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Abstract: The Coupled Model Intercomparison Project Phase 6 (CMIP6) provides more scenarios and
reliable climate change results for improving the accuracy of future hydrological parameter change
analysis. This study uses five CMIP6 global climate models (GCMs) to drive the variable infiltration
capacity (VIC) model, and then simulates the hydrological response of the upper and middle Huaihe
River Basin (UMHRB) under future shared socioeconomic pathway scenarios (SSPs). The results
show that the five-GCM ensemble improves the simulation accuracy compared to a single model.
The climate over the UMHRB likely becomes warmer. The general trend of future precipitation
is projected to increase, and the increased rates are higher in spring and winter than in summer
and autumn. Changes in annual evapotranspiration are basically consistent with precipitation,
but seasonal evapotranspiration shows different changes (0–18%). The average annual runoff will
increase in a wavelike manner, and the change patterns of runoff follow that of seasonal precipitation.
Changes in soil moisture are not obvious, and the annual soil moisture increases slightly. In the
intrayear process, soil moisture decreases slightly in autumn. The research results will enhance a more
realistic understanding of the future hydrological response of the UMHRB and assist decision-makers
in developing watershed flood risk-management measures and water and soil conservation plans.

Keywords: climate change; socioeconomic pathway scenarios; hydrological response; Huaihe River
Basin; variable infiltration capacity model

1. Introduction

Global climate and environment have undergone significant changes due to green-
house gas emissions since the end of the 20th century. The major cause of these changes
is global warming. The Intergovernmental Panel on Climate Change Fifth Assessment
Report indicates that the global average surface temperature data show a warming of
approximately 0.85 ◦C from 1880 to 2012 and that the global average surface temperature
will continue to increase by 0.3–0.7◦ from 2016 to 2035 [1]. Due to the rising temperature,
the content of water vapor in the atmosphere has been increasing, and precipitation has
also changed significantly. The original regional and natural water cycle processes of wa-
tersheds have been disrupted by climate change, resulting in a fundamental change in the
precipitation–runoff response [2–5]. With global warming, the frequency and intensity of
extreme floods and droughts disasters will increase in the future [6]. Therefore, predicting
climate change and the impact of climate change on hydrologic cycles and water resource
systems have become important issues of worldwide concern.
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Climate change alters the hydrological cycle to varying degrees, affects the spatiotem-
poral distribution of hydrological elements, such as precipitation, evaporation, runoff, and
soil moisture, and then redistributes water resources in time and space [7,8]. Currently,
research on the impact of climate change on hydrological systems mainly focuses on water
balance [9], analysis of floods and droughts under climate change [10], and water supply
and demand in basins under a changing environment [11]. Among these studies, future cli-
mate models derived from hydrological models have been recognized as a reliable method
for predicting climate change and assessing hydrological effects [12]. Since 1995, a series of
global climate models have been provided by the Coupled Model Intercomparison Project
(CMIP) of the World Climate Research Programme (WCRP). The data are widely used
to support climate change research. Nauman et al. quantified the impacts on the water
resources of the Haro River in Pakistan by using the Soil and Water Assessment Tool [13].
A single model, MIROC-ESM, was selected for climate change impact assessment, and the
linear scaling method was shown to remove bias in the precipitation and temperature time
series. The source regions of the Yellow River and Yangtze River were investigated for the
mid-future by coupling the RegCM4 and variable infiltration capacity (VIC) models under
three representative concentration pathways (RCPs). The results revealed that due to an
increase of precipitation, surface runoff and baseflow in two source regions will largely
increase [14]. Venkataraman et al. identified the impact of climate change from a CMIP5 en-
semble on 21st century drought characteristics under RCP2.6, RCP4.5, and RCP8.5 in Texas,
U.S. [15]. The results demonstrated that some earlier studies overestimated the 21st century
drought intensification in parts of Texas. Wang et al. analyzed the future hydropower
potential of the Nanliujiang River Basin in China by coupling the VIC model with five
climate models, in order to have a more realistic understanding of future hydropower
planning [16]. Nandi and Manne employed a series of global climate models to drive the
VIC model and predicted the spatiotemporal dynamics of the water balance components
for the near-future period (2019–2040) under two emission scenarios, RCP4.5 and RCP8.5,
in the Sina River Basin, a drought-prone region in India [17]. The sixth version of CMIP
has been developed, and it is a great improvement over the previous version. The CMIP6
multimodel ensemble (MME) outperforms the CMIP5 MME in terms of precipitation in
East China [18]. The temperature predicted by CMIP6 models is generally more accurate
in Asia. The warm bias of CMIP5 in summer is improved in CMIP6 [19]. Furthermore,
a new concept called the shared socioeconomic pathway is proposed in scenario simu-
lation, which is an upgrade of the representative concentration pathway in CMIP5. At
present, CMIP5 is widely used in the hydrological prediction of the Huaihe River Basin
(HRB) [20–23]. CMIP6 is mostly used at the global and regional scales [24–26] but rarely
at the catchment scale. Jin et al. showed that water resources and extreme hydrological
events will slightly increase during 2021–2050 under RCP 2.6, RCP4.5, and RCP8.5 in the
HRB [27]. Yang et al. predicted the change of runoff in middle of the 21st century. The
result shows that runoff increases over 10% under RCPs in the main stream of the upper
reaches of the Huaihe River [28]. These studies have selected some future scenarios and
periods to study the HRB. Jiang et al. predicted climate change in the HRB. The annual
temperature and precipitation increase during 2021–2100 under all SSP–RCP scenarios and
the basin will be more vulnerable to flooding. However, they did not combine this with
a hydrological model to further analyze the hydrological response of the basin [29]. The
purpose of this study is to systematically discuss the responses of hydrological processes to
future climate change in the upper and middle Huaihe River Basin (UMHRB) using the VIC
model and scenario simulations of CMIP6. The future climate simulations of CMIP6 are
derived from five global climate models (GCMs) under four shared socioeconomic pathway
scenarios (SSP1-2.6, SSP2-4.5, SSP3-7.0, and SSP5-8.5) in three future periods (2017–2040,
2041–2070, and 2071–2100). The results of this study will improve our understanding of
the hydrological impacts of the UMHRB in different climate change scenarios and provide
a reference for formulating watershed water resource-management measures in the future.
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2. Materials and Methods
2.1. Study Area and Datasets

The upper and middle reaches of the Huaihe River Basin (above the Bengbu) (30◦57′

−34◦57′ N, 111◦56′−117◦31′ E) are located in eastern China between the Yangtze and
Yellow River Basins (Figure 1). It spans Henan, Hubei, and Anhui Provinces, with an
area of approximately 121,300 km2. The basin is concentrated in population and contains
extensive cultivated land. The UMHRB is situated in the climate transition zone between
northern and southern China. Taking the main stream of the Huaihe River as the dividing
line, north of the line belongs to the warm temperate semihumid zone, while the south
belongs to the northern subtropical humid zone. The annual average temperature of
the study basin is 11–16 ◦C, increasing from north to south and from the coast to inland.
Cultivated land in the basin accounts for nearly 70% and is mainly planted with wheat,
corn, and rice. Sandy loam and clay soil are the main soil types in the basin. The annual
average precipitation of the study basin is approximately 920 mm, with large interannual
variation and uneven temporal and spatial distributions. The western and southern regions
of the basin are mountainous, with a minimum altitude of 800 m, and prone to extreme
precipitation [30]. The eastern part of this basin is dominated by plains, with a maximum
altitude of 200 m. The large drop makes the extreme precipitation in the mountainous
regions rapidly converge to the plains, causing flood disasters.

In this study, the datasets included meteorological data, observed discharge data,
future prediction data, and other data. The meteorological data adopted the China meteo-
rological forcing dataset (CMFD) released by the Institute of Tibetan Plateau Research [31]
and include precipitation, temperature, and wind-speed data. The CMFD covers the period
1979–2018, with a spatial resolution of 0.1◦ and a temporal resolution of three hours. The
observed discharge data collected from 1981 to 2018 and provided by the local hydrology
bureau are monthly discharge observation data of Xixian, Wangjiaba, Lutaizi, and Bengbu
hydrological stations (Figure 1). Future predictions data are derived from the outputs of
five GCMs. More details about these data are provided in Section 2.3.
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In addition, vegetation parameters were obtained from the 1 km global vegetation
dataset developed by the University of Maryland [32]. The Harmonized World Soil
Database (HWSD) was used to create soil parameters. The HWSD is a 30 arc-second
raster database developed by Food and Agriculture–United Nations Educational, Scien-
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tific, and Cultural Organization (FAO–UNESCO). The missing data were filled by the
Soil–Plant–Air–Water (SPAW) system, a calculation tool used for hydrological models. To
drive the VIC model, all datasets were interpolated to 0.1◦ × 0.1◦ spatial resolution by
bilinear regression.

2.2. VIC Model

The VIC macroscale hydrologic model was originally developed by Xu Liang at the
University of Washington [33]. The VIC model simulates various processes of the water
cycle by following the principles of energy balance and water balance, and calculates the
energy and moisture fluxes for each grid independently [34]. There is no communication
between grids [35]. The runoff on each grid is routed to the outlet of the basin by coupling
a routing model [36]. In this study, the study basin was divided into 1284 uniform grids of
0.1◦ × 0.1◦ to construct an assessment model of the hydrological process in the UMHRB
under climate change based on the VIC model.

Before application of the model to the UMHRB, parameter calibration needed to be
performed to obtain appropriate model parameters. The sensitive parameters of the VIC
model that needed to be calibrated were three soil-layer thicknesses (d1, d2, and d3), the
variable infiltration curve parameter (infilt), the maximum velocity of baseflow (Dsmax),
the fraction of Dsmax where nonlinear baseflow begins (Ds), and the fraction of maximum
soil moisture where nonlinear baseflow occurs (Ws) [37]. The details of these calibrated
parameters are listed in Table 1.

Table 1. Calibrated parameters in the variable infiltration capacity (VIC) model.

Parameter Description Range Unit

d1 Thickness of the first soil moisture layer 0–0.5 m
d2 Thickness of the second soil moisture layer 0–2 m
d3 Thickness of the third soil moisture layer 0–2 m

Infilt Variable infiltration curve parameter 0–10 N/A
Ds Fraction of Dsmax where nonlinear baseflow occurs 0–1 fraction

Dsmax Maximum velocity of baseflow 0–30 mm/day

Ws Fraction of maximum soil moisture where
nonlinear baseflow occurs 0–1 fraction

The VIC model was driven by precipitation, temperature, and wind-speed data based
on the CMFD in the UMHRB at a 0.1◦ × 0.1◦ spatial resolution. The discharge data were
observed monthly for the Xixian, Wangjiaba, Lutaizi, and Bengbu hydrologic stations
(Figure 1) during the period 1981–2018, which were used to calibrate and validate the
model. We used two years to initiate the model. The period 1981–2000 was used as the
calibration period. The validation period was set as 2001–2018. Indices including the
relative error (Er) and Nash–Sutcliffe efficiency (NSE) [38] were employed to evaluate
model performance. Er and NSE describe the deviation and fitting degree between the
simulation and observation, respectively:

Er =
Qm −Qo

Qo
(1)

NSE = 1− ∑T
t=1

(
Qt

o −Qt
m
)2

∑T
t=1

(
Qt

o −Qo
)2 (2)

where Qt
o and Qt

m are the observed and simulated streamflows at time t, respectively. Qo
and Qm refer to the monthly averages of the observed and simulated data, respectively.
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2.3. Climate Change Scenarios
2.3.1. The Scenario Model Intercomparison Project (ScenarioMIP) for CMIP6

The climate simulation and prediction results of the CMIP organized by the WCRP
provide an important reference for understanding future climate change as well as the
impact of climate on society and ecology. In the latest phase, CMIP6, nearly 50 models from
14 countries participate in the ScenarioMIP [39]. ScenarioMIP is a new set of land use and
emission scenarios [40] produced with updated integrated assessment models (IAMs) and
driven by the different SSPs and the latest emission trend. It emphasizes the consistency
between the shared socioeconomic scenarios and radiative forcing scenarios in the future
and plays a fundamental role in studying the response of hydrological processes under
climate change.

The four different shared socioeconomic pathways were applied to quantitatively
describe the relationship between climate and socioeconomic change in the future [41].
SSP1-2.6 updates the RCP2.6 pathway and represents the combined effects of low vulner-
ability and low radiative forcing. The rise in the multimodel mean temperature will be
less than 2 ◦C, and the radiative forcing will reach 2.6 W/m2 in 2100. SSP2-4.5 updates the
RCP4.5 pathway and represents the medium future forcing pathway. The radiative forcing
will stabilize at 4.5 W/m2 in 2100. SSP3-7.0 is a new forcing pathway to fill a gap in CMIP5.
It represents a combination of relatively high societal vulnerability and relatively high
radiative forcing. The radiative forcing will reach 7.0 W/m2 in 2100. The SSP5-8.5 scenario
updates the RCP8.5 pathway and represents the highest future pathway in ScenarioMIP. It
is the only SSP scenario to produce a radiative forcing of 8.5 W/m2 in 2100 [42].

Many studies have shown that the predictive effect of a multimodel ensemble is
better than that of a single model [25,43,44]. Based on the performance of GCMs in East
Asia (China) [18,19,45,46], this paper selected five GCMs: BCC-CSM2-MR, GFDL-ESM4,
IPSL-CM6A-LR, MIROC6, and NorESM2-MM, as shown in Table 2. The five GCMs were
combined to predict the climate in the UMHRB.

Table 2. List of global climate models (GCMs) used in this paper.

Model Country Institution Resolution

BCC-CSM2-MR China Beijing Climate Center 160 × 320

GFDL-ESM4 USA NOAA Geophysical Fluid
Dynamics Laboratory 180 × 288

IPSL-CM6A-LR France Institute Pierre Simon Laplace 143 × 144

MIROC6 Japan Japan Agency for Marine-Earth
Science and Technology and others 128 × 256

NorESM2-MM Norway Norwegian Climate Centre 192 × 288

2.3.2. Bias-Correction Methods

The CMIP6 global climate models are an improvement of the earlier CMIP5 model.
They have reliable abilities to simulate the geographical distribution of temperature and
precipitation in China, but deviations in temperature and precipitation are still inevitable.

The linear scaling method is commonly used to effectively correct GCM data [47,48].
This method corrects the systematical error and reduces the uncertainty of GCM. In this
paper, outputs of GCMs are bias-corrected to the 0.1◦ × 0.1◦ grid by using the linear scaling
method and the CMFD over the UMHRB.

Pcon,cor(d) = Pcon(d) × (
Pcm f d(m)

Pcon(m)

) (3)

Pscen,cor(d) = Pscen(d) × (
Pcm f d(m)

Pcon(m)

) (4)

Tcon,cor(d) = Tcon(d) + (Tcm f d(m) − Tcon(m)) (5)
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Tscen,cor(d) = Tscen(d) + (Tcm f d(m) − Tcon(m)) (6)

Here, Pcon(d) and Pcon,cor(d) are the original and corrected series of simulated precipita-
tion in the historical period, respectively. Pcon(m) and Pcm f d(m) are the average monthly
precipitation of simulated and CMFD in the historical period, respectively. Pscen(d) and
Pscen,cor(d) are the original and corrected series of simulated precipitation in the future
period, respectively.

Tcon,cor(d) = Tcon(d) + (Tcm f d(m) − Tcon(m)) (7)

Tscen,cor(d) = Tscen(d) + (Tcm f d(m) − Tcon(m)) (8)

Here, Tcon(d) and Tcon,cor(d) are the original and corrected series of simulated tempera-
ture in the historical period, respectively. Tcon(m) and Tcm f d(m) are the average monthly
temperature of simulated and CMFD in the historical period, respectively. Tscen(d) and
Tscen,cor(d) are the original and corrected series of simulated temperature in the future
period, respectively.

The calibrated VIC model is driven by the bias-corrected outputs of five GCMs
combined with the average. The changes of evapotranspiration, soil moisture, and runoff
are predicted from 2015 to 2100. For the simulation of future scenarios, we also used two
years to initiate the model. Additionally, 2017–2100 was further divided into three periods:
near-term (2017–2040), mid-term (2041–2070) and late-term (2071–2100) future, to compare
the hydrological response characteristics of climate change in different periods.

3. Results
3.1. Model Evaluation

Figure 2 presents a comparison of the observed and simulated monthly discharge
for the calibration and validation periods at four hydrologic stations (Xixian, Wangjiaba,
Lutaizi, and Bengbu) after iteratively adjusting the seven sensitive parameters. The results
demonstrate that the simulated series provide a good match to the observed series. The
simulated results reasonably captured the change characteristics of the observed data. Past
studies noted that the modeling performance is satisfactory when Er ≤ ±0.25 and NSE >
0.50 [49,50]. Here, as shown in Table 3, the average values of R, Er, and NSE at the three
hydrological stations are 0.89, −0.03, and 0.78 during the calibration periods, and 0.88,
0.09, and 0.76 during the validation periods, respectively. Except for the Xixian station,
the VIC model performed better in calibration periods than in validation periods. The
reasons for this phenomenon arise from two aspects. First, the data of the underlying
surface and the vegetation are from earlier times, so the data had a certain deviation
from the actual situation in the calibration period. Second, due to the high intensity of
human activities in the UMHRB, the fitting effect is affected by water storage and transfer
by human intervention. In general, the performance indices obtained from the model
simulation show that the model performs well in simulating the hydrological process of
the UMHRB and thus is used for further analysis.

Table 3. Evaluation results of modeling performances.

Stations
Calibration Period (1981–2000) Validation Period (2001–2018)

Er NSE Er NSE

Xixian −0.16 0.79 0.00 0.85
Wangjiaba −0.07 0.85 0.15 0.72

Lutaizi 0.08 0.78 0.14 0.75
Bengbu 0.04 0.71 0.08 0.72
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The period 1979–2014 shared by the CMFD and five GCMs was selected as the histori-
cal period of bias-corrected meteorological data. Figure 3 compares the average monthly
precipitation and maximum and minimum temperatures among the CMFD and raw GCMs
and bias-corrected GCMs. The results show that five GCMs overestimated the monthly
mean precipitation in spring. The IPSL-CM6A-LR and MIROC6 predicted better in summer
precipitation. The prediction effect of temperature was generally better than that of precipi-
tation (Figure 3). The CMIP6 models improved the performance of precipitation prediction,
but the uncertainty of monsoon precipitation still exists [51]. Figure 4 shows the correlation
coefficient (R), root-mean-square error (RMSE), and the standard deviation (SD) between
the predicted values and the CMFD values of precipitation, maximum temperature (Tmax),
and minimum temperature (Tmin). The five-GCM ensemble simulation is better than any
single model. The R was 0.73, 0.98, and 0.99 in precipitation, Tmax, and Tmin, respectively.
The RMSEs were 0.70, 0.20, and 0.13, respectively, and the SD was 0.84, 0.99, and 1.00,
respectively. Therefore, the five-GCM ensemble can drive the VIC model to study the
hydrological response of the UMHRB under climate change.
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3.2. Annual Change Analysis in Climate Parameters

Table 4 shows that the annual averaged precipitation is 936.7 mm in the historical
period (1981–2014). In the future, precipitation increases to different amounts in three
periods under the four scenarios. Under the SSP1-2.6 scenario, the annual averaged
precipitation values are 982.2, 1014.0, and 1044.7 mm in the near-term (2017–2040), mid-
term (2041–2070), and late-term (2071–2100) future, respectively. Precipitation increases
continuously in the future, and the average relative increasing rates are 4.9%, 3.2%, and 3.0%
in three future periods. In the near-term, the precipitation changes gradually increased from
south to north (Figure 5). In the mid-term, the precipitation decreases in the grids at the
northeastern edge of the basin and increases in other places. In the late-term, precipitation
in the western and southeastern parts of the basin increases slightly (2%) compared to the
mid-term, and the average increases in other areas (4%). Under the SSP2-4.5 scenario, the
annual averaged precipitation values are 938.6, 986.6, and 1026.9 mm in the near-term (2017–
2040), mid-term (2041–2070), and late-term (2071–2100) future, respectively. The annual
precipitation changes very little in the near-term, but spatially there is a decreasing trend at
the center of the basin, while a slight increase occurs in other places. The average annual
precipitation in the basin increases by approximately 5.1% in the mid-term with respect
to that in the near-term; the increase in annual precipitation from northwest to southeast
is a trend of low–high–low. The average relative increasing rate is 4.1% in the late-term.
The precipitation changes gradually increase from south to north. The annual averaged
precipitation values are 963.1, 970.3, and 1023.9 mm in three periods under the SSP3-7.0
scenario. In the near-term, the precipitation in the southern marginal zones decreases
slightly, while in other areas precipitation increases (2.8%). The changes of precipitation in
the mid-term are not obvious compared with the near-term. The average relative increasing
rate is 0.7%. The increase in annual precipitation projected in the late-term is higher than
that projected in the near-term and mid-term, with an average increase of 5.5%. In the
SSP5-8.5 scenario, the average relative increasing rate of precipitation is the same as the
SSP1-2.6 scenario (4.9%) in the near-term. The relative increasing rate drops to 1.6% in
the mid-term. However, the precipitation increases significantly (7.7%) in the late-term
compared with the mid-term. The annual averaged precipitation value is 1076.3 mm, which
is the largest precipitation value among the four scenarios at the end of the 21st century.

Table 4. Projected changes in annual averaged precipitation and maximum and minimum tempera-
tures under four climate scenarios.

Parameters
History Climate

Scenario

Period

1981–2014 2017–2040 2041–2070 2071–2100

Precipitation
(mm) 936.7

SSP1-2.6 982.2 (4.9%) 1014.0 (3.2%) 1044.7 (3.0%)
SSP2-4.5 938.6 (0.2%) 986.6 (5.1%) 1026.9 (4.1%)
SSP3-7.0 963. (2.8%) 970.3 (0.7%) 1023.9 (5.5%)
SSP5-8.5 982.8 (4.9%) 998.9 (1.6%) 1076.3 (7.7%)

Tmax
(°C) 19.0

SSP1-2.6 20.2 (1.2) 21.0 (0.8) 21.1 (0.1)
SSP2-4.5 20.2 (1.2) 21.0 (0.8) 21.7 (0.7)
SSP3-7.0 20.0 (1.0) 21.3 (1.3) 23.0 (1.7)
SSP5-8.5 20.4 (1.4) 21.9 (1.5) 23.9 (2.0)

Tmin
(°C) 11.4

SSP1-2.6 12.5 (1.1) 12.8 (0.3) 12.5 (-0.3)
SSP2-4.5 12.5 (1.1) 13.2 (0.7) 13.7 (0.5)
SSP3-7.0 12.3 (0.9) 13.1 (0.8) 14.4 (1.3)
SSP5-8.5 12.6 (1.2) 13.8 (1.2) 15.6 (1.8)
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The annual averaged maximum temperature is 19.0 ◦C in the historical period (Table 4).
The maximum temperature will increase in the future. Except for the near-term, the future
annual maximum temperature is the lowest and highest under SSP1-2.6 and SSP5-8.5,
respectively. However, the distribution of the maximum temperature in the four scenarios
remains consistent, which is higher in the southeast than in the northwest. In the SSP1-2.6
scenario, the maximum temperature average increases by 1.2 ◦C in the near-term compared
with that in 1981–2014. The relative increases of maximum temperature in the mid-term
and late-term drop successively, the maximum temperature average increases by 0.8 ◦C in
the mid-term, while the value is 0.1 ◦C in the late-term (Table 4). In the SSP2-4.5 scenario,
the changes in maximum temperature are the same as those under the SSP1-2.6 scenario
in the near-term and mid-term (Figure 6). In the late-term, the maximum temperature
average increases by 0.7 ◦C. The increase in maximum temperature is basically the same as
that in the mid-term. The maximum temperature shows a significantly increasing trend
under the SSP3-7.0 and SSP5-8.5 scenarios in the future. The difference is that the increase
is larger under the SSP5-8.5 scenario.

The annual averaged minimum temperature is 11.4 ◦C in the historical period (Table 4).
Similar to the annual average maximum temperature, except for the near-term, the mini-
mum temperature is lowest in the SSP1-2.6 scenario and highest in the SSP5-8.5 scenario.
The overall distribution is also consistent with the maximum temperature. In the near-term,
there is an increase of 1.1 ◦C in annual minimum temperature in the SSP1-2.6 and SSP2-4.5
scenarios. Under the SSP1-2.6 scenario, the minimum temperature average increases by 0.3
◦C in the mid-term, the temperature is lower in the western part of the basin (Figure 7).
In the late-term, the minimum temperature average decreases by 0.3 °C compared to the
mid-term. This was the only period in which the minimum temperature decreases, and
the mean value is flat compared to that of the near-term. Under the SSP2-4.5 scenario, the
minimum temperature shows an increasing trend (0.7 ◦C) in the mid-term, and the increase
in the eastern corner of the basin is relatively small (Figure 7). Under the SSP3-7.0 scenario,
the minimum temperature increases continuously in the future, and the average increasing
rates are similar (0.9 ◦C in the near-term and 0.8 ◦C in the mid-term). In the late-term, the
temperature significantly increases by 1.3 ◦C. Under the SSP5-8.5 scenario, the changes in
minimum temperature are the same in the near-term and mid-term (1.2 ◦C). The minimum
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temperature average increases by 1.8 ◦C in the late-term, which is the largest increase in
the three periods under the four scenarios.
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3.3. Annual Change Analysis in Hydrological Responses to Climate Changes

Table 5 shows that the annual evapotranspiration is 826.4 mm in the historical period.
Evapotranspiration increases continuously in the future. Specifically, under the SSP1-2.6
scenario, the annual averaged evapotranspiration values are 862.0, 890.9, and 913.9 mm in
the near-term, mid-term, and late-term, respectively. The average increasing rate is 4.3%
in the near-term. The increase is larger in the north part of the basin (Figure 8). In the
mid-term, the evapotranspiration gradually increases from the northeast to the southwest
with a 3.4% average increase. In the late-term, the evapotranspiration average increases
by 2.6% compared to that in the mid-term. Under the SSP2-4.5 scenario, it does not show
an obvious change in the near-term (0.7%), whereas the evapotranspiration in the basin
increases significantly, with an average increase of 5.1% in the mid-term. The increase is
concentrated in the north-central part of the basin (Figure 8). Evapotranspiration increases
from south to north, with an average growth rate of 3.8% in the late-term. Under the
SSP3-7.0 scenario, the average increasing rates are similar in the near-term (2.0%) and the
mid-term (1.9%). The difference is that the increase of the southern region is smaller in
the near-term, whereas the increase of the central region is smaller in the mid-term. The
annual evapotranspiration in the late-term varies from 2.8% to 8.0%, with a more obvious
increase in the southern part of the basin. Under the SSP5-8.5 scenario, the average relative
increasing rates are 3.8% and 3.2% in the near-term and mid-term, respectively. In the
late-term, except for the southeast and northwest edge, the evapotranspiration increases
significantly, and the average relative increasing rate is 6.2%. Several grids in the middle of
basin are lagging in the mid- and late-term.

Table 5. Projected changes in annual evapotranspiration, soil moisture, and runoff under the four
climate scenarios.

Parameters
History Climate

Scenario

Period

1981–2014 2017–2040 2041–2070 2071–2100

Evapotranspiration
(mm) 826.4

SSP1-2.6 862.0 (4.3%) 890.9 (3.4%) 913.9 (2.6%)
SSP2-4.5 832.1 (0.7%) 874.4 (5.1%) 907.6 (3.8%)
SSP3-7.0 842.9 (2.0%) 859.2 (1.9%) 902.8 (5.1%)
SSP5-8.5 858.0 (3.8%) 885.3 (3.2%) 940.0 (6.2%)

Soil moisture
(mm) 31.7

SSP1-2.6 31.9 (0.7%) 32.1 (0.3%) 32.3 (0.6%)
SSP2-4.5 31.6 (−0.3%) 31.9 (0.8%) 32.0 (0.4%)
SSP3-7.0 31.8 (0.4%) 31.7 (−0.3%) 32.0 (1.1%)
SSP5-8.5 31.8 (0.4%) 31.8 (0.0%) 32.2 (1.2%)

Runoff
(mm) 101.3

SSP1-2.6 108.3 (6.9%) 114.5 (5.7%) 120.0 (4.8%)
SSP2-4.5 99.0 (−2.3%) 103.7 (4.7%) 111.1 (7.1%)

SSP3-7.0 109.8 (8.4%) 103.5
(−5.7%) 112.6 (8.8%)

SSP5-8.5 112.9 (11.5%) 107.1
(−5.1%)

125.9
(17.6%)

The annual soil moisture is 31.7 mm in the historical period (Table 5). The percentage
changes in soil moisture at the annual scale are shown in Figure 9. Under the SSP1-2.6
scenario, the soil moisture increases slightly by 0.7% in the near-term. In the mid-term, the
soil moisture of some grids in the northeastern part of the basin decreases slightly, while
that of others increases slightly (Figure 9). The soil moisture increase ranges from –0.2% to
3% in the late-term. Under the SSP2-4.5 scenario, the soil moisture is projected to decrease
at first and then increase in the future. The soil moisture decreases by approximately 0.3%
in the near-term, but increases by 0.8% and 0.4% in the mid- and late-term, respectively.
Under the SSP3-7.0 scenario, soil moisture increases by 0.4% in the near-term. There is a
decrease of 0.3% in the mid-term, and the mean value of soil moisture is basically the same
as that in the historical period. In the late-term, the soil moisture increases to 32.0 mm.
Under SSP5-8.5 scenario, the annual averaged soil moisture values are 31.8, 31.8, and
32.2 mm in the near-term, mid-term, and late-term, respectively. The average relative
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increasing rate is 0.4% in the near-term. In the mid-term, soil moisture decreases slightly
in the central region, but the average value of the basin is consistent with the near-term.
The soil moisture generally increases in the late-term, with an average increase of 1.2%.
In general, the average soil moisture predicted by the four scenarios shows an increasing
trend in the future, but the change rates are not obvious.

Water 2021, 13, x FOR PEER REVIEW 13 of 21 

 

 

Table 5. Projected changes in annual evapotranspiration, soil moisture, and runoff under the four 

climate scenarios. 

Parameters 
History Climate 

Scenario 

Period 

1981–2014 2017–2040 2041–2070 2071–2100 

Evapotranspiration 

(mm) 
826.4 

SSP1-2.6 862.0 (4.3%) 890.9 (3.4%) 913.9 (2.6%) 

SSP2-4.5 832.1 (0.7%) 874.4 (5.1%) 907.6 (3.8%) 

SSP3-7.0 842.9 (2.0%) 859.2 (1.9%) 902.8 (5.1%) 

SSP5-8.5 858.0 (3.8%) 885.3 (3.2%) 940.0 (6.2%) 

Soil moisture 

(mm) 
31.7 

SSP1-2.6 31.9 (0.7%) 32.1 (0.3%) 32.3 (0.6%) 

SSP2-4.5 31.6 (−0.3%) 31.9 (0.8%) 32.0 (0.4%) 

SSP3-7.0 31.8 (0.4%) 31.7 (−0.3%) 32.0 (1.1%) 

SSP5-8.5 31.8 (0.4%) 31.8 (0.0%) 32.2 (1.2%) 

Runoff 

(mm) 
101.3 

SSP1-2.6 108.3 (6.9%) 114.5 (5.7%) 120.0 (4.8%) 

SSP2-4.5 99.0 (−2.3%) 103.7 (4.7%) 111.1 (7.1%) 

SSP3-7.0 109.8 (8.4%) 103.5 (−5.7%) 112.6 (8.8%) 

SSP5-8.5 112.9 (11.5%) 107.1 (−5.1%) 125.9 (17.6%) 

 

Figure 8. Future percentage differences of evapotranspiration (2017–2040 vs. 1981–2014, 2041–2070 vs. 2017–2040, and 

2071–2100 vs. 2041–2070) in the UMHRB. 

The annual soil moisture is 31.7 mm in the historical period (Table 5). The percentage 

changes in soil moisture at the annual scale are shown in Figure 9. Under the SSP1-2.6 

scenario, the soil moisture increases slightly by 0.7% in the near-term. In the mid-term, the 

soil moisture of some grids in the northeastern part of the basin decreases slightly, while 

that of others increases slightly (Figure 9). The soil moisture increase ranges from –0.2% 

to 3% in the late-term. Under the SSP2-4.5 scenario, the soil moisture is projected to de-

crease at first and then increase in the future. The soil moisture decreases by approxi-

mately 0.3% in the near-term, but increases by 0.8% and 0.4% in the mid- and late-term, 

respectively. Under the SSP3-7.0 scenario, soil moisture increases by 0.4% in the near-term. 

There is a decrease of 0.3% in the mid-term, and the mean value of soil moisture is basi-

cally the same as that in the historical period. In the late-term, the soil moisture increases 

to 32.0 mm. Under SSP5-8.5 scenario, the annual averaged soil moisture values are 31.8, 

31.8, and 32.2 mm in the near-term, mid-term, and late-term, respectively. The average 

relative increasing rate is 0.4% in the near-term. In the mid-term, soil moisture decreases 

Figure 8. Future percentage differences of evapotranspiration (2017–2040 vs. 1981–2014, 2041–2070 vs. 2017–2040, and
2071–2100 vs. 2041–2070) in the UMHRB.

Water 2021, 13, x FOR PEER REVIEW 14 of 21 

 

 

slightly in the central region, but the average value of the basin is consistent with the near-

term. The soil moisture generally increases in the late-term, with an average increase of 

1.2%. In general, the average soil moisture predicted by the four scenarios shows an in-

creasing trend in the future, but the change rates are not obvious. 

 

Figure 9. Future percentage differences of soil moisture (2017–2040 vs. 1981–2014, 2041–2070 vs. 2017–2040, and 2071–2100 

vs. 2041–2070) in the UMHRB. 

The annual runoff is 101.3 mm in 1981–2014 (Table 5). Under the SSP1-2.6 scenario, 

the runoff will continue to increase in the future. In the near-term, the runoff increases 

from south to north, with an average increase of 6.9%. In the mid-term, the value of runoff 

decreases in the northeast, while for other areas it increases (Figure 10). The runoff aver-

age increases by 5.7% in the basin. Except for a small decrease in the northwestern part, 

the increase of runoff is dominant in the late-term. Under the SSP2-4.5 scenario, the runoff 

decreases by 2.3% in the near-term. The runoff decreases in the southeast and increases in 

other areas, ranging from −6% to 17% in the mid-term. In the late-term, the average value 

of runoff increases to 111.1 mm. Under the SSP3-7.0 and SSP5-8.5 scenarios, the future 

runoff will increase first, then decrease and increase again. The runoff decreases in the 

south and increases in other areas (Figure 10), ranging from −2% to 27% in the near-term 

under the SSP3-7.0. In the mid-term, the runoff increases in the grids at the south and 

northwestern edge of the basin, and decreases in other places (Figure 10). In the late-term, 

the average value of runoff increases to 112.6 mm. The variation range of runoff in the 

near-term is 1% to 25%, and the average increase is 11.5%. The runoff average decreases 

by 5.1% in the mid-term. In the late-term, the average value of runoff increases to 125.9 mm. 

The runoff in the mainstream area of the Huaihe River increases significantly, reaching more 

than 30%. 
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The annual runoff is 101.3 mm in 1981–2014 (Table 5). Under the SSP1-2.6 scenario,
the runoff will continue to increase in the future. In the near-term, the runoff increases
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from south to north, with an average increase of 6.9%. In the mid-term, the value of runoff
decreases in the northeast, while for other areas it increases (Figure 10). The runoff average
increases by 5.7% in the basin. Except for a small decrease in the northwestern part, the
increase of runoff is dominant in the late-term. Under the SSP2-4.5 scenario, the runoff
decreases by 2.3% in the near-term. The runoff decreases in the southeast and increases in
other areas, ranging from −6% to 17% in the mid-term. In the late-term, the average value
of runoff increases to 111.1 mm. Under the SSP3-7.0 and SSP5-8.5 scenarios, the future
runoff will increase first, then decrease and increase again. The runoff decreases in the
south and increases in other areas (Figure 10), ranging from −2% to 27% in the near-term
under the SSP3-7.0. In the mid-term, the runoff increases in the grids at the south and
northwestern edge of the basin, and decreases in other places (Figure 10). In the late-term,
the average value of runoff increases to 112.6 mm. The variation range of runoff in the
near-term is 1% to 25%, and the average increase is 11.5%. The runoff average decreases by
5.1% in the mid-term. In the late-term, the average value of runoff increases to 125.9 mm.
The runoff in the mainstream area of the Huaihe River increases significantly, reaching
more than 30%.
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3.4. Seasonal Analysis of Hydroclimatic Parameters

This paper analyzes the seasonal changes of future hydroclimatic parameters under
two typical scenarios (SSP2-4.5 and SSP5-8.5). Figure 11 shows changes of the climate
parameters in the basin between 1981–2014 and 2071–2100. Under the SSP2-4.5 scenario, the
precipitation increases by 24.3%, 6.4%, −2.0%, and 30.0% in spring, summer, autumn, and
winter, respectively. Spatially, the precipitation changes gradually increase from southeast
to northwest (ranging from 17.9% to 32.9%) in spring. The least increase is in summer
(ranging from 0% to 15.0%). Autumn is the only season in which there is a decrease in
precipitation (ranging from −5.1% to 0%), and the precipitation in winter has the largest
increase rate. Compared to 1981–2014, the maximum temperature of 2071–2100 increases
by 2.9, 3.3, 2.3, 2.4 ◦C in spring, summer, autumn, and winter, respectively. The minimum
temperature increases by 2.4, 2.7, 2.0, and 2.3 ◦C in spring, summer, autumn, and winter,
respectively. The maximum and minimum temperature increase is highest in summer and
lowest in autumn. Under the SSP5-8.5, the precipitation increases by 32.0%, 8.3%, 10.5%,
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and 30.4% in spring, summer, autumn, and winter, respectively. The precipitation changes
in spring and winter gradually increase from southeast to northwest, with increasing rates
of 26.5–36.4% and 8.6–62.5%, respectively. Less of an increase in precipitation is projected
in the other two seasons. The rates of increase are 5.5–12.4% and 4.1–16.1% in summer
and autumn, respectively. The maximum temperature increase is the largest in summer
(5.6 ◦C) and the least in spring (4.3 ◦C). The minimum temperature increase is largest in
summer (4.78 ◦C), while the other three seasons have similar increases. Overall, under the
SSP5-8.5, variation trends of the climate parameters are basically the same as SSP2-4.5, but
the increment is larger than SSP2-4.5. During 2071–2100, the precipitation increase rates
are lower in summer and autumn, and the increase rates are higher in spring and winter,
and the temperature rises most in summer.
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Figure 12 shows the changes of hydrological parameters in the basin, with a compari-
son between 1981–2014 and 2071–2100. Under the SSP2-4.5 scenario, the evapotranspiration
increases by 14.5% and 12.6% in spring and summer, respectively. The distribution of evap-
otranspiration changes in these two seasons is consistent with the annual value, which
gradually increases from south to north. In autumn, evapotranspiration increases in the
northwest and southeast edges and several grids in the middle of the basin, but decreases
in other regions, and the mean value of the basin remains unchanged compared to that in
1981–2014. In winter, the evapotranspiration begins to increase again by 8.9%. The average
change rates of soil moisture are within ±4% in the four seasons. The autumn is the only
season when soil moisture decreases (−2.2%). The average soil moisture increases slightly
by 0.5–3.3% in other seasons. The runoff increases significantly in spring and winter by
42.5% and 56.6%, respectively. The increase of runoff in summer is small, with an average
of 5%, and the runoff has a downward trend in autumn, with an average decrease of 9.9%.
Under the SSP5-8.5, the evapotranspiration increases by 18.1%, 11.3%, 15.4%, and 13.0% in
spring, summer, autumn, and winter, respectively. Except for summer, the average increase
amplitude is larger than that under the SSP2-4.5 scenario. In terms of soil moisture, the
distribution of the change is similar to that under the SSP2-4.5 scenario. In autumn, the
average soil moisture still decreases by 1.1%. The runoff increases in the four seasons under
the SSP5-8.5 scenario, and the order of average increase amplitude of each season is winter
> spring > summer > autumn.
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4. Discussion

The characteristics of climate change predicted by GCMs show that the general trend
of future precipitation is projected to increase, but the spatial distribution is uneven. The
increase amplitudes are larger in spring and winter than those in summer and autumn.
These findings are consistent with the simulation prediction of CMIP5 [52]. In particular,
the summer precipitation increases and the autumn precipitation decreases in SSP2-4.5.
The seasonal contrast of precipitation is more prominent, and abrupt alternation between
drought and flood needs to be monitored. The maximum and minimum temperature
changes become steady in the SSP1-2.6 scenario [29]. This indicates that the sustainable
development model can effectively mitigate global warming [19]. The increase rate of the
maximum temperature is higher than that of the minimum temperature, and the sum-
mer temperature changes most obvious. Global warming will cause the growth season
of vegetation to come earlier in the year. Increased precipitation will also promote the
enhancement of vegetation coverage [53,54]. The changing patterns of evapotranspira-
tion follow that of annual precipitation, but seasonal evapotranspiration shows different
changes. The autumn precipitation changes by −2% in SSP2-4.5, but the mean value of
evapotranspiration remains unchanged compared to that during 1981–2014. The change
of summer precipitation is larger in SSP5-8.5 (8.3%) than that in SSP2-4.5 (6.4%), but the
change of evapotranspiration is smaller in SSP5-8.5 (11.3%) than that in SSP2-4.5 (12.6%).
These are likely attributed to the intra-annual evapotranspiration, which is closely related
to the growth cycle of plants and crops [55]. The average annual runoff increases in a wave-
like manner. At the end of the 21st century, the runoff is largest in SSP5-8.5 and smallest
in SSP2-4.5. Precipitation is the main source of runoff replenishment in the UMHRB, so
the runoff is affected by the difference in seasonal precipitation distribution. The seasonal
change patterns of runoff follow that of precipitation. The autumn runoff changes by−9.9%
in SSP2-4.5. The change rates of soil moisture are within ±5% in three periods under the
four scenarios, and the mean value tends to increase, but the autumn soil moisture changes
by −2.2% and −1.1% in SSP2-4.5 and SSP5-8.5, respectively. The drier soil in autumn will
have a negative impact on crop growth.

Some problems remain, such as the abnormal changes of evapotranspiration in the
northwest region and several grids in the middle of the basin, especially in autumn and
winter, where evapotranspiration increases more than the nearby area. This needs to



Water 2021, 13, 1053 17 of 19

be further analyzed in combination with multiple factors such as temperature, wind
speed, land-use/land-cover (LULC), and slope. In addition, it should be noted that in
the calibrated VIC model used to simulate the four scenarios, the vegetation parameters
were assumed to be constant. Future work should focus on the interactive effect of LULC
and climate change on hydrological processes. As a driving factor, CMIP6 GCMs data are
still applied less at the catchment scale. This study selected five GCMs for preliminary
exploration, but the CMIP6 GCMs also need to be further evaluated for their ability to
simulate climate elements.

5. Conclusions

This study constructed a well-established VIC model of 0.1◦ × 0.1◦ resolution in the
UMHRB and detected the future variability in precipitation and maximum and minimum
temperatures. The five-GCM ensemble simulation is better than any single model, and the
simulation effect of temperature is generally better than that of precipitation. The responses
of hydrological processes to climate change under different future scenarios were assessed.
The results are summarized as follows:

Under different SSP scenarios, the temperature in the UMHRB will increase in the
future, with annual and seasonal temperatures showing a warming trend. The annual pre-
cipitation increases to different degrees (0–7%) in the future. The increase rates are higher in
spring and winter than in summer and autumn. The change patterns of evapotranspiration
follow that of annual precipitation. Affected by the growth cycle of vegetation and crops,
evapotranspiration shows different seasonal changes (0–18%). The annual runoff exhibits a
wavelike rising trend in the future. Seasonal runoff is affected by precipitation and follows
its change. Comparatively, change of annual soil moisture is relatively small in the future,
and its average value increases slightly. Seasonal soil moisture decreases in autumn, and
increases in the other three seasons.

These results illustrate that the amount of water resources has increased in the
UMHRB, but it also faces a risk of flooding from the increased precipitation and runoff.
These findings will assist decision-makers in developing watershed flood risk-management
measures and water and soil conservation plans.
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