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Abstract: Against the background of global warming and frequent extreme precipitation events, the
changes in drought characteristics in the middle reaches of the Yellow River Basin (YRMB) have
been particularly pronounced in recent years. Under the new situation, it is necessary to further
our understanding of drought risk in the basin and its response mechanisms to climate change. In
this study, YRMB was utilized as the research area. Based on the precipitation (P) and potential
evapotranspiration (PET) data under four emission scenarios (historical and future), five timescales
(SPEI-1, SPEI-3, SPEI-6, SPEI-9, and SPEI-12) of SPEI drought indices were estimated in this study.
Drought events were identified using the run-length theory, and the spatial distribution values of
drought frequency, duration, intensity, and severity were also examined. Based on the preferred
copula function, the two-dimensional joint distribution of drought variables was established, and the
two-dimensional return period of drought indices in the historical (1901-2014) and future (2022-2100
under SSP245 and SSP585 emission scenarios) periods were calculated. The results show that the SPEI
index in the middle reaches of the YRMB is increasing in the future period and the basin tends to be
more humid. Under the SSP245 and SSP585 scenarios, the frequency of long drought durations, high
drought intensities, or severe drought events in the basin may be higher. The univariate return period
is always higher than the joint return period, but lower than the co-occurrence return period, and
both types of return periods can be used to assess range estimations in the future. The research results
can provide support for understanding the spatiotemporal distribution characteristics of drought in
the YRMB and improving the accuracy of drought decision making.
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1. Introduction

Drought is one of the most serious natural disasters in the world, presenting char-
acteristics such as wide impact, long durations, and complex causes, which can cause
considerable losses to human society [1-3]. Droughts occur frequently in China, and the
regional differences in the occurrence of droughts are particularly pronounced. The mid-
dle reaches of the Yellow River (YRMB) are the areas most severely affected by drought.
Most of the YRMB is located in a semi-arid region and is extremely sensitive to climate
change [4]. In recent years, the climate in the YRMB has significantly changed as a result
global warming. With the occurrence of rapid socio-economic development, the YRMB has
transformed into an area with extremely scarce water resources in China [4]. As climate
change intensifies, the degree of drought in the YRMB is increasing and its response to the
global warming trend is becoming increasingly more evident [5]. At present, this basin is
facing a serious risk of drought disasters. The high-quality development of the YRMB has
risen to the national strategic level. Under the background of climate change, the climate
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type in the YRMB is complex and diverse, and the distribution of precipitation presents un-
even characteristics [6]. In recent years, with the continuous change in climate and increase
in population, the utilization of water resources in the YRMB has considerably increased,
especially presenting a decrease in water quantity, leading to the expansion of the scale,
frequency, and duration of drought disasters [7]. In the research, the impact of drought
disasters on the ecological environment and socio-economic development of the basin
is becoming increasingly severe [8]. Drought disasters have become the main constraint
factor limiting the high-quality development of the YRMB [9,10]. Therefore, a thorough
understanding of the characteristics of drought disaster risks and their impact mechanisms
in the YRMB is of considerable significance for China’s socio-economic development and
ecological civilization construction.

According to the physical and socio-economic factors, the American Meteorological
Society classifies drought into four categories: meteorological, hydrological, agricultural,
and socio-economic [11]. Meteorological drought mainly considers the balance between
precipitation and evapotranspiration; agricultural drought mainly focuses on crop growth
and soil moisture conditions; hydrological drought uses surface runoff and groundwater
levels as the main indicators; and socio-economic drought mainly uses natural water supply
conditions and human water demand as the main indicators [12]. Due to the influence
of surface water and groundwater supply, the occurrence of agricultural, hydrological,
and socio-economic droughts is less frequent than that of meteorological droughts [13].
Additionally, it is only when meteorological droughts persist for a certain period of time
that agricultural, hydrological, and socio-economic droughts can occur and produce corre-
sponding consequences. Therefore, meteorological drought is the determinant of whether
the other three types of droughts will occur, and a timely assessment of meteorological
drought is crucial in the literature for alerting us to critical water resource levels and
agricultural production outcomes [14].

At present, meteorological drought indices commonly used in the research to monitor
drought can be roughly divided into two categories: one category considers only single fac-
tors, such as precipitation anomaly percentage (Pa), standardized precipitation index (SPI),
Z-index, generalized extreme value index (GEVI), and standardized antecedent precipita-
tion index (SAPI); the other category considers multiple factors, including standardized
precipitation-evapotranspiration index (SPEI), Palmer drought severity index (PDSI), sur-
face humidity index (Hi), and compound index (CI). Among these parameters, the SPEI
is based on SPI and was developed by Vicente-Serrano et al. (2010) [15]. The SPEI charac-
terizes water deficit levels by interpolating precipitation and potential evapotranspiration
levels at a given timescale and replaces precipitation in the SPI calculation. It thus combines
the advantages of the PDSI and avoids the limitations of using only a single factor in the SPI.
In addition, the SPEI inherits the simple calculation process and flexible timescale of SPI, as
well as the advantage of low data requirements [16]. Therefore, it is more advantageous
than the PDSI method, which relies on empirical parameters in drought research. With the
expansion of drought-prone areas due to the consequences of climate change, the SPEI is
particularly suitable for drought research under the global warming background at present,
as it takes into account the influence of temperature variability. In their study, Engstrom
and Keellings (2018) [17] used the SPEI index to predict the occurrence of future droughts
in Canada, and observed significant regional differences in drought conditions. Ma et al.
(2022) [18] evaluated the spatiotemporal pattern of droughts occurring in China from 1961
to 2099, based on the SPEI index calculated from CMIP6 precipitation and temperature
data, and the results show that drought events in China will occur more frequently in the
future. In particular, the trend of summer droughts in the Hai and Huai River Basins will
be more severe.

The YRBM is selected as the research region for this study. A copula function-based
drought identification method for future multi-discharge scenarios is also established.
Based on the run-length theory, drought events were identified and drought duration and
intensity factors were also obtained. Furthermore, the optimal distribution function was
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selected as the marginal distribution of drought characteristic variables. Based on the
optimized copula function, the joint and co-occurrence return periods of drought duration
and intensity, duration and intensity, and intensity in the middle reaches of the Yellow
River Basin were deduced. The identification of future drought occurrence in the Yellow
River Basin under SSP245 and SSP585 discharge scenarios was also realized.

Based on the CMIP6 multi-model output of precipitation (P) and potential evapotran-
spiration (PET) values, the present study introduces the SPEI drought index and uses the
run-length theory to identify the duration, intensity, and severity of droughts. The study
also uses copula functions to investigate the changes in the return period of drought vari-
ables under SSP245 and SSP585 emission scenarios for key historical (1901-2014) and future
(2022-2100) periods in the YRBM. Through these analyses, this study aims to investigate
the spatiotemporal evolution of droughts in the YRBM during past and future events.

2. Materials and Methods
2.1. Study Area

The YRBM is located between the Huayuankou and Toudaoguai hydrological stations
(Figure 1) and covers an area of approximately 361,600 km?, which is approximately 45%
of the total Yellow River Basin. Most of the basin is located in the Loess Plateau, which is
the main sediment-producing area of the Yellow River. Over 88% of the sediment in the
Yellow River Basin is produced in the middle reaches of the studied area. The climate in the
YRBM is mainly semi-humid to semi-arid, with an extremely uneven spatial distribution
of precipitation levels. The minimum and maximum average annual precipitation levels
are 300 and 800 mm, respectively, and the average annual temperature ranges from 6
to 12 °C. The habitats within the basin are diverse and complex, including deciduous
broadleaf forests, grasslands, deserts, and the vegetation belt of the Qinghai-Tibet Plateau.
The soil types present in this location are mainly meadow, brown, calcareous chestnut,
calcareous brown, calcareous gray, black loess, yellow loam, and sandy soils. Overall, water
resources in the YRBM are scarce, and most of the region is composed of arid and semi-arid
areas, which are vulnerable to the impacts of climate and human activities. The ecological
environment is fragile and the overall landscape pattern tends to be complex, fragmented,
and dispersed.
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Figure 1. Study area. (a) China; (b) middle reaches of Yellow River Basin.
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2.2. Datasets
2.2.1. Hydrological Data

The hydrological data used in this study included the following: (1) Observed data
collected from 46 hydrological stations in the YRBM from 1991 to 2014 were obtained from
the National Meteorological Science Data Center (http://data.cma.cn/, accessed on 26
October 2021), including daily precipitation, daily average temperature, daily maximum
temperature, daily minimum temperature, and potential evapotranspiration data. Some
missing data were reasonably interpolated using a hydrological analogy and linear interpo-
lation methods. (2) A 1 km resolution dataset of 30-year cumulative average precipitation,
average temperature, average maximum temperature, and average minimum temperature
levels collected from 1971 to 2000 was also used as a regional high-resolution reference
dataset to construct the delta statistical downscaling model in this study. This dataset
was obtained from the National Science and Technology Infrastructure of China-National
Ecosystem Science Data Center (NESDC) (http://www.nesdc.org.cn/, accessed on 25
November 2022).

2.2.2. CMIP 6 Climate Model

The climate model data used in this study were obtained from the Earth System Grid
Federation (ESGF) (https:/ /esgf-node.llnl.gov/projects/cmip6/, accessed on 15 September
2021), including four different shared socio-economic pathways (S5Ps) for four future time
periods (20212040, 2041-2060, 2061-2080, and 2081-2100), namely, the low emissions
scenario SSP126, the medium emissions scenario SSP245, the relatively high emissions
scenario SSP370, and the highest emissions scenario SSP585. A total of 39 climate models
were collected to assess monthly precipitation levels (Table S1) and seven climate models
were collected to assess monthly potential evapotranspiration levels (Table S2).

2.3. Methodology
2.3.1. Delta Downscaling

Delta downscaling is a statistical downscaling method used in the research [19]. Based
on the measured sequence of a variable in the reference period and the characteristic
value of the corresponding variable observation sequence (such as the absolute increase in
temperature, the relative change rate of precipitation), high-resolution GCMs data can be
obtained. This method is relatively simple and requires fewer calculations to be performed.
It can reduce the simulated values of GCM data to specific observation stations. For the
downscaling of temperature values, we used the difference method. For the downscaling of
precipitation values, we used the ratio method. Better results can be obtained when using
different scaling methods to assess temperature and precipitation levels. The formulae
used are as follows:

Temy = Temqgps_rer + (TemGCMs_f - TemGCMs_ref) @

Pregems_f

Prer = Preyps jof X ——————
f -ref PreGCMs_ref

2
where Tem; (Prey) represents temperature (precipitation) following the downscaling method,
Temops_ref (Pregps_ref) Tepresents the measured data for temperature (precipitation) in the
reference period, Temgcps_f (Pregems_p) represents the GCM data for the temperature (pre-
cipitation) in the prediction period, and Temgcpss_ref (Pregems_ref) represents GCM data for
the temperature (precipitation) in the reference period.

Although the delta downscaling method is simple and easy to use, it requires high-
spatial-resolution measured data as the basis, which limits the use of this method to
some extent.
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2.3.2. Climate Model Optimization

The ability of different climate models to model climate change outcomes in a water-
shed can vary widely, and the use of different interpolation methods in the downscaling
process can also affect the overall results. In this study, we used five interpolation methods,
namely, spline, kriging, inverse distance-weighted, natural neighbor interpolation, and bi-
linear interpolation, in the downscaling processes of each climate model. To select suitable
models and reduce model uncertainty outcomes, we evaluated the modeling capabilities of
high-resolution climate models obtained with different interpolation methods for precipita-
tion and potential evapotranspiration levels in the Yellow River Basin using four evaluation
criteria: mean absolute error (MAE) [20], temporal skill score (TS) [21], evaluation based on
Taylor plots (S) [22], and spatial skill score (SS) [23]. We then ranked the errors obtained
for each criterion and combined the rankings equally to select models and interpolation
methods, thereby reducing the uncertainties introduced by the models and interpolation
methods. Lower values obtained for MAE and TS indicated a better modeling ability, while
a value closer to 1 for S and SS indicated better modeling ability.

Based on the 1971-2000 monthly mean precipitation (potential evapotranspiration)
data, the delta statistical downscaling method was applied to downscale the climate model
outputs to the regional scale. The period of 1995-2014 was used as the validation period
to assess the validity of the monthly precipitation (potential evapotranspiration) levels
simulated by the model.

2.3.3. SPEI

We calculated the difference between monthly precipitation and potential evapotran-
spiration (D;) levels, fit the D; data sequence using a three-parameter log-logistic probability
distribution function, and standardized the cumulative probability density value. The
probability of exceeding a certain D; value was P =1 — F(x), and the probability-weighted
moment was calculated using the normalized values.

co + 1w + crw?

SPEI =w — P <0.5
“YTIF diw + dyw? + dyw? -
, ®3)
Co + 1w + cow
PEI = — — P .
5 {w 1—|—d1w+d2w2+d3w3} > 05

Here, w is the probabilistic weighted moment; d; = 1.432788; d, = 0.189269;
ds = 0.001308; cy = 2.515517; c; = 0.802853; and cp = 0.010328. According to the national
meteorological drought rating standards, the SPEI values are classified into five levels
(Table 1).

Table 1. SPEI drought classification criteria.

Levels Types SPEI
1 Drought-free (—0.5, +o0)
2 Mild drought (-1, —0.5]
3 Moderate drought (=15, -1]
4 Severe drought (=2, —1.5]
5 Extreme drought (—o0, —2]

Based on the historical (1901-2014) and future (2022-2100) monthly precipitation
and potential evapotranspiration data obtained for the Yellow River Basin under SSP126,
55P245, SSP370, and SSP585 emission scenarios, the SPEI drought index was calculated for
timescales of 1, 3, 6, 9, and 12 months, namely, SPEI-1, SPEI-3, SPEI-6, SPEI-9, and SPEI-12,
to analyze the temporal evolution patterns of drought occurrence in the middle reaches of
the Yellow River Basin.
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2.3.4. Run-Length Theory

When using the run-length theory to identify the occurrence of drought events in the
selected region, firstly, a cut-off level k (the drought grade corresponding to k = SPEI index)
was presented, and then a discrete sequence X; (t =1, 2, ..., n). When the random variable
was continuously greater than the interception level for one or more times, a positive run
appeared; otherwise, a negative run appeared. The drought threshold Ry = —0.5 was set
and an SPEI value less than —0.5 during a certain period was regarded as the beginning of a
drought event; an SPEI value greater than or equal to —0.5 during this period was regarded
as the end of the event. Drought duration refers to the duration of a drought event from the
beginning to the end. If the drought occurrence in the study area started from time period
i and continued to time period i + D, the duration of the drought event was D. Drought
intensity is the sum of SPEI values in a drought event. The drought intensity value can be
obtained by dividing the drought intensity by drought duration.

After we obtained the drought duration (D), drought severity (S, sum of SPEI values
in drought events), and drought intensity (I, ratio of drought intensity to drought duration)
levels in the middle reaches of the Yellow River Basin using the run-length theory, in order
to successfully meet the modeling conditions of the copula model, it was first necessary to
obtain the marginal distribution of each variable. In this study, the exponential, gamma,
lognormal, Weibull, generalized extreme value, and generalized Pareto distributions were
fitted to the appropriate drought indicators using the maximum likelihood estimation
method, and the model with the highest p-value was selected as the optimal marginal
distribution model through the Kolmogorov-Smirnov test. Meanwhile, the commonly
used Pearson’s, Kendall rank, and Spearman’s rank correlation coefficients were used to
measure the correlation between the two drought characteristic variables.

2.3.5. Copula Function

Suppose F is an n-dimensional distribution function, and the marginal distributions
of the variables are Fy(x1), F2(x2), ..., Fn(x,). Then, an n-dimensional copula function C
exists, and, for any x € Ry, its distribution function is given by:

F(x1,x2,...,x0) = P{X3 <x1,Xp < x,..., X < x4} =C[Fi(x1), F2(x2), ..., Fa(xn)] (4)

where x1, xo, ..., x, are the observed samples; Fy(x1), F2(x2), ..., Fa(xy) are marginal
distribution functions.

This study selected five copula functions from two commonly used categories [24]:
Gumbel, Clayton, and Frank from the Archimedean copulas, and Gaussian and t- from
the Meta-elliptical copulas. The optimization fit method was used in this study to obtain
the parameters corresponding to the frequency curve with the best fit to the empirical and
theoretical frequencies based on the minimum sum of the squared residuals (OLS) criterion.
The goodness-of-fit test of copula is a prerequisite in the research for selecting the optimal
copula function as the joint distribution. In this study, Akaike information criterion (AIC)
and Bayesian information criterion (BIC) were used to evaluate the goodness-of-fit values.

After determining the marginal distribution types of the three drought characteristic
variables, D, S, and I, using univariate marginal distribution models, denoted as Fp(d), Fs(s),
and Fj(i), with expressions u, v, and w, respectively, and selecting the optimal bivariate
copula function C(u,v), where N is the length/years of the drought series and 7 is the
number of drought events occurring within the series, taking the joint distribution model
of drought duration D and drought severity S as an example, the joint distribution function
can be expressed as:

F(d,s) =P(D <d,5<s)=C(Fp(d),Fs(s)) = C(u,v) (5)
The joint transcendence probability is:

P(D>d,S>s)=1—Fp(d) —Fs(s) + C(Fp(d),Fs(s)) =1—u—v+C(u,v) (6)
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The combined return period of two-dimensional drought variables includes joint and
coincident return periods. Taking the joint distribution of drought duration D and drought
severity S as an example, the formulas for calculating the two-dimensional joint (T,) and
coincident (T,) return periods are as follows:

N N

To= nP(D>dUS >s) B n(1—c(u,v)) @

N N

T wP(D>dNS>s) n(l—u—o+C(u,0)) @®

Similarly, the calculation formulas for the combined return periods of drought duration
and intensity, as well as drought severity and intensity, could be obtained but were not
elaborated upon in this study.

Ta

3. Results
3.1. Climate Model Optimization

According to the evaluation of 39 climate models when simulating rainfall levels, the
Kriging interpolation method can significantly reduce the interpolation error produced
by climate models. Under this interpolation method, several climate models, includ-
ing CanESM5, NESM3, CESM2-WACCM, FIO-ESM-2-0, INM-CM5-0, CESM2-WACCM,
NorESM2-LM, ACCESS-CM2, ACCESS-ESM1-5, and IPSL-CM6A-LR, presented high com-
prehensive rankings based on four different evaluation indicators (Figure S1). Considering
that some individual climate models did not contain future climate scenario data, we
elected ACCESS-ESM1-5, CESM2-WACCM, and IPSL-CM6A-LR as the models for the
subsequent analysis of precipitation level changes (Figure S2).

According to the ranking of evaluation indicators for simulated evapotranspiration
events based on seven climate models, the IDW interpolation method presented the low-
est average error among the seven models, while EC-Earth3-Veg-LR ranked first for all
evaluation indicators (Figure S3). Since the number of climate models was low, other
simulated datasets were not averaged; however, this climate model was selected for the
subsequent analysis of potential evapotranspiration level changes. The fitting errors of the
seven climate models for monthly potential evapotranspiration levels in the Yellow River
Basin showed that the MAE values of these models were between 21 and 28 mm and the
SS was greater than 0.5, with EC-Earth3-Veg-LR reaching 0.7033, a result higher than the
other models. In addition, the values of S and TS were 1.0000 and 0.0009, respectively, and
their simulation performances were good (Table S3). Based on the scatter plot of measured
and simulated monthly potential evapotranspiration levels from 2001 to 2011, it can be
observed that the R? value of the measured and simulated potential evapotranspiration
levels is 0.734, indicating a high consistency between the simulated and actual potential
evapotranspiration levels, passing the 5% significance test, with a regression coefficient of
0.87. Overall, the potential evapotranspiration data of the climate models were less than
those for ground observations (Figure 54).

3.2. Variations in the SPEI Meteorological Drought Index

During the historical period, the SPEI values for five timescales fluctuated in the range
[—2.7, 3.1], with negative linear trend rates indicating a decreasing trend in the SPEI index
and a worsening drought trend in the basin. The severity of the drought was most severe
around 1991 (Figure 2). Under the SSP126 scenario, the SPEI values at five timescales
fluctuated in the range [—2.2, 3.1] (Figure 3); under the SSP245 scenario, the SPEI values
fluctuated in the range [—2.8, 2.9] (Figure 4); under the SSP370 scenario, the SPEI values
fluctuated in the range [—2.7, 2.9] (Figure S5); under the SSP585 scenario, the SPEI values
fluctuated in the range [—2.3, 2.9]; and, except for the negative linear trend rates of some of
the SPEI timescales under the SSP126 emission scenario, the linear trend rates of the SPEI
under other emission scenarios were positive, indicating an upward trend of SPEI values in
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1900

the future, a decrease in drought severity levels in the basin, and a tendency toward wetter
conditions. Among them, under the SSP126 scenario, the drought severity was most severe
in the 2060s; under the SSP245 scenario, the drought severity was most severe around
2087; under the SSP370 scenario, the drought severity was most severe around 2023 and
the drought duration was longer (Figure S5); and under the SSP585 scenario, the drought
severity was most severe in the 2040s, 2064, and 2080s (Figure S6).

(a)

[ (b)

| ©

(d)

1920 1930 1940 1950 1960 1970 1980 1990 2000 2010

Year

Figure 2. SPEI changes at different timescales in the YRMB; (a—e) represent SPEI sequences for 1-, 3-,
6-, 9-, and 12-month timescales, respectively.

Based on the fluctuations of the SPEI values at different timescales and periods, it
can be observed that the short-term SPEI index of the Yellow River Basin in the middle
reaches frequently alternates between dry and wet periods, especially for SPEI-1, which
shows a frequent alternation between drought and flood conditions. For longer timescales,
the changes in the SPEI index are more stable and can better highlight the actual drought
situation in the basin. The shorter the timescale, the more sensitive the SPEI index is to
short-term changes in precipitation and temperature levels, and the greater the fluctuation
amplitude of the index, indicating more significant changes in the wet and dry conditions
of the basin. As the timescale increases, the frequency of the SPEI fluctuations becomes
relatively stable and the transition between wet and dry periods becomes smoother, only
occurring under conditions of repeated precipitation and high temperature.
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Figure 3. SPEI changes at the same timescale under the SSP126 scenario in the YRMB; (a—e) represent
SPEI sequences for 1-, 3-, 6-, 9-, and 12-month timescales, respectively.

1 1 1 1 1 1 1 1 1
T T T T T T T T T
2022 2030 2040 2050 2060 2070 2080 2090 2100
Year

Figure 4. SPEI changes at the same timescale under the SSP245 scenario in the YRMB; (a—e) represent
SPEI sequences for 1-, 3-, 6-, 9-, and 12-month timescales, respectively.

3.3. Identification of Drought Characteristic Variables Using Run-Length Theory

For the historical period (Figure 5), the range of drought occurrence in the Yellow
River Basin was 34-57 times, with an average of 42 times. Areas such as Shizuishan, north-
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ern Shaanxi, western Pingdingshan, and northern Kaifeng presented a higher frequency
of drought occurrence, with an average of 52 times. The spatial distribution of drought
duration and intensity was generally similar, with drought duration ranging from 7.18 to
13.17 months, and an average duration of 9.76 months for the basin as a whole. Drought
intensity ranged from 7.64 to 13.17, with an average intensity of 10.26. The spatial charac-
teristics of the two parameters increased from west to east directions, then decreased, and
increased again. The intensity value of drought occurrence in the basin fluctuated between
0.86 and 1.06, with an average intensity of 0.93.

(@

0

B

100 200

m km

o I

r38°N

36°N

L{o 100 200 g Fo-a T Lasere
1 km b i

©
S

A - (?) A F40°N
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Figure 5. Spatial distribution of drought characteristic variables in the middle reaches of the Yellow
River Basin. (a) Numbers of droughts; (b) drought duration; (c) drought severity; (d) drought intensity.

The spatial variations in drought frequency in the middle reaches of the Yellow River
Basin under four emission scenarios in the future (Figure 6) were 9-43, 942, 12-46, and
7-44 times, with the average frequency occurring in the order SSP585 (32 times) > SSP126
(31 times) > SSP370 (30 times) > SSP245 (28 times). The spatial distribution of drought
duration and intensity was basically the same, with the average duration occurring in
the order SSP245 (8.92 months) > SSP370 (7.65 months) > SSP585 (6.58 months) > SSP126
(6.53 months), and the average intensity occurring in the order SSP245 (10.07) > SSP370
(8.53) > SSP126 (8.38) > SSP585 (8.27). For drought severity, under the four emission
scenarios, the spatial variations were 0.66-1.11, 0.67-1.12, 0.69-1.11, and 0.65-1.13.
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Figure 6. Spatial distributions of drought characteristic variables under SSP126 (a,e,i,m), SSP245
(b,f,jn), SSP370 (c,gk,0), and SSP585 (d,h,1,p) discharge scenarios in the middle reaches of the
Yellow River Basin ((a—d): drought frequency; (e-h): duration of drought; (i-1): drought severity;
(m—p): drought intensity).

3.4. Drought Analysis Conducted in the YRBM Based on the Copula Function

Due to the fact that the SSP245 emission scenario is closer to the actual future de-
velopment outcome and the SSP585 emission scenario serves as a warning for future
developments, the subsequent research conducted on future drought occurrence in the
Yellow River Basin only considered these two scenarios due to space limitations. The results
of the preferred univariate marginal distributions of meteorological drought indices in the
middle reaches of the Yellow River Basin under historical, SSPP245, and SSP585 scenarios
are presented in Table 2. Based on the preferred marginal distribution functions men-
tioned above, empirical frequency and theoretical frequency fitting graphs of the univariate
marginal distributions of drought characteristics in the middle reaches of the Yellow River
Basin under historical, SSP245, and SSP585 scenarios are plotted in Figure 7. The data
points are uniformly distributed on both sides of the diagonal line, indicating that the
empirical and theoretical frequency values of the marginal distributions in regions D, S, and
Iin the Yellow River Basin are close during different periods, and the preferred marginal
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distribution functions present a good fitting effect on drought characteristic variables under
each condition.

Table 2. Optimization of univariate distribution functions of meteorological drought conditions

under different scenarios in the YRBM.

K-S Results
Scenario Drought Preferred Parameters isti
Characteristics Function Stat}stlcal p-Values Deritical value
Magnitude D; (x = 0.05)
D GenPareto k=-0.3582, 0 =11.1480, u = 0.9780 0.0890 0.8553
Historical S Weibull « =1.1865, f = 8.9632 0.0760 0.9488 0.2028
I Weibull « =1.4445, B = 0.3823, v = 0.5140 0.0803 0.9239
D Weibull « =1.4701, g =8.6161 0.1120 0.8062
SSP245 S Gamma « =0.7206, B = 9.5242, v = 1.0798 0.0822 0.9773 0.2417
I GenPareto k=-0.2721, 0 = 0.4548, u = 0.5128 0.0787 0.9852
D GenPareto k=-0.5130, 0 =10.8910, u = 1.1118 0.1427 0.5488
SSP585 S Gamma a =0.8398, B =8.2235, v = 1.2677 0.0847 0.9740 0.2457
I Gamma « =2.0096, = 0.2074, ¥ = 0.5157 0.0611 0.9996
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Figure 7. Optimal marginal distribution fitting diagram of the single variable in historical (a—c),
55P245 (d—f), and SSP585 (g-i) scenarios (where (a,d,g) represent drought duration; (b,e,h) repre-
sent drought intensity; and (c,f,i) represent drought intensity). Experience frequency refers to the

frequency calculated using the experience frequency formula according to the measured sequence in

order, from large to small. Theoretical frequency refers to the frequency calculated by the preferred

edge distribution function or copula function.
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The correlation between the duration and severity of drought occurrence was the
strongest, followed by the correlation between drought severity and intensity, while the
correlation between drought duration and intensity was weaker. In all scenarios, the three
correlation coefficients between the various drought characteristics passed the significance
test at 0.05, indicating a high degree of dependence. Therefore, a joint distribution model of
the two drought variables could be established through the copula function in subsequent
analyses (Table 3).

Table 3. Dependence of two variables of meteorological drought characteristic values under different
scenarios in the YRBM.

Scenario Pearson Kendall Spearman

D&S 0.957 0.907 0.981

Historical Dé&I 0.763 0.568 0.737
S&l 0.875 0.672 0.840

D&S 0.948 0.897 0.976

55P245 Dé&I 0.684 0.542 0.703
S&l 0.813 0.660 0.812

D&S 0.938 0.908 0.978

SSP585 Dé&I 0.516 0.349 0.515
S&l 0.757 0.463 0.604

In the historical scenarios, the joint distribution value of D&S and D&I showed the
best performance with the Gumbel function, while the joint distribution value of S&I
showed the best performance with the Clayton function. In the SSP245 scenario, the joint
distribution value of D&S showed the best performance with the Gumbel function, while
the joint distribution values of D&I and S&I showed the best performance with the Clayton
function. In the SSP585 scenario, the joint distribution values of D&S, D&I, and S&I showed
the best performance with the Clayton function (Table 4).

Table 4. Optimization of two-dimensional meteorological drought copula function under different
scenarios in the YRBM.

Sconat Copula D&S D&l S&I
cenario .
Function AIC BIC AIC BIC AIC BIC
Gaussian 12,9753 14.7365 12.8736 14.6348 14.375 16.1362
t 15.0016 18.524 15.085 18.6074 16.5134 20.0358
Historical Gumbel 12.6916 14.4528 12.4755 14.2367 14.0159 15.7771
Clayton 12.8362 14.5974 12.579 14.3402 13.4885 15.2497
Frank 13.2127 14.9739 13.2452 15.0064 14.5735 16.3347
Gaussian 12.4804 13.8816 11.4994 12.9006 12.2785 13.6797
t 14.4882 17.2906 13.6228 16.4252 14.2264 17.0288
SSP245 Gumbel 12.1228 13.524 11.4393 12.8405 12.2049 13.6061
Clayton 12.3449 13.7461 10.9754 12.3766 11.1935 12.5946
Frank 12.4856 13.8868 11.5975 12,9987 12.1867 13.5879
Gaussian 12.141 13.5083 12,0117 13.379 13.3692 14.7365
t 14.0205 16.7551 14.1591 16.8937 15.3742 18.1087
SSP585 Gumbel 11.7175 13.0848 11.8229 13.1902 13.0324 14.3997
Clayton 11.4688 12.8361 11.6899 13.0572 12.3908 13.7581
Frank 12.0546 13.4219 12.2317 13.599 13.4839 14.8512

Based on the selected two-dimensional copula functions, the fitting graphs of the
empirical and theoretical frequencies of two-dimensional drought characteristic variables
in the middle reaches of the Yellow River Basin under historical, SSP245, and SSP585
scenarios were plotted (Figure 8). The data points were evenly distributed on both sides of
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the diagonal line, and the selected copula functions could fit the joint distribution of drought
characteristics in the middle reaches of the Yellow River Basin well. The joint distribution
value of D&S showed the best fitting effect, followed by the joint distribution values of
D&l and S&I. Therefore, based on the selected copula functions, the two-dimensional joint
probability and recurrence period of various sub-regions in the Yellow River Basin can be
calculated for different periods.
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Figure 8. Experience frequency and theoretical frequency fitting of the optimal two-dimensional
copula function in the middle reaches of the Yellow River Basin under historical, SSP245, and
SSP585 scenarios (where (a—c) is the historical period, (d—f) is the SSP245 scenario, and (g-i) is
the SSP585 scenario). The experience frequency value refers to the frequency calculated by the
experience frequency formula according to the measured sequence in order from large to small.
Theoretical frequency refers to the frequency calculated by the preferred edge distribution function
or copula function.

3.5. Joint Distribution and Recurrence Period of Two-Dimensional Drought
Characteristic Variables

3.5.1. Historical Joint Probability Distribution and Return Period

Based on the selected Gumbel copula function, the joint distribution values of D&S
and Dé&I in the middle reaches of the Yellow River Basin during the historical period were
established, and the joint distribution value of S&I was established using the Clayton copula
function. The two-dimensional joint probability P(D < d, S < s) and joint exceedance prob-
ability P(D > d, S > s) values were then calculated (Figures 9 and 10). When D < 7 months
and S < 7, the contour lines of their joint probability values were densely distributed,
and the joint cumulative probability rapidly increased with an increase in D or S. When
D > 7 months, and S increased, the joint cumulative probability of the two variables still
increased; however, the growth rate slowed down. Similarly, as D&I, or S&I increased, the
joint cumulative probability also increased; however, the growth rate gradually slowed
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down. In general, as D, S, and I decreased, the joint probability values of any two variables
also decreased, and the probability values reduced and the contour lines became denser.
The joint exceedance probability values of any two variables also increased, indicating that
drought events with short-duration, low-intensity, and low-severity outcomes were more
likely to occur in the historical period in the middle reaches of the Yellow River Basin.
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Figure 9. Joint probability values of meteorological drought variables ((al,a2) D&S, (b1,b2) D&I, and
(c1,¢2) S&I) in the YRBM during the historical period.
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Figure 10. Joint exceedance probability values of meteorological drought variables ((al,a2) D&S,
(b1,b2) D&I, and (c1,c2) S&I) in the YRBM during the historical period.

When we calculating the joint return period (T,) and the coincident return period
(Ta) of D&S, D&I, and S&I in the historical period of the Yellow River midstream
(Figures 11 and 12), we observed that the contour lines of To and Ta were concave and
convex, respectively. As D, S, and I increased, the To and Ta values of drought events
in the historical period of the Yellow River midstream also increased, with Ta increasing
more significantly. Specifically, when D&S achieved the maximum values under the same
conditions, the joint return period of this drought event was the longest, with a result of
approximately 40 years and the coincident return period was approximately 270 years.
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When D&I achieved the maximum values under the same conditions, the joint return
period of this drought event was approximately 35 years and the coincident return period
was approximately 750 years. When S&I achieved the maximum values under the same
conditions, the joint return period of this drought event was approximately 25 years and
the coincident return period was approximately 650 years.
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Figure 11. Meteorological drought variables ((al,a2) D&S, (b1,b2) D&I, and (c1,¢2) S&I) in the YRBM
during the historical period.
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3.5.2. S5P245 Joint Probability Distribution and Return Period

Based on the selected Gumbel copula function, a joint distribution of D&S in the
SSP245 scenario in the middle reaches of the Yellow River Basin was established, and the
Clayton copula function was used to establish joint distribution values of D&I and S&lI in the
SSP245 scenario in the middle reaches of the Yellow River Basin. When D < 9 months and
S < 8, the joint probability contour lines of the two were denser, and the joint cumulative
probability rapidly increased with the increase in D or S. When D was 9 months, S continued
to increase, or S > 8 and D continued to increase, the growth trend of the joint cumulative
probability slowed down. Similarly, under the SSP245 emission scenario, the larger D&I or
S&I, the greater the joint cumulative probability, and there was also a feature of a slowing
growth trend. In general, drought events with short-duration, low-intensity, and low-
severity outcomes are more likely to occur in the future in the middle reaches of the Yellow
River Basin under the SSP245 emission scenario (Figures S7 and S8).

From the joint recurrence periods of D&S, D&I, and S&I in the middle reaches of the
Yellow River Basin under the SSP245 emission scenario, it can be observed that, with the
continuous increases in D, S, and I, the joint recurrence periods of drought events in the
middle reaches of the Yellow River Basin under the SSP245 emission scenario presented
a greater increase in the same recurrence period. When D&S achieved the maximum
value under the same conditions, the joint recurrence period of this drought event was
approximately 40 years and the same recurrence period was approximately 300 years.
When D&I achieved the maximum value under the same conditions, the joint recurrence
period of this drought event was approximately 24 years and the same recurrence period
was approximately 1050 years. When S&I achieved the maximum values under the same
conditions, the joint recurrence period of this drought event was approximately 25 years
and the same recurrence period was approximately 1050 years (Figures S9 and 510).

3.5.3. SSP585 Joint Probability Distribution and Return Period

The joint distribution values of D&S, D&I, and S&I in the middle reaches of the Yellow
River Basin under the SSP585 emission scenario were established using the preferred
Clayton copula method. When S <9 and I <0.9, the contour lines of their joint probability
values were dense, and the joint cumulative probability value rapidly increased with
the increase in S or I. When S > 9, I continued to increase, or S continued to increase;
the increasing trend of the joint cumulative probability value gradually slowed down.
Similarly, as D&S or D&l increased under the SSP585 emission scenario, the joint cumulative
probability also increased and exhibited a trend of slowing growth. Overall, short-duration,
low-intensity, and low-severity drought events occurring in the middle reaches of the
Yellow River Basin are more likely to occur in the future under the SSP585 emission
scenario (Figures S11 and S12).

Based on the recurrence periods of D&S, D&I, and S&I in the middle reaches of the
Yellow River Basin under the SSP585 emission scenario, it can be observed that, with
the continuous increase in D, S, and I, the co-occurrence return period of drought events
occurring in the middle reaches of the Yellow River Basin under the SSP585 emission
scenario increased more significantly. When D and S were both at their maximum val-
ues under the same conditions, the joint recurrence period of this drought event was
approximately 24 years and the co-occurrence return period was approximately 500 years.
When D and I were both at their maximum values under the same conditions, the joint
recurrence period of this drought event was approximately 25 years and the co-occurrence
return period was approximately 1300 years. When S and I were both at their maximum
values under the same conditions, the joint recurrence period of this drought event was
approximately 25 years and the co-occurrence return period was approximately 1100 years
(Figures S13 and S14).
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3.5.4. Comparative Analysis of Univariate and Multivariate Recurrence Periods

The marginal distribution functions of drought duration, severity, and intensity indi-
cators were used in this study to inverse calculate the corresponding drought characteristic
variables and then derive the bivariate joint and coincidence recurrence periods, based on
the provided single variable recurrence periods of 10, 20, 50, and 100 years (Table 5). The
recurrence periods of each subregion in the Yellow River Basin under historical, SSP245,
and SSP585 emission scenarios exhibited similar distribution patterns, mainly characterized
by T, (D&I) > T, (S&I) > T, (D&S) for coincidence recurrence periods and T, (Dé&I) < T,
(S&I) < T, (D&S) for joint recurrence periods. This result was related to the strength of the
correlation between drought characteristic variables, among which the correlation between
drought duration and severity was the highest. When one of the drought characteristic
variables occurred, the probability of the occurrence of the other variable increased, indicat-
ing a greater drought risk. Under the given single-variable recurrence periods of 10, 20, 50,
and 100 years, the single-variable characteristic values were the largest under the SSP585
emission scenario, followed by SSP245 and the historical period, indicating that the impact
of drought occurrence in the future period under increasing emission concentrations would
be more severe. The single-variable recurrence period in the Yellow River Basin was always
higher than the joint recurrence period and lower than the coincidence recurrence period
under historical and SSP245 and SSP585 emission scenarios. For example, under the SSP245
scenario, when the theoretical single-variable recurrence period of the drought indicator
was 20 years, the joint recurrence period of D&I was 11.48 years, and the coincidence
recurrence period was 77.64 years. Thus, the actual single-variable recurrence period of
drought occurrence can be bounded by these two recurrence periods. When the increase
in the single-variable recurrence period was constant, the increase in the coincidence re-
currence period of bivariate variables was always much higher than the increase in the
joint recurrence period. Drought events with joint recurrence periods presented a higher
likelihood of occurrence than those with coincidence recurrence periods.

Table 5. Drought characteristics” univariate and joint distribution return periods.

Scenario Reh..lrn D S I D&S bed S&l
Period T, T, T, T, T, T,

10 12.76 11.38 0.98 8.98 11.29 7.41 15.38 7.14 16.70

o 20 17.01 16.22 1.14 17.77 22.89 1435 33.06 12.38 52.16
Historical 50 21.23 22.23 1.32 44.18 57.65 35.21 86.33 27.56 270.72
100 23.62 26.57 145 88.20 11557 70.00 175.23 5263 1008.44

10 10.49 10.11 1.02 8.92 1137 6.45 221 6.53 21.35

20 13.94 15.86 1.22 17.65 23.06 11.48 77.64 1157 73.65

S5P245 50 17.96 23.75 143 43.87 58.12 26.49 44318 26.60 416.06
100 20.74 29.86 1.56 87.57 116.54 5150 171649 5160  1605.04

10 11.46 10.19 1.05 7.46 15.17 6.33 23.75 6.52 21.49

20 1471 15.48 124 12.84 4527 11.33 85.26 11.55 7466

SSP585 50 17.58 22.62 148 28.13 224,68 26.33 496.34 2657 424.06
100 19.00 28.09 1.65 53.25 820.14 5133 193670 5157  1639.39

Note: T,, co-recurrence period; T, co-occurrence recurrence period.

4. Discussion

Global climate models are effective tools to conduct human prediction studies and
research on future climate change activity, which have been widely recognized in the
academic community. Although global climate models cannot simulate future climate
change outcomes with complete accuracy due to corresponding structural issues, parameter
settings, and the spatial resolution of data, this is an unavoidable limitation of the methods
at present. Studies conducted in this field of research have shown that, although the
uncertainty of climate model data for predicting future precipitation and temperature
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levels exist in the literature, the trends in simulating climate change events and the average
regional conditions are still credible [25-30]. Therefore, based on the global climate model
data, the estimation of changes occurring in meteorological drought conditions in the
Yellow River Basin in the future is credible, despite the existence of some uncertainties. In
recent years, scholars have used global climate model data to predict the spatiotemporal
characteristics of meteorological drought occurrence in the Pearl River Basin, Huanghuaihai
region, and Inner Mongolia in the future [31-33]. Yang et al. (2018) [34] estimated the
meteorological drought situation in the Yellow River Basin in the future under the three
scenarios of RCP2.6, RCP4.5, and RCP8.5, using the SPI index, and observed that the
meteorological drought situation in the Yellow River Basin in the future will improve.
However, this conclusion is controversial as the SPI index does not consider the impact of
temperature increase on drought conditions. Therefore, this study used two indices of the
standardized precipitation—evapotranspiration index to jointly evaluate and predict the
meteorological drought situation in the future in the Yellow River Basin.

The Yellow River Basin is often regarded in the literature as one of the regions most
vulnerable to climate change and extreme weather events, primarily due to its fragile arid
and semi-arid ecosystems [35]. Similar to the study conducted by Wang et al. (2022) [36] on
drought occurrence in the Yellow River Basin, we also chose to use the SPEI index alone to
investigate the reasons for drought conditions in the historical and future scenarios of the
middle reaches of the Yellow River Basin for two reasons: first, the SPEI index can explain
the impact of precipitation and potential evapotranspiration levels on drought occurrence,
which is more reasonable in the case of climate warming; second, the SPEI index can
estimate the water balance levels under multiple timescales and can also be used to analyze
drought impacts with different time lags [37]. Numerous results indicate that the main
cause of increased drought is the increase in evapotranspiration levels resulting from high
temperatures [38]. This study determined that the middle reaches of the Yellow River Basin
will experience a warming trend in the future; therefore, under four emission scenarios, the
relative increase in drought severity in some years compared to the historical period can
be explained by the abovementioned theory (Figures 3 and 4). Li et al. (2022) [39] divided
the period from 2021 to 2100 in the Yellow River Basin into three stages and observed that
the severity of drought will increase in the near-future (2021-2040) and ease in the middle-
(2041-2060) and distant-future (2081-2100) periods. Although the present study focused on
the overall trend, ranging from 2022 to 2100, the same changing pattern is well reflected in
Figures 3 and 4. Overall, the future drought pattern observable in the middle reaches of the
Yellow River Basin varied significantly; however, relatively severe droughts will still be
experienced. The reason for this is that the central and western parts of the Yellow River
experience arid and semi-arid regions, with relatively low average annual precipitation
levels, far from the ocean, and surrounded by mountains [40]. Under the background of
rapid global warming effects, the El Nifio-Southern Oscillation (ENSO) phenomenon leads
to increased temperature and uneven precipitation levels in the surrounding areas of Inner
Mongolia [41], which increases the likelihood of drought events in the abovementioned
regions. The combination of the run-length theory and copula function appropriately
characterizes the meteorological drought characteristics of the middle reaches of the Yellow
River Basin. The quantitative evaluation we performed of the recurrence period of drought
events assessed the probability level of specific drought events [42], which is consistent
with the results achieved by Wang et al. (2022) in their [36] study. As the duration, intensity,
and severity outcomes of meteorological drought occurrence increase, the corresponding
recurrence period of meteorological droughts will also increase, and the in-depth research
on drought occurrence and the related risks will need to be conducted in the future.
Finally, it should be noted that, in addition to climate and meteorological drivers, drought
occurrence in the Yellow River Basin may also be affected by human factors, such as
afforestation, dam and reservoir water control, etc. [43]. Due to the complex impact
of human activities on hydro-meteorological processes, further research is required to
understand their role in drought formation and propagation processes.
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5. Conclusions

This study was based on the run-length theory and combined copula functions to
establish an effective method for identifying future multi-emission drought scenarios
in a watershed area. Drought events occurring in the watershed area were identified,
and drought duration, severity, and intensity outcomes under current and future climate
scenarios were identified. The current drought trend in the middle reaches of the Yellow
River Basin is worsening, and drought severity presented a decreasing trend under four
future climate scenarios. Based on the copula function, drought events with short-duration,
low-drought-severity, and weak-drought-intensity outcomes were more likely to occur in
different zones of the Yellow River Basin under historical and SSP245/SSP585 emission
scenarios. The order of occurrence was generally T,(Dé&I) > T,(S&I) > T,(D&S), and the
joint return period followed the order T,(D&I) < T,(S&I) < T,(D&S). Compared with the
historical period, the frequency of a long drought duration, high drought severity, or
intense drought events may increase in the future under the SSP245 and SSP585 emission
scenarios in the middle reaches of the Yellow River Basin. The univariate return period
was higher than the joint return period and lower than the concurrent return period, which
can be used to estimate the univariate return period of actual drought occurring in the area
using these two return periods.

This study was based on the delta statistical downscaling approach, which performs
well for trend feedback issues; however, it still presents discrepancies when simulating
the numerical values of the basin’s annual and monthly data compared to the actual
values. Future studies should combine different downscaling techniques, nesting regional
climate models within global climate models, and using a combination of equally and non-
equally weighted average ensemble methods to further reduce climate model uncertainty
and improve simulation accuracy results. In addition, this study only selected the SPEI
as the drought index, and future research should use multiple indicators to collectively
assess drought occurrence and reduce the uncertainty associated with a single indicator.
Furthermore, based on the existing two-dimensional drought research, the further analysis
of the joint distribution and return periods of the three-dimensional drought characteristic
variables (D&S&I) would be of great importance for a more thorough understanding of the
impact of climate change on drought occurrence in the Yellow River Basin.
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