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Abstract: In this study, the Soil and Water Assessment Tool (SWAT) model was first ini‑
tialized for the Qinglongshan Irrigation Area (QLS). We aimed to assess the impacts of cli‑
mate and land use (LULC) changes between 1980 and 2020 on several hydrological param‑
eters in the QLS, including actual evapotranspiration (ET), soil water (SW), soil recharge
to groundwater (PERC), surface runoff (SURQ), groundwater runoff (GWQ), and lateral
runoff (LATQ). We predicted the trends in hydrological factors from 2021 to 2050. Based
on the S1 scenario, the precipitation and the paddy field area decreased by 42.28 mm
and 1717.65 km2, respectively; hydrological factors increased by 91.53, 104.28, 50.66, 21.86,
55.93, and 0.79 mm, respectively, in the QLS. Climate changes contributed 6.10%, −7.58%,
−54.11%, 26.90%,−121.17%, and−31.66% to changes in hydrological factors, respectively;
LULC changes contributed −2.19%, 3.63%, 11.61%, −2.93%, 25.89%, and 16.86%, respec‑
tively; and irrigationwater volume changes contributed 96.09%, 103.95%, 142.50%, 76.03%,
195.28%, and 114.80%, respectively. Irrigation and water intake were the main factors af‑
fecting the changes in hydrological elements. This was followed by climatic changes and
LULC. In natural development scenarios, the QLS is anticipated to face challenges, includ‑
ing increased actual ET, reduced seepage and groundwater contribution, and declining
groundwater levels.

Keywords: SWAT‑QLS model; climate change; land use change; hydrological factors;
irrigation areas; CMIP6 data

1. Introduction
Hydrological elements, such as precipitation, runoff, evaporation, and groundwater

recharge, are important foundations for water resource management and environmental
protection [1]. In recent years, the impacts of climate and land use (LULC) changes on the
water cycle have attracted widespread interest. Climate change directly affects hydrologi‑
cal elements by altering the precipitation patterns, temperature, and evaporation rates [2].
Conversely, LULC changes (e.g., urbanization, agricultural expansion, and deforestation)
indirectly affect hydrological processes by altering surface features and soil properties [3].

In recent years, domestic and international scholars have conducted extensive re‑
search on the impacts of climate and LULC changes on hydrological factors. In terms
of climate change research, multiple Intergovernmental Panel on Climate Change (IPCC)
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reports indicate that future climate changewill havemajor impacts on hydrological factors
such as precipitation, evaporation, and runoff [4,5].

Irrigation areas play a crucial role in agricultural production, and their water resource
management directly influences food security and environmental protection [6]. As an
important agricultural irrigation area in northern China, the Qinglongshan Irrigation Dis‑
trict (QLS) is crucial for ensuring agricultural production and regional economic develop‑
ment [7]. Following the implementation of the “rice‑based waterlogging control” strategy,
paddy fields in the QLS have rapidly increased, resulting in a substantial increase in irriga‑
tionwater consumption [8]. Due to the intricate effects of climate and LULC changes on hy‑
drological elements in irrigation areas, scientific assessment of the impact of these changes
on hydrological processes has become a key issue that needs to be addressed urgently [9].

Despite abundant research on the impacts of climate and LULC changes on hydrologi‑
cal factors, notable shortcomings remain unresolved. First, research on the comprehensive
impacts of climate and LULC changes is lacking. Most studies have primarily focused on a
single factor [10]. Second, the absence of high‑precision long‑term observational data has
led to considerable uncertainty in model simulation outcomes [11]. In addition, hydrolog‑
ical response mechanisms among different regions exhibit considerable differences, and
systematic research targeting specific regions is currently lacking [12]. In recent decades
in China, the 0 ◦C isotherm has moved northward by 460.5 km. In 2018, the rice plant‑
ing area in Heilongjiang Province increased dramatically by approximately 4.0× 104 km2,
with an increase of 1.8× 104 km2 from 1958 to 2000, and an additional 2.2× 104 km2 from
2000 to 2018 [13]. This has directly impacted the water resource balance in the irrigation
area. At the same time, changes in precipitation patterns, such as shifts in the period of
concentrated rainfall, have significantly altered the temporal distribution of irrigation wa‑
ter needs. Research shows that, in years with reduced precipitation, groundwater levels in
some areas of the irrigation district will drop significantly, severely affecting the stability
of water sources for agricultural irrigation [14].

In this study, we aimed to investigate how hydrological elements in irrigation areas
respond to climate and LULC changes through the prediction of land use changes based
on Land Change Modeler and attribution of changes in the water balance of Ganga basin
to land use change using the SWAT. We used the Soil and Water Assessment Tool (SWAT)
model to predict these changes, focusing on key hydrological elements such as precipi‑
tation, runoff, evaporation, and groundwater recharge. The specific objectives entailed
developing a SWATmodel for the research area and conducting model calibration and val‑
idation to ensure the accuracy and reliability of the model. Furthermore, we examined
the effects of climate change on hydrological components within the QLS and investigated
how LULC changes influence hydrological processes. By considering the combined im‑
pacts of climate andLULCchanges, this study enables the prediction of future hydrological
factors and provides a scientific basis for water resource management in irrigation areas.

As an important grain production base in China, the stable development of the Qing‑
longshan Irrigation Area is crucial for ensuring national food security. In‑depth research
on the changes in hydrological processes within this irrigation area can provide targeted
water resource management strategies and demonstration solutions for coping with cli‑
mate change in other irrigation areas across Northeast China. The novelty of this study
lies in the comprehensive analysis of the impacts of climate and LULC changes on hydro‑
logical elements in irrigation areas. This study helps to reveal the unique response mech‑
anisms of hydrological cycles in cold‑region irrigation areas under the dual influence of
climate and land use changes, filling a gap in the related research. It provides theoretical
support and practical experience for the sustainable development of irrigated agriculture
in cold regions worldwide.
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2. Research Area and Data
2.1. Overview of the Research Area

The QLS is situated on the eastern bank of the middle reaches of the Heilongjiang
River in northeastern Heilongjiang Province, China (132◦35′47′′–134◦05′03′′ E; 47◦05′33′′–
47◦55′47′′ N) (Figure 1). The controlled and designed irrigation areas are approximately
660,500 hm2 and 374,000 hm2, respectively, making the QLS the fourth largest irrigation
area in China. Rice, corn, and soybeans are the primary crops in the irrigation area. This
region falls within the temperate semi‑humid monsoon climate zone, characterized by in‑
creased wind and reduced rainfall during spring; hot and rainy summers; brief and often
early frost in autumn; and long, cold, and snowywinters. The average annual precipitation
ranges from 570 to 610 mm but is unevenly distributed throughout the year. According
to the statistics from the irrigation district management bureau, the basin where the Qin‑
glongshan Irrigation Area is located belongs to the Heilong River system. The average
annual natural runoff is 33.9 billion m3, with natural annual runoff volumes at P = 20%,
50%, and 75% frequencies being 4.96 billion m3, 2.912 billion m3, and 1.769 billion m3, re‑
spectively. The runoff from June to September accounts for about 60% of the annual total.
Groundwater recharge is mainly derived from lateral flow, while vertical infiltration from
atmospheric precipitation is relatively low. The soil types in the Qinglongshan Irrigation
Area are generally classified into twomajor categories: clay soils and loam soils. Clay soils
include white sandy soil, meadow white sandy soil, potential white sandy soil, meadow
soil, white meadow soil, potential meadow soil, potential white meadow soil, and swamp
soil, with clay soils occupying the majority of the land area, about 93% of the total soil area.
The average annual water surface evaporation is 670 mm, and the average annual temper‑
ature is 2.2 ◦C. In addition, the annual sunshine hours exceed 2381.5 h, and the summer
wind direction is primarily southwest and south, with an average annual wind speed of
4.6 m/s [15].
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2.2. Data Collection and Preprocessing

The SWATmodel used to investigate the impacts of climate and LULC changes on hy‑
drological elements in theQLSwas developed using various datasets. These included reso‑
lution digital elevation model (DEM) data (Figure 1a); LULC data for 2000, 2010, 2015, and
2020; soil type data for 2020 (Figure 1b; data from Chinese surface meteorological stations
from 1978 to 2020; Qinglongshan irrigation management data; and Moderate‑Resolution
Imaging Spectroradiometer (MODIS) Global Evapotranspiration Project (MOD16) data.
To predict LULC under different scenarios, this study collected social and economic data
from the study area, using infrastructure data as the driving factor. For future climate pre‑
diction, historical and projected climate scenarios (SSP1‑2.6, SSP2‑4.5, and SSP5‑8.5) were
obtained, including precipitation, maximum/minimum temperature, and average temper‑
ature data from the BCC‑CSM2‑MR, CanESM5, FGOALS‑g, GFDL‑ESM4, MPI‑ESM1‑2‑
HR, and MRI‑ESM2‑0 models (Table 1).

Table 1. Data and sources used in this study.

Data Type Data Description Temporal/Spatial
Resolution

Data Source (Accessed on
27 October 2024)

DEM data Digital elevation model data 30 m × 30 m Geospatial data cloud
(https://www.gscloud.cn/)

LULC Land Use Land use data 1990/2000/2010/2020
(1000 m × 1000 m)

Resource and
Environmental Science

and Data Center
(https://www.resdc.cn/

DOI/DOI.aspx?DOIID=54)

HWSDWorld Soil
Dataset Soil type data 2020

(1000 m × 1000 m)

National Glacier and
Permafrost Desert Science

Data Center (http:
//www.ncdc.ac.cn/portal/
metadata/a948627d‑4b71‑
4f68‑b1b6‑fe02e302af09)

Climate data

Precipitation,
minimum/maximum

temperature, relative humidity,
mean pressure, wind speed,

relative humidity, and sunshine
hour data

Daily data from
1978–2020

China Meteorological
Administration

(https://data.cma.cn/)

Distribution of canal
systems

《Executable Research Report on
the Phase I Project of

Qinglongshan Irrigation Area》

Sanjiang Agricultural
Reclamation Bureau

Irrigation data

《Water Resources
Demonstration of the Phase I
Project of Qinglongshan

Irrigation Area》

Sanjiang Agricultural
Reclamation Bureau

Actual
evapotranspiration

data
MODIS 16A2 1982–2017 monthly

(0.1◦)

National Tibetan Plateau
Data Center

(https://data.tpdc.ac.cn/en/
data/b6d9f525‑5b76‑48b0
‑82db‑bb2963465cac/)

https://www.gscloud.cn/
https://www.resdc.cn/DOI/DOI.aspx?DOIID=54
https://www.resdc.cn/DOI/DOI.aspx?DOIID=54
http://www.ncdc.ac.cn/portal/metadata/a948627d-4b71-4f68-b1b6-fe02e302af09
http://www.ncdc.ac.cn/portal/metadata/a948627d-4b71-4f68-b1b6-fe02e302af09
http://www.ncdc.ac.cn/portal/metadata/a948627d-4b71-4f68-b1b6-fe02e302af09
http://www.ncdc.ac.cn/portal/metadata/a948627d-4b71-4f68-b1b6-fe02e302af09
https://data.cma.cn/
https://data.tpdc.ac.cn/en/data/b6d9f525-5b76-48b0-82db-bb2963465cac/
https://data.tpdc.ac.cn/en/data/b6d9f525-5b76-48b0-82db-bb2963465cac/
https://data.tpdc.ac.cn/en/data/b6d9f525-5b76-48b0-82db-bb2963465cac/


Sustainability 2025, 17, 239 5 of 23

Table 1. Cont.

Data Type Data Description Temporal/Spatial
Resolution

Data Source (Accessed on
27 October 2024)

CMIP6 data

Precipitation,
maximum/minimum
temperature data

(BCC‑CSM2‑MR, CanESM5,
FGOALS‑gs, GFDL‑ESM4,

MPI‑ESM1‑2‑HR, MRI‑ESM2‑0)

Historical (1975–2014)
and future (2015–2064)
SSP1‑2.6, SSP2‑4.5, and

SSP5‑8.5

https:
//esgf‑node.ipsl.upmc.fr/
projects/cmip6‑ipsl/

Socio‑economic data

Population density, gross
domestic product, annual

precipitation, average annual
temperature, and annual

evaporation data

2015, 2020

Resources and
Environmental Sciences

and Data Centers
(https://www.resdc.cn/)

Infrastructure data Distance to the highway and
distance to the river data 2000, 2019

National Geographic
Information Directory

Service
(https://www.webmap.cn/
main.do?method=index)

First, the collected raw data were subjected to preprocessing. This encompassed data
cleaning, missing‑value handling, and consistency checking. Secondly, in processing me‑
teorological data, the Kriging interpolation method was used for spatial interpolation of
precipitation and temperature data. Linear interpolation was applied to calculate the val‑
ues at intermediate time points based on the time series data from adjacent observation
points. For LULC and remote sensing image data, remote sensing image interpretation,
classification, and change detection techniques were used to extract LULC types and their
changes in the study area.

3. Methodology
This study first established the SWAT‑QLS model, setting up different scenarios (S1,

S2, and S3) to explore the impacts of climate and land use changes on hydrological ele‑
ments from 1978 to 2020 under historical conditions. Then, the future land use distribu‑
tion for 2050 and the precipitation, maximum temperature, andminimum temperature for
2021–2050 were predicted. Finally, the predicted climate and land use data were used to
drive the SWAT‑QLS model to predict the changes in future hydrological elements.

LULC 2000, LULC 2010, and LULC 2020 represent the land use/land cover conditions
of the Qinglongshan Irrigation Area in 2000, 2010, and 2020, respectively. These data were
used to analyze the impacts of land use changes at different time periods on hydrological
elements, showing the transformation process of land use types in the irrigation area over
time, such as the changes in the area of paddy fields, dry fields, and forests.

The S1 scenario comprehensively considers the effects of both climate and land use
changes. By simulating different time periods (1978–2000, 2001–2010, and 2011–2020), it
analyzes the changes in hydrological elements such as actual evapotranspiration (ET), soil
water (SW), groundwater recharge (PERC), surface runoff (SURQ), groundwater runoff
(GWQ), and lateral runoff (LATQ) under the combined influence of climate and land
use changes.

The S2 scenario mainly analyzes the individual impact of land use changes. It simu‑
lates the entire period from 1980 to 2020, considering different land use conditions in 2000,
2010, and 2020, and excluding irrigation treatment for paddy fields. This scenario explores

https://esgf-node.ipsl.upmc.fr/projects/cmip6-ipsl/
https://esgf-node.ipsl.upmc.fr/projects/cmip6-ipsl/
https://esgf-node.ipsl.upmc.fr/projects/cmip6-ipsl/
https://www.resdc.cn/
https://www.webmap.cn/main.do?method=index
https://www.webmap.cn/main.do?method=index
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how land use changes (such as the conversion of dry land to paddy fields or wetlands to
cropland) affect the regional hydrological processes.

The S3 scenario focuses on the individual impact of climate change (particularly pre‑
cipitation) on hydrological elements. Using LULC 2000 as the baseline land use condition,
this scenario simulates eight overlapping five‑year periods from 1980 to 2020 to study the
relationship between precipitation changes and hydrological elements (such as SW, PERC,
GWQ, SURQ, LATQ). For example, how hydrological elements respond when precipita‑
tion increases or decreases.

The S4 scenario is used to predict the changes in future hydrological elements from
2021 to 2050. It uses climate data (e.g., precipitation, maximum temperature, minimum
temperature) from different carbon emission scenarios (SSP1‑2.6, SSP2‑4.5, SSP5‑8.5) in
the CMIP6 dataset, along with projected land use data for 2050, to drive the SWAT‑QLS
model. This simulation predicts the interannual and intermonthly variations of hydrolog‑
ical elements in the irrigation area and assesses the dynamic changes in water resources
under different future climate and land use scenarios (Figure 2).
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3.1. SWAT‑QLS Model Construction

This study utilized the SWAT model to develop a SWAT‑QLS model that accurately
represented the surface hydrological cycle of the QLS. The hydrological process simulated
by SWAT was derived from the water balance equation [16] (Equation (1)):

SWt = SWo + ∑t
i=1

(
Rday − Qsur f − Ea − Wseep − Qgw

)
(1)

where SWt is the soil water (SW) content after the time step per day (mm), SWo is  the
initial soil and water content per day (mm), Rday is  the amount of precipitation per day
(mm), Qsurf is the amount of SURQ (mm), Ea is the amount of ET per day (mm), Wseep is
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the amount of water entering the vadose zone from the soil profile per day (mm), and Qgw
is the amount of return flow as drainage to the surface water (mm).

3.1.1. Data Input and Processing

To ensure the accuracy and reliability of the SWAT‑QLS model, the input data must
be collected and thoroughly preprocessed, followed by special processing.

DEM data and the canal system distribution map: Owing to the absence of natural
water systems in the area, the main canals and drainage ditches were selected as the water
systems. Initially, theDEMdatawere reclassified, and the “burn in” algorithmwas used to
generate water systems and sub‑basins. Subsequently, we used the “elevation increment
overlay algorithm” to process the DEM data [17]. Finally, we manually adjusted the areas
that did not conform to reality and introduced them to the SWAT model using a “pre‑
defined” method [18]. The simulated effect of the processed canal system surpassed that
of the automatically generated water system.

Irrigation data: Land use data were categorized into paddy and dry fields, where
rice and corn were cultivated in paddy and dry fields, respectively, as default choices. Be‑
cause of the joint irrigation of wells and canals in the study area, the slope threshold was
calculated based on the ratio of surface and groundwater irrigation over the years, which
was found to be 7:3 [19]. Notably, the slope of the SWAT was expressed as a percentage.
The final regulation stipulated that all paddy fields < 7.815 were irrigated on the surface,
whereas those > 7.815 were irrigated using groundwater.

Evapotranspiration (ET) data: Because of the lack of hydrological stations in the irri‑
gation area, evaporation data could not be calibrated with runoff. Based on research on
irrigation areas both domestically and internationally, MOD16 data have demonstrated
strong performance in simulating actual evapotranspiration in China. Therefore, MOD16
data were used for calibration and validation in the study area [20]. After downloading
the MOD16 global ET dataset, we used the MODIS Product Batch Processing Tool (MRT)
to concatenate the HDF format data and convert them into TIF format. The ET data for
the study area were obtained by eliminating invalid values, restoring the true values, and
cropping the data. Themonthly ET data were obtained usingweighted averages [21]. Typ‑
ical sub‑basins in the southern, central, and northern regions at the sub‑basin scale were
selected for zoning statistics and collectingmonthly average ET data for sub‑basins 21, 118,
and 84 from 1982 to 2017.

Based on the characteristics of the hydrological cycle in the Qinglongshan Irrigation
Area and previous studies [22–24], 30 key factors influencing processes such as infiltra‑
tion, soil water storage, and groundwater recharge were selected for sensitivity analysis
using the SWAT‑CUP’s SUFI‑2 method. These factors include soil saturated bulk density
(SOL_BD.sol), which affects the soil’swater retention capacity andwater conductivity char‑
acteristics, and the availablewater capacity (SOL_AWC.sol), which directly determines the
amount of water in the soil available for plant use and involved in the hydrological cycle.
Additionally, the vegetation compensation factor (EPCO.hru) reflects the vegetation’s abil‑
ity to regulate water absorption and consumption processes. The t‑statistic represented
the sensitivity range, whereas the p‑value reflected the importance of the sensitivity. A pa‑
rameter was only considered sensitive when the t‑statistic had a large absolute value and
a low p‑value (p < 0.05) [25]. Finally, 15 parameters that are sensitive to evapotranspira‑
tion simulation were selected from the 30 parameters for calibration (Table 2) to assess the
reliability of the SWAT‑QLS model.
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Table 2. Parameter sensitivities and ranges.

Parameter Meaning of the Parameter t‑Stat p‑Value
Parameter Range

Minimum Maximum
r__SOL_BD.sol Soil saturation density (g/cm) −10.26 0.00 −0.66 −0.19

r__SOL_AWC.sol Effective water capacity of soil layer
(mm/mm) −0.22 0.82 0.34 1.17

r__SOL_K.sol Soil saturated hydraulic conductivity (m/ch) 0.29 0.77 0.42 1.64

v__GWQMN.gw Threshold depth for shallow aquifers to
produce “base flow” (mm) −0.60 0.55 927 2784

r__SOL_ALB.sol Moist soil albedo 0.00 1.00 −0.37 0.03
v__CANMX.hru Maximum canopy cut‑off (mm) −26.74 0.00 62 100

v__GW_REVAP.gw Shallow groundwater re‑evaporation
coefficient 1.99 0.05 0.05 0.12

v__REVAPMN.gw
Threshold depth (mm) at which a shallow
aquifer “re‑evaporates” or penetrates into a

deep aquifer
−0.12 0.90 129 389

v__ESCO.bsn Soil evaporation compensation coefficient −25.00 0.00 0.51 0.84
v__EPCO.hru Plants absorb compensating factors 0.13 0.90 0.07 0.3

r__CN2.mgt Number of initial SCS runoff curves under
wetting condition II −3.25 0.00 −0.31 0.21

v__SURLAG.bsn Hysteresis coefficient of surface runoff −0.37 0.71 0.05 8.97
v__GW_DELAY.gw Groundwater delay time (d) 0.06 0.95 25 37
v__OV_N.hru Diffuse n value of Ningpo surface −0.95 0.34 16.19 27.68

v__ALPHA_BF.gw Baseflow alpha factor (d) −1.82 0.07 0.24 0.73

3.1.2. Model Calibration and Validation

The Sequential Uncertainty Fitting Version 2 (SUFI‑2) algorithm was used for model
calibration. The performance of the model was evaluated using statistical indicators such
as the Nash–Sutcliffe efficiency coefficient (NSE), coefficient of determination (R2), and
relative bias (PBIAS). R2 quantified the consistency between the simulated and measured
values, NSE evaluated the degree of fit between the simulated and observed values, and
PBIAS assessed the deviation between the simulated and observed values. The applicabil‑
ity of the model was considered good when R2 > 0.5, NSE > 0.5, and PBIAS < 20% [26]. The
equations for parameters (2), (3), and (4) were as follows:

NSE = 1 − ∑n
i=1(Oi − Si)

2

∑n
i=1 (Oi − O)

2 (2)

R2 =
∑n

i=1 [(Oi − O)(Si − S)]2

∑n
i=1 (Oi − O)

2
∑n

i=1 (Si − S)2 (3)

PBIAS =
∑n

i=1(Oi − Si)

∑n
i=1 Oi

× 100% (4)

where Oi is the observed value, Si is the simulated value, O is the average of the observed
values, and n is the number of data points.

3.2. Land Use Prediction

The PLUS model is a cellular automaton (CA) model that utilizes raster data to sim‑
ulate land use/land cover (LULC) changes at the patch scale [27]. Based on LULC data
from 2015 to 2020, calculating the transition probabilities among various LULC types re‑
sults in a transition probability matrix. This study collected population density, elevation,
annual precipitation, annual average temperature, annual evapotranspiration, and GDP
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raster data for the study area in 2020, along with road distribution and hydrological net‑
workmaps as driving factors for land use prediction, and generated a suitabilitymap. This
atlas was used to simulate land uses in 2020 and compare these with the actual land uses in
2020 to determine the simulation accuracy. Provided that the simulation accuracy met the
requirements, the 2050 LULC image was obtained by setting a five‑year cycle in the CA
Markov model, starting from 2020, in conjunction with the LULC transition probability
matrix and suitability atlas.

The simulation accuracy was determined using the kappa coefficient (K), and its cal‑
culation formula was as follows (5):

k =
po − pc

pp − pc
(5)

where Po is the proportion of correct simulations, Pc is the correct prediction ratio under
random conditions, and Pp is the proportion of correct predictions under ideal conditions
(typically, Pp = 1). When the K‑value > 0.80, the simulation accuracy and credibility were
considered high [28].

3.3. Future Climate Simulation and Prediction

This study used a coupled model to compare the mmEs of six GCMs in the sixth
phase of the CMIP6 project. In addition, it predicted and evaluated future climate change
in the QLS in three carbon emission scenarios: SSP1‑2.6, SSP2‑4.5, and SSP5‑8.5. We em‑
ployed CMhyd 1.02 software (http://gfbfhfba532e28ed944bfsk690kvc0uo966vxv.fgac.hlju.
cwkeji.cn/software/cmhyd/, accessed on 27 October 2024) to extract and downscale the
model data to match the actual locations of the meteorological stations. This tool com‑
prises eight bias‑correction methods suitable for the simulation results, including linear
scaling, delta variation, local intensity scale, power transformation, variance scale, and
distribution mapping. Ref. [29] showed that, among the five bias‑correction algorithms
tested, distribution/quantile mapping performed the best. Therefore, this study used dis‑
tribution mapping for correction. The specific formula can be observed in the attachment
(Formulas S1–S4).

4. Results
4.1. Model Calibration and Validation Results

The calibration of hydrological models is crucial for determining the optimal model
parameter values that yield the best hydrological results [30]. In this study, we calibrated
(1982–2009) and validated (2009–2017) the ET data from subbasins 21, 118, and 84 using
zonal statistics. The process was initiated with a sensitivity analysis to identify 15 key
sensitive parameters that affected the calibration and validation outputs (Table 2). Prior
to automatic calibration, these parameters were manually adjusted through iterative pro‑
cesses to verify that they fell within a satisfactory range. The parameter range used for the
model sensitivity analysis (including minimum, maximum, and fitted values) conformed
to the recommendations of the SWAT user manual and was based on other relevant stud‑
ies [31,32].

Figure 3 shows the comparison results between the actual ET using remote sens‑
ing and simulated actual ET of typical sub‑basins (ET‑21, ET‑118, and ET‑84) within the
southern, central, and northern regions during the calibration (1982–2009) and valida‑
tion (2010–2017) periods. The observed results indicate good consistency between the
simulated and observed values during the calibration and validation periods (Figure 3b).
Figure 3a presents the statistical values of the SWAT‑QLSmodel. During the calibration pe‑
riod, the following rangeswere observed: KGE (0.81–0.86), NSE (0.82–0.89), RSR (0.83–0.89),

http://gfbfhfba532e28ed944bfsk690kvc0uo966vxv.fgac.hlju.cwkeji.cn/software/cmhyd/
http://gfbfhfba532e28ed944bfsk690kvc0uo966vxv.fgac.hlju.cwkeji.cn/software/cmhyd/
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and PBIAS (0.30–2.1%). During the validation period, the following ranges were observed:
KGE (0.73–0.81), NSE (0.85–0.87), RSR (0.87–0.90), and PBIAS (8.2–10%). The results indi‑
cate that the SWAT‑QLS model meets the accuracy requirements and is suitable for use in
this QLS [33,34].
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4.2. Historical Change Analysis: Impacts of Climate and Land Use (LULC) from 1980 to 2020
4.2.1. Historical Climate and Land Use Changes

Figure 4 shows the LULC changes in the QLS for 2000, 2010, and 2020, as well as the
predicted LULC changes in 2050. It presents the proportional changes in different LULC
types in various years using bar and line charts. The main function of the research area is
grain production, with arable land (including paddy and dry fields) accounting for over
70% of the total area. Over the past two decades, significant land use changes have oc‑
curred in the Qinglongshan Irrigation Area, with the most prominent being the expansion
of paddy fields. From 2000 to 2010, the area of paddy fields rapidly increased from 5.31%
of the total area (corresponding to a specific area) to 42.68% (an increase of 1527 km2),
primarily at the expense of drylands (decreasing by 1264 km2), wetlands (decreasing by
175.65 km2), and some forested areas. By 2020, the proportion of paddy fields further in‑
creased to 47.34%, with a total area expansion of 1718 km2. This transformation has had
a significant impact on the regional hydrological cycle. The increase in paddy field area
was primarily concentrated in the central part of the irrigation area, which was close to the
main canal.
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Figure 5 provides the transitionmatrix of LULC changes in the QLS from 2000 to 2020
based on cross‑LULC classification vector data from 2000, 2010, and 2020. The results show
that, from 2000 to 2010, the area of rice cultivation increased significantly, with a total in‑
crease of 1527 km2. This was mainly due to the transformation of dry fields, wetlands, and
forests. Among them, the dry land area decreased by 1264 km2, mainly being transformed
into paddy fields. Similarly, wetlands decreased by 175.65 km2, mainly being transformed
into paddy fields.

Figure 6a shows the time series annual precipitation trends in the irrigation area,
which were analyzed using linear regression and a five‑year moving average method.
The maximum precipitation in the irrigation area occurred in 1981, peaking at 872.59 mm,
whereas the minimum precipitation occurred in 1986, reaching 311.03 mm. The trend line
indicates that precipitation in the irrigation area decreased at a rate of 0.86 mm/a. Anal‑
ysis of the five‑year moving average curve and cumulative anomaly curve of rainfall in
the irrigation area showed that the annual precipitation in the irrigation area increased for
the following periods: 1980–1985, 1991–1995, 2006–2010, and 2011–2015. Conversely, it
exhibited a downward trend for the following periods: 1986–1990, 1996–2000, 2001–2005,
and 2016–2020. Applying a sliding t‑test for mutation analysis, the UF and UB values in‑
tersected multiple times [35] but did not exceed the critical value, indicating the absence
of significant mutations.
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4.2.2. The Combined Impact of Climate and Land Use on Hydrological Factors

This study used the SWAT‑QLS model to simulate the actual evapotranspiration ET,
soil water SW, soil recharge to groundwater (PERC), surface runoff SURQ, groundwater
runoff (GWQ), and lateral runoff (LATQ) of the QLS at different time periods from 1980
to 2020. The S1 scenario reflects the impacts of changes in climate and LULC conditions,
specifically categorized into three different periods: 1978–2000, 2001–2010, and 2011–2020.

Figure 6b illustrates the changes in various parameters over the past 40 years. ET
increased from 383.85 mm at 00s to 475.38 mm at 20s; SW increased from 104.00 mm to
208.28mm; PERC increased from 95.26mm to 145.92mm; SURQdecreased from 84.55mm
to 28.61 mm; GWQ increased from 71.27 mm to 93.13 mm; and LATQ increased from
1.98 mm to 2.77 mm. The change in SW content was the greatest, increasing by 100%.
This was followed by the change in SURQ, which decreased by 66%. The strategy of “rice‑
based waterlogging control” was prominent between 1980 and 2020, resulting in a signifi‑
cant decrease in surface runoff. However, as the amount of irrigation water increased, the
available water in the irrigation area and all other hydrological factors increased. Notably,
the average annual GWQ decreased by 15 mm from 00 to 10s. This indicated that a signif‑
icant increase in paddy field area could lead to insufficient groundwater recharge and a
decrease in groundwater level.

4.2.3. The Isolated Impact of Land Use on Changes in Hydrological Elements

The S2 scenario involved simulating the entire period from 1980 to 2020, considering
different LULC conditions in 2000, 2010, and 2020, without irrigation treatment of paddy
fields, to investigate the impact of LULC on hydrological factors. As shown in Figure 7a,
LULC2010 reduced all water‑related parameters compared to LULC2000, with a slight de‑
crease in ET, SW, and LATQ (approximately 0.36 mm), and more significant reductions in
PERC, SURQ, and GWQ (ranging from 2.64 to 9.51 mm). Similarly, LULC2020 led to fur‑
ther reductions in these parameters, with decreases in ET, SW, PERC, SURQ, GWQ, and
LATQ ranging from 0.34 mm to 9.77 mm compared to LULC2000. The results show a neg‑
ative correlation between the expansion of paddy fields and reductions in dry fields and
wetlands, leading to seepage and LATQ decreases in the region. Overall, the comprehen‑
sive changes in hydrological factors were relatively minor, and climate change and human
activities (especially irrigation and water intake) played dominant roles in the changes in
hydrological factors in the QLS. However, LULC change cannot be ignored because it can
cause small changes in the model output [36].

To further investigate the impact of LULC change on hydrological factors, irrigation
treatment was added to the S2 scenario to analyze the correlation between the proportions
of paddy field area in sub‑basins and various hydrological factors [37]. R2 values were
used to evaluate the strength of the linear correlations between the hydrological factors
and the proportions of paddy field areas. As shown in Figure 7b, under the condition
of α = 0.05, a strong correlation existed between PERC and the proportion of paddy field
area under three different land use conditions. R2 values ranged from 0.72 to 0.92. Un‑
der the LULC2010 and LULC2020 conditions, where the paddy field areas were relatively
large, ET was correlated with the paddy field area, with R2 values ranging from 0.65 to
0.73. However, GWQ and SURQ only exhibited correlations under LULC2020 conditions,
with R2 values of 0.62 and 0.77, respectively. The correlations between SW and LATQ and
the proportion of paddy field area were weak in each case. Previous research has shown
that, as the area of paddy fields and irrigation water increases, the correlation between the
proportion of paddy field areas and various hydrological factors strengthens. The analysis
shows that, as LULC conditions changed, the slope of the univariate regression equation
between hydrological factors and the proportion of paddy field area gradually increased,
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with PERC exhibiting the highest slope at 204.22. GWQ showed the second‑highest slope
at 100.14, and the SURQ slope was the lowest. In addition, under the LULC2000 condi‑
tions, SURQ was negatively correlated with the proportion of paddy field area, indicating
that changes in LULC could decrease SURQ in the region when the paddy field area was
small and irrigation water was limited.
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This study also found that the trend of hydrological elements in the sub‑basins with
changes in land use (S2) differed from the trend of changes in the entire region (S1). This
wasmainly due to the addition of irrigationwater, indicating that human activities (mainly
irrigation) greatly affect hydrological variables in irrigation areas [38].

4.2.4. The Isolated Impact of Climate Changes on Hydrological Elements

In the S3 scenario, this study analyzed the impact of climate change (primarily pre‑
cipitation) on hydrological elements. Using the SWAT‑QLS model and LULC2000 as the
baseline period for LULC conditions, eight five‑year overlapping windows from 1980 to
2020 were simulated to investigate the impact of climate change on hydrological factors.
Figure 8a displays the five‑year sliding curves of SW, PERC, GWQ, SURQ, and LATQ val‑
ues with precipitation. These curves exhibited similar fluctuation frequencies and gener‑
ally decreased with decreasing precipitation. The ET values showed an opposite trend to
the change in precipitation. Overall, they decreased with increased precipitation.
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According to the statistics, compared to 1980–2000, the average annual precipitation
from 2011 to 2020 decreased by 42.28 mm, ET increased by 5.58 mm, SW decreased by
7.90 mm, PERC decreased by 27.41 mm, SURQ decreased by 15.04 mm, GWQ decreased
by 26.49 mm, and LATQ decreased by 0.25 mm. The trends of the changes in ET and
SURQ were similar to those of the S1 scenario; however, the magnitude of the changes
was relatively small. In contrast, the changing trends of SW, PERC, GWQ, and LATQwere
completely opposite to those in the S1 scenario, indicating that other influencing factors
existed in addition to climate variables influencing the changes in hydrological elements.

To further explore the impact of precipitation on hydrological elements, this study
analyzed the correlation between precipitation and hydrological elements in the S2 sce‑
nario (Figure 8b). The results show that PERC, GWQ, SURQ, and LATQ exhibited positive
correlations under the LULC2000 and LULC2010 conditions, with correlation coefficients
of 0.89–0.92, 0.61–0.85, 0.54–0.83, and 0.95–0.96, respectively. The correlations between ET
and SW and precipitation were not statistically significant. Under the LULC conditions
in 2000, for every 1 mm increase in precipitation, PERC increased by 0.51 mm, GWQ in‑
creased by 0.41 mm, SURQ increased by 0.31 mm, and LATQ increased by 0.01 mm [24].

Previous research has shown that, as human activities, such as LULC change and
irrigation, increase, the correlation between hydrological elements and precipitation grad‑
ually weakens. When analyzing hydrological elements with correlation, the slope of the
univariate regression equation between hydrological elements and precipitation changed
under different LULC conditions. The slopes of PERC and LATQ gradually increased,
whereas the slopes of GWQ and SURQ became flatter. This indicates that, with the inter‑
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vention of human activities, the response of hydrological elements to climate change may
change [39].

4.2.5. Unveiling the Contributions of Climate and Land Use to Changes in Hydrological
Factors

Based on the simulated values of ET, SW, PERC, GWQ, SURQ, and LATQ from dif‑
ferent time periods (1978–2000, 2001–2010, and 2011–2020) simulated by S1–3, this study
quantitatively analyzed the impact of climate and LULC changes on hydrological elements.
The results are presented in Tables 3 and 4.

Table 3. Impacts of climate change and land use changes on hydrological factors from 2001 to 2010.

Hydrological Elements ET SW PERC SURQ GWQ LATQ

S1 simulated
values (mm)

1980–2000 383.85 104.00 95.26 84.55 71.26 1.99
2001–2010 445.32 202.42 120.26 31.52 55.65 2.45
change 61.47 98.43 25.00 −53.02 −15.61 0.46

Climate change Impact value (mm) −10.73 −9.27 −37.89 −14.67 −35.79 −0.36
Degree of impact (%) −17.45% −9.42% −151.57% 27.66% 229.21% −78.03%

Land use change Impact value (mm) −3.75 −0.77 −6.20 −2.51 −1.76 −0.09
Degree of impact (%) −6.09% −0.78% −24.79% 4.73% 11.28% −19.60%

Irrigation waters
use change

Impact value (mm) 75.95 108.47 69.09 −35.85 21.94 0.91
Degree of impact (%) 123.55% 110.20% 276.36% 67.61% −140.49% 197.62%

Table 4. Impact of climate and land use changes on hydrological factors from 2011 to 2020.

Hydrological Elements ET SW PERC SURQ GWQ LATQ

S1 simulated
values (mm)

1980–2000 383.85 104.00 95.26 84.55 71.26 1.99
2011–2020 475.38 208.28 145.92 28.61 93.13 2.77
Change 91.53 104.28 50.66 −55.94 21.86 0.79

Climate change Impact value (mm) 5.58 −7.90 −27.41 −15.04 −26.49 −0.25
Degree of impact (%) 6.10% −7.58% −54.11% 26.90% −121.17% −31.66%

Land use change Impact value (mm) −2.00 3.79 5.88 1.64 5.66 0.13
Degree of impact (%) −2.19% 3.63% 11.61% −2.93% 25.89% 16.86%

Irrigation waters
use change

Impact value (mm) 87.95 108.40 72.19 −42.53 42.70 0.90
Degree of impact (%) 96.09% 103.95% 142.50% 76.03% 195.28% 114.80%

According to Table 3, compared with the baseline period, the changes in climate from
2001 to 2010were contributed byET, SW, PERC,GWQ, SURQ, andLATQ,which accounted
for −17.45%, −9.42%, −151.57%, 27.66%, 229.21%, and −78.03%, respectively. The contri‑
butions of LULC changeswere−6.09%,−0.78%,−24.79%, 4.73%, 11.28%, and−19.60%, re‑
spectively. The contributions of changes in irrigationwater volumewere 123.55%, 110.20%,
276.36%, 67.61%, −140.49%, and 197.62%, respectively. As shown in Table 4, compared
with the baseline period, the changes in precipitation from 2011 to 2020 contributed 6.10%,
−7.58%,−54.11%, 26.90%,−121.17%, and−31.66% to the changes in ET, SW, PERC, GWQ,
SURQ, and LATQ, respectively. The contributions of LULC changes were −2.19%, 3.63%,
11.61%, −2.93%, 25.89%, and 16.86%, respectively. The contributions of changes in irriga‑
tion water volume were 96.09%, 103.95%, 142.50%, 76.03%, 195.28%, and 114.80%, respec‑
tively. Overall, changes in irrigationwater volume had the greatest impact on hydrological
factors, followed by climate change andLULC conditions. Notably, changes in climate also
played an important role in impacting the GWQ [40].
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4.3. Future Forecast: Dynamic Changes in Hydrological Elements from 2021 to 2050
4.3.1. Future Climate and Land Use Change

This study used CMhyd to extract and downscale the CMIP6 data and performed
bias correction on the original precipitation, maximum temperature (Tmax), and mini‑
mum temperature (Tmin). The observation results and graphical comparisons are shown
in Figures S1–S3, which indicate good consistency between the observed precipitation and
deviation‑corrected precipitation, Tmax, and Tmin.

Figures S4–S6 display the annual precipitation, annual average maximum temper‑
ature, and annual average minimum temperature trends in the SSP1‑2.6, SSP2‑4.5, and
SSP5‑8.5 scenarios (2021–2050) from 1978 to 2020 and into the future. Overall, future pre‑
cipitation is expected to increase but remain lower than the average from 1978 to 2020.
Simultaneously, the temperature generally increased during the day and night, especially
in the SSP5‑8.5 scenario, where temperature and precipitation changes were the most sig‑
nificant [41].

The PLUS model was used to simulate the land use classification map of the study
area in 2050 based on the driving factors in 2020 (Figure 4d). The K value of the model was
0.88, indicating high accuracy. The results indicate that, by 2050, the areas of paddy fields,
dry fields, and wetlands would reach 47.86%, 33.53%, and 11.47%, respectively.

4.3.2. Annual Changes in Future Hydrological Elements

Using the downscaled CMIP6 data and the predicted 2050 land use data of QLS, the
SWAT‑QLS model is driven to simulate the annual average values of various hydrological
elements in the irrigation district from 2021 to 2050 (see Figure S7). The results indicate
that, in the SSP1‑2.6, SSP2‑4.5, and SSP5‑8.5 scenarios, all hydrological elements exhibited
the same trend of change as precipitation, and the simulated value of the SSP5‑8.5 scenario
was greater than that of the SSP2‑4.5 scenario. The simulated value of the SSP2‑4.5 scenario,
in turn, was greater than that of the SSP1‑2.6 scenario [42]. In addition, the peak values of
various hydrological elements in the SSP5‑8.5 scenario were observed in 2033, whereas in
the SSP1‑2.6 and SSP2‑4.5 scenarios, the peak values were observed in 2035.

Figure 9b shows that, in different future scenarios, the hydrological elements increase
with increased precipitation. From 2021 to 2050, the projected changes in water‑related
parameters under the SSP1‑2.6 scenario show a significant decrease in precipitation, ET,
SW, and PERC, with values ranging from −53.30 mm to −53.67 mm, while groundwater
runoff (GWQ) showed a slight increase of 4.91 mm. In the SSP2‑4.5 scenario, precipitation,
ET, SW, and PERC also decreased, with changes ranging from −11.15 mm to −30.98 mm,
while GWQ increased by 22.31 mm. Under the SSP5‑8.5 scenario, precipitation and ET are
projected to increase (by 30.60mm and 5.97mm, respectively), while other parameters like
SW, PERC, SURQ, and LATQ show varying decreases, with GWQ experiencing a notable
increase of 35.75 mm. The results indicate that, in different future scenarios, actual ET
and SURQ would increase, whereas seepage and GWQ would decrease. This indicates
that the available surface water volume in the future research area will increase, but the
contribution and available water volume of groundwater may decrease. This may become
an important issue in water resourcemanagement [23]. Therefore, reasonable planning for
the allocation of surface and groundwater during the rice irrigation period is an important
issue that urgently needs to be addressed in the research area.
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4.3.3. Monthly Changes in Future Hydrological Element

Figure 9a displays the monthly average values of hydrological elements from 2021
to 2050 and their changes in the present. In the SSP1‑2.6 scenario, the monthly average
values of ET, SW, PERC, GWQ, SURQ, and LATQ were 39.37, 179.10, 7.69, 2.79, 3.65, and
0.19 mm, respectively. In the SSP2‑4.5 scenario, the monthly average values of ET, SW,
PERC, GWQ, SURQ, and LATQ were 39.51, 183.95, 9.58, 4.24, 5.18, and 0.21 mm, respec‑
tively. In the SSP5‑8.5 scenario, themonthly average values of ET, SW, PERC,GWQ, SURQ,
and LATQ were 40.11, 187.33, 11.41, 5.36, 6.98, and 0.23 mm, respectively. The values and
changes in ET, PERC, SURQ, and LATQ were mainly concentrated during the rice growth
period (May–September). Notably, SURQ showed an opposite trend to the other hydro‑
logical factors in terms of annual changes. This was primarily because irrigation water
infiltrated into groundwater to replenish soil water under certain conditions, resulting in
less significant changes from May to September [43]. Overall, the hydrological element
values of the SSP5‑8.5 scenario were greater than those of the SSP2‑4.5 scenario, which, in
turn, were greater than those of the SSP1‑2.6 scenario.

Figure 10 shows the spatial variations of ET and SURQ at the sub‑basin scale under
future climate and LULC conditions, while GWQ, SW, PERC, and LATQ are presented in
the Supplementary Materials as Figures S8 and S9, respectively. As shown in the figure,
the changes in the central part of the irrigation area were more significant than those in
other regions. Specifically, actual ET, SURQ, and LATQ were all positive, whereas SW
content and infiltration runoff had negative values. This indicated that the surface water
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volume in the central part of the irrigation area increased significantly, whereas the ground‑
water recharge decreased, exacerbating the imbalance between surface water and ground‑
water. In addition, the changes were more significant in the SSP5‑8.5 scenario. Therefore,
increased attention should be paid to the allocation of water resources in the central region
of the irrigation area to achieve a reasonable allocation of surface and groundwater while
meeting irrigation needs [22].
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5. Discussion
This study employs the SWAT‑QLS model to analyze the combined effects of climate

change and land use changes on the hydrological elements of the Qinglongshan Irrigation
Area. From1980 to 2020, the region experienced significant landuse changes, particularly a
substantial expansion of rice paddy fields, primarily driven by the “Dryland to Paddy” pol‑
icy. Concurrently, precipitation levels showed a gradual decline. Together, these factors
led to changes in hydrological elements, with actual evapotranspiration (ET) significantly
increasing, mainly due to the expansion of paddy fields and rising temperatures [44]. Soil
water (SW) content also increased, partly due to higher irrigation water volumes and the
water retention capacity of rice paddies [45]. However, surface runoff (SURQ) gradually
decreased as the expansion of paddy fields altered surface properties, enhancing both in‑
filtration and evaporation [46]. Groundwater runoff (GWQ) was influenced by multiple
factors, including precipitation infiltration and irrigation return flow [47].

Although the SWAT‑QLS model proved effective in simulating hydrological pro‑
cesses, it still has uncertainties and limitations. The accuracy of meteorological data ac‑
quisition and processing is constrained by the distribution of weather stations, which may
lead to data discrepancies in certain areas [48]. The relatively low resolution of land use
datamay fail to capture small‑scale changes, thus affecting simulation accuracy [49]. Addi‑
tionally, the accuracy and representativeness of soil data may pose issues [50]. The model
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simplifies the simulation of physical processes, which may not fully reflect real‑world con‑
ditions, leading to prediction biases. The future climate scenarios used in this study also
carry inherent uncertainties [51].

The findings from this research provide crucial guidance for water resource manage‑
ment in the Qinglongshan Irrigation Area. As global warming continues, actual ET may
further increase, leading to higher agricultural water demands, while precipitation may
continue to decline, exacerbating the supply–demand imbalance of water resources [52].
Therefore, it is essential to develop rational water resource management strategies, pro‑
mote efficient water‑saving irrigation technologies, and optimize irrigation practices to
prevent over‑irrigation. Furthermore, land use planning should comprehensively consider
hydrological processes and protect groundwater recharge zones and vital ecological areas.
Strengtheningwater resourcemonitoring and timely adjustingmanagement strategieswill
ensure the sustainable use of water resources and provide robust support for the sustain‑
able development of the irrigation area.

6. Conclusions
In this study, we constructed a SWAT‑QLS model, specifically designed for the Qing‑

longshan IrrigationDistrict. A SWATmodelwas used as the foundation for the SWAT‑QLS
model. The impacts of climate and LULC change on hydrological elements from 1980 to
2020 in the QLS were investigated. Moreover, future changes in various hydrological ele‑
ments from 2021 to 2050 were predicted. The following conclusions were drawn:

1. ET simulated by the SWAT‑QLSmodelwas consistentwith the remote sensing data of
MOD16A2 in various scenarios. The evaluation function (KGE) and statistical perfor‑
mance indicators (NSE, RSR, and PBIAS)met the simulation evaluation requirements
for the different periods.

2. The QLS experienced a significant increase in the paddy field area and a gradual
decrease in precipitation from 1980 to 2020. With a significant increase in ET and a
gradual decrease in SURQ, changes in hydrological factors are primarily influenced
by irrigation andwater intake, followed by climatic conditions, and lastly by land use
changes.

3. In natural development scenarios, the region (especially the central part of the QLS)
could face an increase in actual ET and agricultural water demand due to global
warming in the future. However, seepage and groundwater contribution would de‑
crease, resulting in a reduction in groundwater level. Reasonable allocation of surface
water and groundwater for irrigation while simultaneously ensuring agricultural de‑
velopment and protecting water resources was the need of the hour and required
immediate attention.

Supplementary Materials: The following supporting information can be downloaded at:
https://www.mdpi.com/article/10.3390/su17010239/s1, Figure S1: Comparison of observed precipi‑
tation values, raw values, and downscaled deviation values at each station; Figure S2: Comparison
of observed maximum temperature values, raw values, and downscaled deviation values at each
station; Figure S3: Comparison of observed minimum temperature values, raw values, and down‑
scaled deviation values at each station; Figure S4: Annual average precipitation for different scenar‑
ios (SSP1‑2.6, SSP2‑4.5, SSP5‑8.5) at each station; Figure S5: Annual average maximum temperature
under different scenarios (SSP1‑2.6, SSP2‑4.5, SSP5‑8.5) at each station; Figure S6: Annual average
minimum temperature for different scenarios (SSP1‑2.6, SSP2‑4.5, SSP5‑8.5) at each station; Figure S7:
Annual average values of various hydrological elements under different scenarios from 2021 to 2050.
Figure S8: The spatial changes in GWQ and SW under different scenarios in the future. Figure S9:
The spatial changes in PERC and LATQ under different scenarios in the future.
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