al. (2019) developed an objective percentile-based
methodology for identifying FD by using the SESR, which is a standardized form of
the ratio between ET and potential evapotranspiration (PET). The SESR-based
method not only considers the vegetative impacts of FD, but also reflects the dynamic
changes and the rapid intensification of FD. In this study, the SESR-based method

will be used to identify the occurrence of FD.

Drought characteristics are considered essential elements of water resources and
drought management. Drought condition can be commonly characterized by multi-
dimensional drought characteristics, such as D, intensity (/), peak (P) and frequency
(Dracup et al. 1980). Single drought characteristic variable cannot fully reflect the

authenticity of drought events, since different drought characteristics are
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interdependent (Ayantobo et al. 2018; Shiau 2006, 2009; Sharma and Goyal 2020).
Therefore, different drought characteristics as well as their correlation structures and
mutual impacts need to be examined together for providing accurate drought
assessment (Nabaei et al. 2019; Wu et al. 2021). Most multivariate distributions are
currently derived from univariate distributions, which require the same edge
distributions of the variables, making the assessment less accurate (Salvadori and
Michele 2004). By contrast, the copula method directly simulates the multivariate
distribution of multiple random variables, providing a theoretical framework for the
multivariate frequency analysis of various variables (Sklar 1959). In the past decade,
the copula method has widely used in the multivariate frequency analysis of drought
characteristics (Jha et al. 2019, 2020; Lee et al. 2013; Xu et al. 2015; Wu et al. 2021;
Zhang et al. 2013), precipitation, runoff and flood (Wee and Shitan 2013; Renard and
Lang 2007), and other hydro-meteorological variables like soil moisture, temperature,
and sea level (Das and Maity 2015; Rana et al. 2017; Zhang et al. 2007). With this in
mind, this study will apply the copula method to present basin-scale analysis of the

joint return periods of the paired FD characteristics.

The Pearl River basin (PRB) is the largest basin in southern China, characterized by
developed economy and agriculture, dense cities, large population, and farming areas.
The climate of PRB is dominated by humid subtropical climate, mainly influenced by
the East Asian monsoon (Zhang et al. 2019). Under global warming, the PRB is
vulnerable to severe drought since the 1970s (Fischer et al. 2012; Zhang et al. 2013),

including more frequent FDs in PRB in recent years (Wang et al. 2016; Wang and
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Yuan, 2018; Yuan et al. 2019; Zhang et al. 2019; Zhu et al. 2021). Although some
advances have been recently devoted to the analysis of FD in PRB (Wang and Yuan,
2021; Zhang et al. 2019), most of them are only based on the soil moisture decline
method, which cannot fully reflect the dynamic changes and the rapid intensification
of FD. In addition, to the best of our knowledge, the risk assessment of FD has not
yet been conducted in PRB. A systematic spatio-temporal risk assessment of FD
events would promote our understanding of the evolution of FD and provide new

insights for the implementation of FD forecasting and early warning systems in PRB.

Based on the SESR-based method developed by Christian et al. (2019), this study
aims to quantitatively evaluate the spatio-temporal variability of the joint return
period of FD characteristics in PRB by using the copula-based models. Particularly,
three FD characteristics (i.e., D, I and P) computed based on the SESR are extracted
at each 0.25°x0.25° grid point over the PRB. Four marginal distribution functions
(Gamma, Exponential, Generalized Extreme Value and Lognormal) are used to fit D, [
and P, while three Archimedean Copula functions (Clayton, Frank and Gumbel) are
used for generating the joint distributions of various paired FD characteristics. The
best-fitted marginal distribution for each drought characteristic and the goodness
fitting copula functions are selected based on the root-mean-square error (RMSE) and
the Kolmogorov-Smirnov (K-S) test (Kolmogorov 1933; Smirnov 1948). In the
following, section 2 introduces the study area. In section 3, the detailed introductions
of dataset, definition of FD and drought characteristics, and analysis methods (Mann-

Kendall trend test, marginal distribution functions and Copula functions) are
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provided. Results and discussion are presented in sections 4 and 5, respectively. The

main findings drawn from this study are summarized in section 6.

2. Study area

The PRB (102° 14" to 115° 53'E and 21° 31" to 26° 49'N) is composed of the West
River basin (WRB), the North River basin (NRB), the East River basin (ERB) and the
Pearl River Delta (PRD), with a total drainage area of 4.42x10° km? (Fig. 1). The
PRB has a concentrated population and developed industry and agriculture, with a
high meteorological disaster vulnerability (Liu et al. 2012). The basin is dominated by
the tropical and subtropical monsoon climate, with annual mean temperature ranging
from 14 to 22 °C, and annual mean precipitation decreasing from 2200 mm in the east
to 1200 mm in the west. The precipitation of PRB has an uneven intra-annual
distribution, with 60—70% of annual precipitation occurring during April-September
(Tang et al. 2015). Due to global warming, PRB is vulnerable to drought and short-

term concurrent hot and dry extreme events in recent years (Zhang et al. 2019).

3. Dataset and Methodology

3.1 Dataset

Atmospheric reanalysis makes a perfect combination of observations and earth system
models, and provides spatiotemporal estimates about the earth's atmosphere and land
surface variables (Koster 2019). Global Land Data Assimilation System (GLDAS)
aims to utilize advanced land surface modeling and data assimilation techniques to

obtain reliable estimates of land surface states and fluxes (Ji et al. 2015; Park and
8
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Choi 2015; Rodell et al. 2004). The high-quality, global land surface fields provided
by the GLDAS have been widely used in weather and climate prediction, water
resources applications, and water cycle investigations (Bi et al. 2016; Yuan et

al. 2018). In this study, the long-term (1953-2013) daily ET data over the PRB with a
spatial resolution of 0.25° were driven from the GLDAS-2.0 forcing data

(https://1das.gsfc.nasa.gov/).

Observed daily meteorological data, including precipitation, mean temperature,
maximum and minimum temperature, air pressure, vapor pressure, sunshine duration,
and wind speed, spanning the period 1953-2013 were driven from 65 meteorological
stations over the PRB (see Fig. 1) provided by the National Meteorological

Information Center (http://data.cma.cn). Based on the meteorological observation

data, daily PET was calculated by using the FAO-56 Penman-Monteith method
(Mahrt and Michael 1984; Penman 1948). To match the spatial scale of GLDAS-2.0
data, the PET data was interpolated to 0.25° spatial resolution over the PRB by using

the bilinear interpolation.

3.2 FD identification

Christian et al. (2019) developed an objective percentile-based methodology for
identifying the occurrence of FD using the SESR and changes in SESR. This method
not only considers the vegetative impacts of FD, but also quantifies the rapid rate of
drought intensification. Specifically, the FD identification is based on the evaporative

stress ratio (ESR), which can be expressed as follows:
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ESR = E1 (1)
PET

where ESR ranges from 0 to approximately 1. The value of ESR is inversely
proportional to the amount of evaporative stress on the environment (Christian et al.

2019).

For the FD identification, the standardized ESR (i.e., SESR) and the standardized

change in SESR are computed at each grid point:

ESR,, ~ESR,,

SESR,, = (2a)
Oksr,,
ASESR, —ASESR.
(ASESR,,) = i p (2b)
) O ASESR,

where SESR,, and (ASESRUP) represent the z-score of ESR and change in SESR,

ijp

respectively, for a specific pentad (p) at a specific grid point (7, j). ASESR represents

the rapid intensification of FD in time at each grid point.

Taking into account the frequent characteristics of high-temperature heat waves in
PRB (Zhang et al. 2019) and according to Christian et al. (2019), the following four
criteria are considered to identify the occurrence of FD events in PRB: (1) a minimum
length of 3 SESR changes (ASESR), equivalent to a length of four pentads (20 days),
(2) the final SESR should be below the 20th percentile of SESR values, (3) ASESR
should be below the 40th percentile between two pentads and no more one ASESR 1is
above the 40th percentile following a ASESR, and (4) the mean change in SESR

throughout the whole FD should be less than the 25th percentile of the changes in

10
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SESR. The first two criteria address the effects of FDs on environment, while the
latter two criteria emphasize the rapid intensification of FD. More detailed
explanations of the four criteria can be referred to Christian et al. (2019). In this study,
the minimum length of 20 days (four pentads) for criterion 1 is selected according to
the frequent characteristics of high-temperature heat waves in PRB (Zhang et al.
2019). Based on the above criteria, the occurrence of FD events is identified at each
grid point over the PRB during the vegetative growing season (April-November) for

the period 1953-2013.

Based on the Runs theory (Yevjevich 1967), three FD characteristics (D, I, P) are
extracted from the FD events at each grid point over the PRB. D refers to the total
pentads for a FD event. P is defined as the absolute value of the minimum SESR
during a FD event. / is the absolute mean change in SESR throughout the whole FD

event, which reflects uncontrollable and dramatic changes of environment.

3.3 Mann-Kendall trend test

The Mann-Kendall (M-K) test is a non-parametric statistical method for testing the
trend of hydrometeorological data ( Dawood 2017; Kendall 1975; Mann 1945). The
M-K method has the advantages of not assuming any distribution forms for the data
and not being affected by interference from outliers, and is widely used for detecting
the significance of long-term trends in hydrometeorological variables (Gocic and
Trajkovic 2013; Li et al. 2021; Mekonen and Berlie 2020; Wu et al. 2018). In this
study, we apply the M-K method to detect the statistical significance of the trends in

11
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FD characteristics (D, I and P) at the 5% significance level (a = 0.05). The non-
parametric trend slope estimator method (Sen 1968) is used to estimate trend

magnitudes in FD characteristics.

3.4 Marginal distribution

Four different probability distribution functions (PDFs), namely gamma (GAM),
exponential (EXP), generalized extreme value (GEV) and lognormal distribution
(LOG), are used to fit FD characteristics (Table 1). We choose these PDFs, because
they are widely used in estimating the marginal probability distributions of
meteorological drought characteristics (Nabaei et al. 2019; Wu et al. 2021). The
parameters of each PDF are estimated using the maximum likelihood estimation
method (Xu et al. 2015). The RMSE and K-S test are used for goodness of fit tests to
select the best marginal distribution at the 95% significance level, that is, the
optimal marginal distribution is selected after passing the K-S test and having the
smallest RMSE (Wu et al. 2021). The formulas of the K-S test are expressed as

follows:

K (%) = = X1y Iy (X0) (3a)

1,X; <x

[ () = {0, X > x (b)

where K, (x) is the K-S statistic and [ - is an indicator function ranging from 0

oo, x]

to 1.

3.5 Copula functions
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Copula is a joint function that connects two or more marginal distribution functions
(Fx(x)Fy(y)) from a joint distribution function (Fy y(x, ¥)), which describes the
probability that the two or more variables are equal to or less than a given value (Sklar

1959). The general form of copula is expressed as (Nelsen 2006):

FX,Y(x' y) = C[Fx(x), iy ()] = Clu,

v] €))

where u and v are the marginal distribution functions of X and Y, respectively. The
copula functions can be classified to three forms: elliptical, Archimedean, and
quadratic, and among them Archimedean copulas are widely used for hydro-
meteorological analyses ( Bisht et al. 2019; Thilakarathne and Sridhar 2017; Wu et al.
2021). In this study, three common Archimedean copula functions, including Clayton,
Frank and Gumbel copulas (Table 2), are used to construct the joint distribution of
three pairs of FD characteristics (D-1, I-P, D-P) at each grid over the PRB. The K-S

test and RMSE are used to assess the goodness fitting of copula functions.

3.6 Return period

For a single variable (X) equal to or greater than a given value (x), univariate return
period T(x) can be calculated as:

N
n[1-F(x)]

T(x) = )

where N is the length of the study period (i.e., 61-yr in this study), n is total number

of FD events, and F(x) is the marginal distribution of FD characteristic.

13
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In this study, two different joint probabilities (Pyyyand Py, ) of three pairs of FD
characteristics are considered (Shiau 2006; Nabaei et al. 2019):

Poyy=PX>x or Y>y)=1-C(Fx(x),Fy(y))=1-

C(u,v) (6a)

Pepy = P(X >x,Y >y) = 1= Fy(x) = Fy(y) + C(Fx(x), Fy(3)) = 1 —u—v + C(w,v) (6b)

where the symbol \V denotes “union” (“or”) and /\ denotes “intersection” (“and”). The

corresponding return periods of Py, (union return period, 7o) and Py, (co-

occurrence return period, 7,) are expressed as follows:

N

o = icau 7

|
n[l1-u-v+C(u,v)]

To = (7b)

where u and v are the marginal distributions of FD characteristics, and C(u,v) is the

joint distribution of the pairs of FD characteristics.

4. Results
4.1 Spatial and temporal trends in FD characteristics

The spatial distributions of mean D, I and P as well as the frequency of FD events
during 1953-2013 are displayed in Fig. 2. It is shown that the frequency of FD
(events) is less than 20 in most parts of PRB and tends to decrease from the eastern (>
50) to western (<10) regions (Fig. 2a). D is less than 22 days in almost the whole
study basin (except for the PRD and the downstream of ERB, Fig. 2b). Similarly, /
tends to decrease from the east (> 0.7) to the west (~ 0.5) regions (Fig. 2¢). The range

of P is 0.94 ~1.38 over the PRB (Fig. 2d), and smaller (larger) P is found in the
14
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midstream of WRB and upstream of NRB (western WRB).

Fig. 3 displays the spatial distributions of the trend magnitudes in D, [ and P over the
study area during the period 1953-2013. As shown in Fig. 3a, a substantial spatial
difference in the trend magnitudes of D is found across the PRB (Fig. 3a). A
decreasing trend in D is observed in most parts of PRB, with a significant decreasing
trend (a < 0.05) in the downstream of NRB and PRD. In contrast, an increasing trend
(not significant) in D is found in the upper and middle reaches of WRB, the upstream
of NRB and some parts of southeastern PRB (Fig. 3a). For /, a significant decreasing
trend (a < 0.05) is concentrated in the middle and lower reaches of WRB and the
upstream of NRB (down to 3.1). In contrast, the significant increasing trend appears
only in western WRB and southern NRB (up to 2.39, Fig. 3b), which is generally the
opposite of the increasing trend of D (Fig. 3a). P shows an increasing trend mainly in
the upstream and downstream of WRB and western NRB (up to 3.8), while the
decreasing trend is scattered in the northern and southern parts of middle WRB as

well as the downstream of NRB (the largest decline is > 2.8, Fig. 3c).

4.2 Selection of marginal distributions and bivariate Copulas

The GAM, EXP, GEV and LOG are used to fit the marginal distributions of D, / and P
at each grid over PRB. The Clayton, Frank and Gumbel are used to fit the joint
probability distributions of D-I, D-P, and P-1. The best marginal distribution and
Copula at each grid are selected when it passes the K-S test and has the smallest
RMSE. The distributions of the best-fitted marginal distribution of each FD

15
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characteristic determined by the RMSE and K-S test are displayed in Fig. 4. It is
found that LOG is the best-fitted marginal distribution function of D, I and P for most
of PRB, accounting for 88%, 53% and 70% of the total grids, respectively. For D, the
percentage of grids identified by the EXP distribution is approximately 10%, while for
I and V the percentage of grids identified by the GEV distribution is approximately
47% and 27%, respectively. In contrast, for D (I and V), almost no grids are identified
by the GEV (EXP) distribution. In addition, for all FD characteristics, almost no grids
are identified by the GAM distribution (except for some grids for P, Fig. 4c). Overall,
at the basin scale, GEV is the best-fitted marginal distribution function of P in ERB,
while LOG is the best-fitted marginal distribution of all FD characteristics in WRB

and NRB.

The spatial distributions of the best-fitted Copula functions of D-I, D-P, and P-I are
displayed in Fig. 4d~f. As shown, the best-fitted Copula functions of three pairs of FD
characteristics can be identified in all the grids over the PRB. Frank, Clayton, and
Gumbel are the best-fitted Copula functions accounting for 61.4%, 31.2%, and 7.4%
for the joint D-1 PDFs, 67.3%, 24.5%, and 8.2% for the joint D-P PDFs, and 67.3%,
28.5%, and 4.2% for the joint P-I PDFs over the PRB. In contrast, very few grids are

identified by the Gumbel function for all three pairs of FD characteristics.

4.3 Joint PDF of FD characteristics

The joint PDF at each grid point over the PRB is constructed using the best fitted
marginal distribution and copula function. The two-dimensional joint PDFs of D-I, D-

16
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P and P-7in WRB, NRB and ERB are displayed in Fig. 5. As seen, when D < 20 days
and 7 < 0.5, the joint PDF of D-I can be neglected in all basins. Similarly, the joint
PDF of D <20 days and P < 0.7, 0.87 and 0.92 also tends to be neglected in WRB,
NRB and ERB, respectively. In contrast, when D increases from 20 to 40 days and /
increases from 0.5 to 1, the joint PDF of D-/ sharply increases close to 1 in all basins.
When D increases from 20 to 40 days and P increases from 0.7 to 2, 0.87 to 2 and
0.92 to 2 in WRB, NRB and ERB, respectively, the joint PDF of D-P increases close
to 1. Similarly, when 7 increases from 0.5 to 1 and P increases from 0.7 to 2, 0.87 to 2
and 0.92 to 2, the joint PDF of /-P increases close to 1 in WRB, NRB and ERB,
respectively. However, the increasing rate of joint PDF tends to decrease when D > 28
days and P > 1.4 in WRB, NRB and ERB. Also, the increasing rate of joint PDF tends
to decrease when D > 28 days and /> 0.68, 0.79, 0.82 respectively in WRB, NRB and

ERB.

It can be found by comparison that the joint PDFs of D-I, D-P and P-I tend to be
‘fatter’ in WRB and NRB than in ERB, suggesting a higher risk of FD in ERB than in
WRB and NRB. This is supported by Table 3, showing that the design values of D
corresponding to the same return periods (10, 20, 50, and 100a) are generally the
largest in ERB, followed by WRB and NRB. Similarly, the design values of P and /
corresponding to the same return periods are the largest in ERB, followed by NRB

and WRB.

4.4 Geographic pattern of 7,

17
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The contour maps of 7, of D-1, D-P, and P-I in WRB (the first row), NRB (the second
row), and ERB (the third row) are displayed in Fig. 6. As shown, for a certain / and P,
the 7, of D-I and D-P is the largest in WRB, followed by NRB and ERB, suggesting a
higher probability of a smaller D in WRB than in the other two basins, a consistent
finding with that in Fig. 2b. For a certain / and P, the 7, of I-P is also the largest in
WRB, followed by NRB and ERB, suggesting a higher probability of smaller / and P
in WRB than in the other two basins, a consistent finding with that in Fig. 2¢ and d. It
is also found that the 7, tends to increase slowly (< 50-yr) and then fast (>100-yr)

with the increasing D, [ and P in all three basins.

Four different design values of D, I and P corresponding to different univariate return
periods (10, 20, 50, and 100a) are used to compute the 7, of D-1, D-P, and P-I in
WRB, NRB, and ERB (Table 3). For the same return periods, the 7, of D-I and D-P is
the largest in WRB, followed by NRB and ERB, while the 7, of P-I is the largest in
NRB, followed by WRB and ERB. In addition, the 75 of P-/ is larger than that of D-/

and D-P in all basins.

Three specified thresholds of D (D1: 20d, D2: 25d, D3: 30d), I (11: 25th, 12: 50th, /3:
75th percentile), and P (/1: 25th, 12: 50th, /3: 75th percentile) are used to calculate the
T, at each grid point over the PRB. The spatial distributions of the 7, of DI-11, D2-12,
D3-13, DI-P1, D2-P2, D3-P3, I1-P1, I2-P2 and [3-P3 are displayed in Fig. 7. As
shown, the T, of DI-11, D2-12, DI-P1, D2-P2, I1-P1 and I2-P2 is less than 10a in

most parts of western PRB and less than 5a in eastern PRB. The 7, of D3-13 is in the
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range of 30~300a in southern ERB and PRD, and is greater than 300a in most of NRB
and WRB (Fig. 7¢). The T, of D3-P3 and P3-13 is less than 5a in ERB and PRD, and
less than 30a in most of WRB (Fig. 7f), which is significantly smaller than the 7, of

D3-13 (Fig. 7c¢).

4.5 Geographic pattern of 7,

The T, is calculated at the basin scale by equation (7b). The contour maps of T, of
D-I, D-P, and P-I in three basins (WRB, NRB, and ERB) are displayed in Fig. 8. For a
certain D, [ and P, the T, of D-I, D-P, and P-I is the smallest in ERB, suggesting a
higher risk of FD in ERB compared with the other two basins. The 7, of D-/ and D-P
is smaller (larger) in NRB than WRB when D is less (larger) than 21 days, while the
T, of P-11s larger in WRB than NRB. The design values of FD characteristics and the
corresponding 7, in three basins are shown in Table 3. For the same return periods
(10, 20, 50 and 100a), the 7, of D-I is the largest in NRB, followed by ERB and
WRB, the T, of D-P is the largest in ERB, followed by NRB and WRB, and the 7, of
P-11s the largest in ERB, followed by WRB and NRB. In addition, the 7, of D-P is
larger than that of D-I and P-/ in WRB and ERB, while in NRB the T, of D-/ is

significantly larger than that of D-P and P-1.

Three specified thresholds of D (D1: 20d, D2: 25d, D3: 30d), I (I1: 25th, I2: 50th, 13:
75th percentile), and P (/1: 25th, 12: 50th, /3: 75th percentile) are used to calculate the

T, at each grid point over the study basin. The spatial distributions of the 7, of D1-11,
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D2-12, D3-13, DI-P1, D2-P2, D3-P3, I1-P1, 12-P2 and I3-P3 are displayed in Fig. 9.
As shown in Fig. 9, the T, of [1-P1, I2-P2, D1-P1 and DI-I1 is less than 5a in eastern
PRB and larger than 10a in some parts of WRB. The areas with the 7, of //-P1, 12-P2,
DI-PI and D1-I1 less than 5a are decreased in order. For D2-12 and D2-P2 (Fig. 9b
and e), the T is less than 30a in southeastern PRB, and larger than 300a in most parts
of WRB and NRB. For D3-13, D3-P3 and I3-P3 (Fig. 9c, f and 1), the 7% is larger than
300a in most parts of PRB, and the area with 7, larger than 300a is the largest for D3-
13, followed by D3-P3 and P3-13. In contrast, the 7, of D3-P3 and /3-P3 less than 30a

is concentrated only in southern PRD, southern ERB, and western and central WRB.

S. Discussion

Based on the GLDAS and observation data, we used four marginal distribution
functions (GAM, EXP, GEV, and LOG) and three Archimedean Copulas (Clayton,
Gumbel and Frank Copula) to explore the geographic pattern of bidimensional return
period (75 and T,) of the paired FD characteristics (D-1, D-P and P-I) over the PRB. It
was found that different FD characteristics usually follow different statistical
distributions, resulting in a large spatial variability in the best-fitted marginal
probability distributions of FD characteristics as well as the best-fitted copulas of the
paired FD characteristics over the study basin. This is generally consistent with the
previous studies on the probability distribution assessment of meteorological drought
characteristics at the global (Wu et al. 2021) and regional (Nabaei et al. 2019) scales.
Our results suggest that only one or few PDFs (or copula functions) were selected for

analysis may lead to inaccurate probability estimates of FD characteristics, because
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they may not be the best PDFs (or copula functions) of FD characteristics.

The analysis indicates a larger FD characteristic (Fig. 2) as well as a smaller joint
return period of FD characteristics in eastern PRB (mainly southern ERB and PRD)
(Fig. 7 and 9). In contrast, the smaller FD characteristic (Fig. 2) and larger joint return
period of FD characteristics are concentrated in western WRB (Fig. 7 and 9). This
suggests a high risk of FD in southern ERB and PRD and a lower risk of FD in
western WRB (Fig. 2, 7, and 9). Two key reasons might be responsible for the higher
FD risk in eastern PRB (mainly southern ERB and PRD). First, the plain areas in PRD
are mainly heavy population and dense cities, in which surface fluxes and ET are
highly sensitive to changes in soil moisture (Guo et al. 2006; Wei et al. 2016), easily
accelerating the continuous drying of the atmosphere and leading to a decrease in
SESR. In addition, the ERB is dominated by agricultural regions, which generally
have a shallower root zone and a high rate of ET (soil moisture depletion) with high
risk of short-term concurrent hot and dry extremes (Zhang et al. 2019). In contrast, the
lower risk of FD in western PRB (mainly western WRB) can be attributed to the high-
altitude terrain, where relatively sparse vegetation limits transpiration and causes ET

to be restricted (Pielke 2001).

Note that this study is subject to a few limitations. First, for FD identification, the
minimum length of 20 days (four pentads) is selected for the whole basin according to
the frequent characteristics of high-temperature heat waves in PRB (Zhang et al.

2019). For a certain region, changes in the threshold of the minimum D would affect
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the number of FD events and the size of FD characteristics. On the other hand,
because FD characteristics have strong spatial variability (Fig. 2), it is reasonable to
believe that the threshold of the minimum D of FD also has a strong spatial
variability. Therefore, it would be interesting in future work to explore the sensitivity
of the number of FD events and the size of FD characteristics to the threshold of the
minimum D to determine the most suitable minimum D of FD at each grid point over
the study basin. In addition, we also found that there are few FD events (less than 10
times) identified in western WRB (Fig. 2a). The relatively small sample size of FD
events may not be able to fully characterize the range of FD characteristics, which

may lead to inaccurate probability estimates of FD characteristics.

6. Conclusions

Based on the SESR-based method developed by Christian et al (2019), the occurrence
of FD events during the period 1953—-2013 was identified at each 0.25°%0.25° grid
point over the PRB. Three FD characteristics (i.e., duration D, intensity /, peak P)
were extracted by the Runs theory. Four marginal distribution functions (Gamma,
Exponential, GEV and Lognormal) were used to fit D, [ and P, while three
Archimedean Copula functions (Clayton, Frank and Gumbel) were used for
generating the joint distributions of various paired FD characteristics. The spatio-
temporal variability of the two different joint return periods (union return period 7o

and co-occurrence return period 7;) of three pairs of FD characteristics (D-1, D-P and
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I-P) over the PRB was quantitatively assessed using copula-based models. The main

findings drawn from this study are summarized as follows.

(1) Different FD characteristics usually follow different statistical distributions,
resulting in a large spatial variability in the best-fitted marginal probability
distributions of FD characteristics as well as the best-fitted copulas of the paired FD
characteristics. Overall, LOG is the best-fitted marginal distribution function of D, /
and P for most of PRB, accounting for 88%, 53% and 70% of the total area of PRB,
respectively. Frank and Clayton are the best-fitted Copula of the joint PDFs of three
pairs of FD characteristics for most of the PRB, accounting for 61.4%~67.3% and

24.5%~28.5% of the total area of PRB, respectively.

(2) During the period 1953-2013, the FD events are more frequent in eastern PRD
and southern ERB (> 40 events) than in western WRB (<10 events). Similarly, larger
D and [ are observed in PRD and southern ERB, while larger P is observed in western
WRB and southern ERB. The trend analysis shows that a decreasing trend in D is
observed in most of PRB (especially PRD). 7 shows a significant decreasing
(increasing) trend in the middle and lower reaches of WRB and the upstream of NRB
(western WRB and southern NRB), while P shows an increasing (decreasing) trend

mainly in the downstream of WRB (central WRB and southern NRB).

(3) The return period of D is the smallest in ERB, followed by WRB and NRB. The
return periods of P and / are the smallest in ERB, followed by NRB and WRB. The 7,
and 7, show generally similar spatial patterns over the PRB, but the magnitude of 7, is
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significantly larger than that of 7,. The 7, and T, of D-I, D-P, and P-I are both
smaller in eastern PRB than western PRB, resulting the highest risk of FD in ERB

followed by NRB and WRB.
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Figures and tables

Table 1. Univariate marginal distribution functions used in this study.

Table 2. Archimedean Copulas used in this study. # and v are the marginal distribution
functions; @ denotes the parameter of Copula.

Table 3. The design values of FD characteristics and their joint return periods in three
basins.

Fig. 1 The location of the Pearl River basin and the distribution of meteorological
stations.

Fig. 2 Spatial distributions of (a) the number of FD occurrences and mean (b) D (in
days), (c) 1, and (d) P over the PRB during 1953-2013.

Fig. 3 Spatial distributions of the trend magnitudes in (a) D (in days), (b) /, and (c) P
over the PRB during 1953-2013. Significant increasing (decreasing) trends (p<0.05)
are denoted by white regular triangles (green inverted triangles).

Fig. 4 Spatial distributions of the best-fitted marginal distribution functions of (a) D,
(b) 1, and (c) P as well as the best-fitted copula functions of (d) D-1, (e) D-P, and (f) P-
I over the PRB.

Fig. 5 Two-dimensional joint distribution maps of D-1, D-P, and P-I in WRB (the first
row), NRB (the second row), and ERB (the third row).

Fig. 6 The contour maps of the joint return period (7o) (in years) of D-1, D-P, and P-1
in WRB (the first row), NRB (the second row), and ERB (the third row).

Fig. 7 Spatial distributions of 7, (in years) of (a) DI-11, (b) D2-12, (c) D3-13, (d) DI-
P1, (e) D2-P2, (f) D3-P3, (g) II-P1, (h) I12-P2, and (i) I3-P3 over the PRB.

Fig. 8 The contour maps of the joint return period (7%) (in years) of D-1, D-P, and P-1
in WRB (the first row), NRB (the second row), and ERB (the third row).

Fig. 9 Spatial distributions of 7, (in years) of (a) DI-11, (b) D2-12, (c) D3-13, (d) DI-
P1, (e) D2-P2, (f) D3-P3, (g) II-P1, (h) I2-P2, (i) I3-P3 over the PRB.
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Table 1. Univariate marginal distribution functions used in this study.

Distribution PDF Parameter
Gamma F(x)= B Ixt”’le”’ﬁdt a, B
INCARE
Exponential F(x)=1-exp(—«(x—¢)/ @) a, &
GEV F(x) =exp£—exp(k" In [1-@)}} a, &,k
a
1 (In x — u)*
Lognormal F(x)=——F——expy—m5— o,
8 xo~2r 207 :
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Table 2. Archimedean Copulas used in this study. u and v are the marginal distribution functions;  denotes the parameter of Copula.

Copulas Function Range

Clayton maX([u‘g +v7 —1]_1/9 ,0) (0,00)

(e—Hu _ 1)(6—61/ _ 1)
(e’ -1

1
Frank 2 In[1+ ] (-00,00)

Gumbel exp(—[(—ln u)? +(~In v)aj)w [1,00)
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Table 3. The design values of FD characteristics and their joint return periods in three basins.

Do-lo Do-Po Po-lo
Basins T/a Do/d Io Po
To/a Ti/a To/a Ti/a T,/a T./a
10 18.84 0.57 0.78 9.70 10.32 9.63 10.39 9.84 10.16
20 21.70 0.61 0.99 16.13 26.31 15.70 27.55 17.57 23.22
WRB
50 23.61 0.63 1.15 32.34 110.17 31.51 120.97 35.85 82.58
100 24.72 0.65 1.25 57.86 368.15 56.84 415.31 62.62 248.14
10 20.70 0.69 1.17 6.26 24.84 7.47 15.12 9.49 10.57
20 21.29 0.74 1.24 11.28 88.30 12.79 4591 17.66 23.05
NRB
50 21.90 0.79 1.32 26.30 505.98 28.02 231.96 37.75 74.03
100 22.29 0.82 1.38 51.31 1959.7 53.11 853.84 66.16 204.70
10 23.44 0.78 1.30 7.16 16.57 6.85 18.49 8.61 11.93
20 24.81 0.84 1.36 12.67 47.41 12.22 55.15 15.41 28.47
ERB
50 26.34 0.89 1.43 28.13 224.65 27.52 272.87 32.62 107.07
100 27.37 0.93 1.46 53.33 801.30 52.65 993.99 58.83 333.19
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Fig. 1 The location of the Pearl River basin and the distribution of meteorological
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Fig. 2 Spatial distributions of (a) the number of FD occurrences and mean (b) D (in
days), (c) 7, and (d) P over the PRB during 1953-2013
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Fig. 3 Spatial distributions of the trend magnitudes in (a) D (in days), (b) /, and (c) P
over the PRB during 1953-2013. Significant increasing (decreasing) trends (p<0.05)
are denoted by white regular triangles (green inverted triangles)
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Fig. 4 Spatial distributions of the best-fitted marginal distribution functions of (a) D,
(b) 1, and (c) P as well as the best-fitted copula functions of (d) D-1, (e) D-P, and (f) P-
I over the PRB
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Fig. 7 Spatial distributions of 7, (in years) of (a) DI-11, (b) D2-12, (c) D3-13, (d) DI-
P1, (e) D2-P2, (f) D3-P3,(g) I1-P1, (h) 12-P2, and (i) 13-P3 over the PRB
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Fig. 9 Spatial distributions of 7, (in years) of (a) DI-11, (b) D2-12, (c) D3-13, (d) DI-
P1, (e) D2-P2, (f) D3-P3,(g) [1-P1, (h) 12-P2, (i) I3-P3 over the PRB.
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