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Abstract

Understanding how land change affects water yield is essential for sustainable land man-
agement and water security. However, previous studies often rely on a single model or
spatial scale, limiting their ability to capture fine-scale land-surface heterogeneity and ba-
sin-integrated hydrological processes; consequently, cross-scale consistency in water-
yield patterns and drivers remains unresolved. This study developed a dual-spatial-scale
framework for the Upper Yangtze River Basin. The Patch-generating Land-Use Simulation
(PLUS) model projected land patterns for 2030, the Integrated Valuation of Ecosystem Ser-
vices and Tradeoffs Annual Water Yield (InVEST-AWY) model mapped grid-scale water
yield, the Soil and Water Assessment Tool (SWAT) model simulated sub-basin hydrolog-
ical responses, and Geodetector identified dominant drivers. Their integration links local
land transitions with basin-scale hydrological consequences under consistent scenarios,
thereby overcoming the limitations of single-model assessments. Results showed that
high water-yield areas were concentrated in the eastern and central basin, while the two
scales exhibited similar spatial patterns but locally different magnitudes and trends. Built-
up land under urban development was 7.96% greater than under ecological protection.
Climatic variability increased runoff by 2115.33 m3/s under ecological protection, while
precipitation dominated water-yield variation, with explanatory powers of 0.81 and 0.67
at the grid and sub-basin scales, respectively. These findings advance understanding of
scale-dependent responses and support land optimization and watershed planning.

Keywords: SWAT model; INVEST-AWY model; PLUS model; multi-scenario simulation;
water yield services

1. Introduction

Water resources are fundamental to human well-being, socioeconomic development,
and ecosystem stability. Since the twentieth century, climate change has substantially al-
tered the global water cycle and increased the frequency and intensity of hydrological
extremes, including floods and droughts [1,2]. At the same time, urbanization, agricul-
tural expansion, and ecological restoration have continuously reshaped land-use and
land-cover (LULC) patterns,

thereby modifying precipitation interception,
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evapotranspiration, soil infiltration, groundwater recharge, and surface runoff [3]. Water-
yield services reflect the capacity of terrestrial ecosystems to regulate and supply water
through these interconnected hydrological processes and constitute an important compo-
nent of watershed ecosystem services [4,5]. Their stability is closely related to ecosystem
resilience [6] and supports agricultural irrigation, hydropower generation, fisheries, tour-
ism, and regional water security [7]. However, the combined effects of climate variability
and intensive human activities have increased the mismatch between water supply and
demand and intensified the spatial heterogeneity of water availability [8]. Accurately
identifying the spatiotemporal response of water yield to climate and LULC change is
therefore essential for land-use optimization, ecological conservation, and watershed wa-
ter-resource management.

Water yield assessment has gradually developed from empirical estimation and sta-
tistical analysis toward spatially explicit ecosystem-service evaluation, process-based hy-
drological simulation, and future scenario analysis. Distributed and semi-distributed hy-
drological models can describe runoff generation, evapotranspiration, groundwater pro-
cesses, and channel routing and are widely used to assess the hydrological consequences
of climate and LULC change. The Soil and Water Assessment Tool (SWAT), for example,
provides a physically based representation of the watershed hydrological cycle and is
suitable for evaluating temporal dynamics and integrated responses at the hydrological
response unit and sub-basin scales [9]. The Variable Infiltration Capacity model and the
Hydrological Simulation Program —Fortran model also account for spatial heterogeneity,
although their applications may be constrained by computational demand, parameteriza-
tion, input-data quality, and spatial discretization [10,11]. In parallel, ecosystem-service
models have become increasingly important for mapping the spatial distribution of water-
related services. The Integrated Valuation of Ecosystem Services and Tradeoffs Annual
Water Yield model (InVEST-AWY) estimates annual water yield within a Budyko-based
water-balance framework and can efficiently generate spatially continuous grid-scale re-
sults [12]. However, its annual equilibrium formulation simplifies seasonal hydrological
variability, water storage, groundwater dynamics, and channel routing. In addition, fu-
ture hydrological responses increasingly require spatially explicit projections of LULC
change. Cellular automata models, including the CA-Markov model, the Future Land-
Use Simulation model, and the Patch-generating Land-Use Simulation (PLUS) model,
have been widely used for this purpose [13-16]. By integrating a Land Expansion Analysis
Strategy and a multi-type Random Patch Seeds mechanism, PLUS can identify land-ex-
pansion drivers and reproduce the emergence and evolution of multiple LULC patches
[17,18]. These methodological developments have improved the representation of water-
yield patterns, future land-use trajectories, and their potential hydrological consequences.

The Upper Yangtze River Basin has abundant water resources, complex topography,
pronounced climatic and ecological gradients, and intensive human activities, and it plays
a critical role in regional ecological security and socioeconomic development [19]. Rapid
urban growth, infrastructure construction, agricultural adjustment, and ecological resto-
ration have altered regional LULC patterns and increased the difficulty of coordinating
development with ecosystem conservation [20]. Currently, the research on water yield has
gradually evolved from the application of a single model to model comparison, multi-
model integration, multi-scenario prediction, and assessment at different spatial scales.
Process-based hydrological models are increasingly being combined with ecosystem ser-
vice and land-use simulation models, not only for assessing historical hydrological
changes but also for analyzing the potential impacts of future changing environments. At
the same time, researchers are paying more attention to the differences in model structure,
spatial units, and data requirements, as these differences may affect the judgment of esti-
mates of water yield services [21,22]. With the advancements and integration of remote
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sensing technology, distributed hydrological modeling, ecosystem service assessment,
and land-use simulation, the research on comprehensive assessment of changes in water
yield and its climate and anthropogenic driving factors has been promoted. These studies
have substantially improved the understanding of water-yield dynamics in large and en-
vironmentally heterogeneous river basins. Nevertheless, three limitations remain. First,
many studies rely on a single model or a single spatial unit, which cannot simultaneously
retain fine-scale land-surface heterogeneity and represent basin-integrated hydrological
processes. Second, grid-based and sub-basin-based results are often evaluated separately;
therefore, the consistency of their spatial patterns, change magnitudes, and dominant
drivers remains insufficiently understood. Third, future LULC simulation, water-yield as-
sessment, climate-LUCC attribution, and driver identification are frequently conducted
as separate analytical tasks, limiting the ability to trace how alternative development strat-
egies are translated into land-use transitions, hydrological responses, and spatially differ-
entiated water-yield effects. These shortcomings are particularly important in the Upper
Yangtze River Basin, where strong environmental gradients and rapid land-use transi-
tions may amplify scale-dependent responses.

In view of these issues, this study developed a comprehensive dual-spatial-scale
framework for assessing historical and future water yield changes in the Upper Yangtze
River Basin. The SWAT model is used to simulate hydrological processes and water yield
at the sub-basin scale, while IN'VEST-AWY is applied to map spatially continuous annual
water yield at the grid scale. The PLUS model generates LULC patterns under the urban
development and ecological protection scenarios for 2030, and the projected LULC data
are used as consistent scenario inputs for both water-yield models. A scenario-comparison
method is then employed to separate the effects of climatic variability and LUCC on run-
off, and Geodetector is used to identify the explanatory power and interactions of the
principal natural and socioeconomic drivers at both spatial scales. We hypothesize that
water-yield patterns are broadly consistent across the two spatial scales, whereas their
response magnitudes and dominant drivers vary because of differences in spatial aggre-
gation and hydrological process representation. On this basis, this study aims to: (1) char-
acterize the spatiotemporal evolution of water yield from 2000 to 2020 at the grid and sub-
basin scales; (2) assess water-yield responses under alternative development scenarios in
2030; (3) quantify the relative effects of climate variability and LUCC on watershed runoff;
and (4) identify scale-dependent differences in the dominant controls of water-yield het-
erogeneity. The integrated framework links future LULC scenarios and local water-yield
patterns with basin-scale hydrological responses, providing complementary cross-scale
information for land-use management and water-resource planning in the Upper Yangtze
River Basin.

2. Study Area and Data
2.1. Study Area

The Yangtze River, a vital river in China and globally, supports significant economic,
cultural, and ecological functions, including being a major grain production area [23]. The
basin is governed by a subtropical monsoon climate, with mean annual temperature rang-
ing from approximately 0 to 17 °C from the Tibetan Plateau to the Sichuan Basin, mean
annual precipitation of about 1045 mm, annual actual evapotranspiration of approxi-
mately 450-490 mm, and more than 60% of annual precipitation concentrated in summer,
with July generally being the hottest and wettest month and winter being comparatively
cold and dry [24].

This study focuses on the Upper Yangtze River Basin (Figure 1), covering an area of
1013,809.4 km? and comprising diverse landscapes such as urban, rural, and mountainous
regions. The basin contains both ecologically sensitive headwater and mountainous areas
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and densely populated regions undergoing rapid urbanization and land-use transfor-
mation. Meanwhile, ecological restoration and land-protection policies have increased the
need to balance regional development with the conservation of forests, grasslands, and
water resources. Strong spatial differences in precipitation, topography, vegetation, and
human disturbance also lead to considerable heterogeneity in runoff generation and water
yield, making the basin suitable for examining water-yield responses to LUCC across dif-
ferent spatial scales. The Yichang (YC) hydrological station in the basin is the exit station
of the basin and an important hydrological station in the upper reaches of the Yangtze
River. The progression of urbanization has increasingly disturbed the aquatic ecosystems
in the Upper Yangtze River Basin. Therefore, understanding the spatiotemporal distribu-
tion of water yield in this region is essential for protecting its ecological integrity and sup-
porting sustainable development.
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Figure 1. Location of the study area.

2.2. Data Sources

This study utilized LULC data and driving-factor data, with their sources and spatial
resolutions detailed in Table 1. LULC data for 2000, 2010, and 2020, with a spatial resolu-
tion of 30 m, were obtained from the Resource and Environment Science and Data Center
of the Chinese Academy of Sciences. Slope was treated as a derived topographic variable
and calculated from the Digital Elevation Model (DEM) using the Slope tool in ArcGIS
10.2 rather than being obtained as an independent dataset. Long-term climatic and hydro-
logical data, including daily precipitation, maximum and minimum temperatures, sun-
shine duration, relative humidity, wind speed, and average daily streamflow, were col-
lected from the Yichang Hydrological Station and multiple meteorological stations in the
Upper Yangtze River Basin. The data were obtained from the China Meteorological Ad-
ministration, the Yangtze River Water Resources Commission, the National Meteorologi-
cal Information Center, and the National Tibetan Plateau Data Center [25]. Specifically,
streamflow data were provided by the Yangtze River Water Resources Commission, while
meteorological data were obtained from the China Meteorological Administration.

https://doi.org/10.3390/land 15081393



Land 2026, 15, 1393

5 of 26

Table 1. Description of driver factor data.

Original Reso-

Category Data Year (S) lution Sources
Land dataset LULC 2000, 2010, 2020 30 m https://www.resdc.cn/
DEM 2020 1000 m https://www.resdc.cn/
Temperatures 2020 1000 m https://www .resdc.cn/
Natural environmen- Precipitation 2020 1000 m https://www.resdc.cn/
tal data Soil type distribution 2020 1000 m https://www.resdc.cn/
Distance from river 2020 30m Based 0T1 ArcGIS10.2 Euclidean distance
calculation
Population density 2020 1000 m https://www .resdc.cn/
GDP 2020 1000 m https://www.resdc.cn/
Distance from pri- 2020 30m Based on ArcGIS10.2 Euclidean distance
Socioeconomic data mary road calculation
Distance from second- Based on ArcGIS10.2 Euclidean distance
2020 30m .
ary road calculation
Distance from tertiary 2020 30m Based on ArcGIS10.2 Euclidean distance
road calculation
3. Methodology

3.1. Technical Framework

This study evaluates the spatiotemporal changes in water resources and analyzes the
dynamic patterns of water yield in the Upper Yangtze River Basin by examining the im-
pacts of LULC and climatic factors. Initially, the SWAT model was utilized to simulate the
hydrological cycle within the basin and estimate the spatial distribution of water yield at
the sub-basin scale from 2000 to 2020. Subsequently, the In'VEST-AWY model was em-
ployed to assess the spatial distribution of water yield at the grid scale over the same pe-
riod. The PLUS model predicted LULC in 2030 under two scenarios: Urban Development
(UD) and Ecological Protection (EP). The predicted LULC data were integrated into the
SWAT and InVEST-AWY models to simulate future water yield distributions under the
two LULC scenarios at both grid and sub-basin scales, thereby combining their comple-
mentary capabilities in spatial assessment and hydrological process simulation [21]. Fi-
nally, attribution analysis quantified the impacts of human activities and climate change
on runoff and identified key factors influencing water yield services at both scales using
Geodetector risk and interaction detectors [26]. Figure 2 outlines the detailed technical
workflow of this study.

Sub-basin scale

Sub-basin scale water production
under UD, EP scenario
PLUS LILCund oD Attribution
= and EP scenarios .
model 3 Analysis
in future Grid scale water production under UD,
EP scenario
Analysis of
InVEST- _,  Water balance Water yield from  __| Tz
AWY model quati 2000-2020 (Grid scale) f“f"'j:: o
. duction b;
Grid scale il

Figure 2. Methodological framework.
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3.2. PLUS Model Framework and Implementation

The PLUS model, a CA model, utilizes the Land Expansion Analysis Strategy (LEAS)
framework and the multi-type Random Seed (CARS) mechanism. It identifies driving fac-
tors of land expansion and landscape change through two main modules: a LEAS and a
CARS [27]. In the LEAS module, the PLUS model employs a Random Forest Regression
(RFR) algorithm to derive the development probabilities for each LULC type based on
LULC data from two periods. The RFR algorithm was preferred because it can capture
nonlinear relationships and interactions between multiple driving factors and land expan-
sion while providing the development probability of each LULC type [28]. The PLUS
model employs a decreasing threshold rule for generating patch seeds, progressively con-
straining the growth of LULC patches through an iterative process. Cells with higher
probabilities change first, governed by this threshold. The PLUS model uses the RFR al-
gorithm to establish relationships between LUCC and driving factors, which are then used
to predict development probabilities for each LULC type. In this study, the PLUS model
considered the following natural and social factors for predicting LUCC:

Natural Factors: (1) Elevation (DEM): Digital Elevation Model data representing ter-
rain height and topographic variation; (2) Slope: Slope data calculated from DEM, indi-
cating the steepness of the terrain; (3) Precipitation: Annual precipitation data reflecting
water availability and climatic conditions; (4) Temperature: Annual average temperature
data representing climatic conditions; (5) Soil Type: Soil type data indicating soil charac-
teristics and suitability across different regions; (6) Distance to Rivers: Distance to major
rivers calculated using Euclidean distance in ArcGIS 10.2, representing water source ac-
cessibility.

Social Factors: (1) Population Density: Data on population density within the region,
reflecting the intensity of human activities; (2) GDP: Data on regional Gross Domestic
Product, indicating the intensity of economic activities and development level; (3) Dis-
tance to Major Roads: Distance to major roads calculated using ArcGIS, representing
transportation accessibility and infrastructure development.

The PLUS model uses the Random Forest Regression algorithm to determine the in-
fluence weights of these driving factors on LUCC. These factors are integrated with the
model’s roulette competition mechanism to simulate the spatial distribution and dynam-
ics of LULC types within mixed cells. The performance of the PLUS model is evaluated
using accuracy metrics such as the Kappa coefficient, Overall Accuracy (OA), and Figure
of Merit (FoM) [29].

3.2.1. Performance Evaluation of the PLUS Model in LULC Prediction

LULC data from 2010 and 2015 were used to simulate the LULC in 2020, and the
simulation results were compared with the actual 2020 LULC data to verify the applica-
bility of the PLUS model. As shown in Table 2, the simulated 2020 LULC data achieved a
Kappa coefficient of 0.89 and an Overall Accuracy of 0.92, indicating high simulation ac-
curacy. The Mean Relative Error (MeanRE) of 0.315 and Modified Figure of Merit (McFom)
of 0.390 suggest minimal information loss and accurate predictions of LUCC.

https://doi.org/10.3390/land 15081393
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Table 2. Simulation accuracy of LULC in 2020 based on PLUS model.

Simulated Cover-

Producer’s Accu-

Land Type Actual Coverage age User’s Accuracy racy OA Kappa FOM
Cropland 38.00% 37.74% 0.903 0.903
Forest 48.12% 48.43% 0.941 0.941
Grassland 7.68% 7.32% 0.943 0.942

Water 3.26% 3.20% 0.858 0.856 0.929 0.898 0.180
Construction Land 2.85% 3.01% 0.635 0.636
Unused 0.12% 0.30% 0.961 0.959

Land

3.2.2. Scenario Development for Future LULC Simulation

Based on the LUCC characteristics in the study area from 2010 to 2020 and future
regional development plans, two scenarios were established to simulate future LULC de-
mands: Urban Development (UD) and Ecological Protection (EP).

(1) Urban Development Scenario (UD): In this scenario, the probability of converting
cropland, forest, and grassland to built-up land increases by 50%, while the probability of
converting built-up land to other types (except cropland) decreases by 50% [30]. This sce-
nario reflects intensified LUCC driven by urban expansion, increasing the demand for
built-up land and reducing other LULC types. Rapid urban development may signifi-
cantly reduce cropland and forest areas, decrease ecosystem service functions, and
weaken ecological resilience.

(2) Ecological Protection Scenario (EP): This scenario integrates the “Overall Plan for
the Protection and Restoration of Important Ecosystems in China (2021-2035)” [31] and
considers the study area’s environmental conditions to protect ecosystems and biodiver-
sity. Under this scenario, the probability of converting forest and grassland to built-up
land is reduced by 50%, and the probability of converting cropland to built-up land is
reduced by 30%. Meanwhile, the probability of converting built-up land to forest is in-
creased by 20%, and habitat degradation is strictly prohibited. Water bodies are desig-
nated as constraints to restrict LULC conversions [32]. This scenario emphasizes the pri-
ority of protecting natural ecosystems and biodiversity, aiming to maintain ecosystem
health by reducing land development. This scenario emphasizes prioritizing natural eco-
systems and biodiversity, aiming to limit built-up land expansion, increase forest and
grassland areas, enhance ecosystem service functions, and improve ecological resilience.

Traditional methods for adjusting transition matrices to constrain LUCC at large spa-
tial scales often lead to inaccuracies. Considering the study area’s scale, the Markov-chain
method was applied to adjust transition probabilities between LULC types under the two
scenarios [33]. Table 3 presents the transition probability matrix between different land-
use types under the two scenarios. Each row represents the probability that a specific land-
use type (as indicated by the row) will transition to other types (as indicated by the col-
umns) in the next period.

https://doi.org/10.3390/land 15081393
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Table 3. The development probability of different classes in different scenarios.

a b c d e f
90.22% 4.37% 1.96% 0.42% 3.01% 0.001%
2.72% 94.03% 2.76% 0.16% 0.30% 0.001%
Urban development scenario 1.22% 3.12% 94.85% 0.22% 0.24% 0.004%
3.43% 1.45% 2.82% 90.94% 0.63% 0.007%
11.13% 0.90% 0.51% 0.44% 87.02% 0.001%
0.04% 0.38% 3.08% 0.50% 0.03% 95.98%
91.71% 4.45% 1.99% 0.43% 1.42% 0.01%
2.72% 94.22% 2.76% 0.16% 0.10% 0.04%
Ecological protection scenario 1.22% 3.12% 94.93% 0.22% 0.08% 0.42%
3.43% 1.45% 2.82% 90.97% 0.63% 0.71%
10.88% 2.15% 1.02% 0.87% 85.06% 0.01%
0.03% 0.38% 3.08% 0.50% 0.03% 95.98%

Note: a—f represent Cropland, Forest, Grassland, Water, Construction Land, Unused Land.

3.3. SWAT Model

The Soil and Water Assessment Tool (SWAT) is a physically based semi-distributed
hydrological model. It can simulate hydrological cycles, sediment transport, crop growth,
and the movement and transformation of chemicals (such as nutrients and pesticides) in
a watershed on daily, monthly, or yearly time scales [34]. The SWAT model simulates
watershed runoff using detailed hydrological processes based on physical and empirical
equations, incorporating actual watershed data. This provides a comprehensive tool for
assessing and managing watershed water resources.

3.3.1. SWAT Model Construction

All raster data were projected to WGS_1984_Albers before model construction. The
DEM, projected to WGS_1984_Albers with units in meters, was first imported into the
SWAT model. Additionally, real river network data of the watershed were loaded to assist
the model in generating a more accurate watershed stream network. For watershed delin-
eation in SWAT, a threshold drainage area of 500,000 hectares was selected with reference
to previous SWAT applications in the Upper Yangtze River Basin [35] and to balance spa-
tial detail with computational efficiency, with the Yichang hydrological station designated
as the watershed’s main outlet. Based on this threshold, the study area was divided into
98 sub-basins (Figure 3).

The Hydrological Response Unit (HRU), the fundamental computational unit in
SWAT, is defined by the unique combination of land-use/cover (LULC), soil type, and
slope characteristics. It divides the watershed into homogeneous areas to simulate hydro-
logical processes and capture spatial heterogeneity. LULC data for 2020 were extracted
for the upper Yangtze River basin, projected to WGS5_1984_Albers, and reclassified into
six SWAT categories: cropland, forest, grassland, water bodies, built-up land, and unused
land. Soil data were obtained from the Harmonized World Soil Database (HWSD). Due to
significant topographic variation, slopes were classified into two groups using a threshold
of 10%. By integrating LULC, soil, and slope data, 473 HRUs were generated. To enhance
model efficiency, less influential categories were excluded with an area threshold of 10%.
The selection of these thresholds aims to balance computational efficiency and the full
representation of spatial heterogeneity, and refers to the parameter selection of predeces-
sors in this study area [35]. Although more detailed segmentation can capture more details,
the current setup has been proven to effectively represent key hydrological processes and
generate reliable simulation results at the basin scale.

https://doi.org/10.3390/land 15081393
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The meteorological database was constructed to include data for the weather gener-
ator, precipitation, maximum and minimum temperatures, wind speed, relative humidity,
and solar radiation. The WGEN_CFSR_World model was selected as the weather genera-
tor. Solar radiation was derived from the calculation of sunshine hours, while the other
data were obtained from observed measurements. The meteorological data, spanning
from 1980 to 2019 on a daily scale, were sourced from the China Meteorological Data Ser-
vice Center (http://data.cma.cn). Following data preparation, the SWAT model was run
for the period from 1 January 1980, to 31 December 2019, with 1980-2003 as the calibration
period and 2004-2019 as the validation period. A three-year warm-up period was in-
cluded within this timeframe, and simulations were run on a monthly scale. Simulation
results were input into SWAT-CUP for calibration and validation to improve model accu-

racy.
N

Legend

Stem stream of Yangtze River

Tributaries of Yangtze River

Sub-basin
‘7‘ 0 125 250 500 km
‘:’ Watershed boundary I I TN I I IR S |

Figure 3. Simulated river network and sub-basin division.

3.3.2. Model Calibration and Performance Evaluation of SWAT

Calibration and validation of the SWAT model were performed using the Sequential
Uncertainty Fitting version 2 (SUFI-2) within the SWAT Calibration and Uncertainty Pro-
gram (SWAT-CUP) [36]. Sensitive parameters of the SWAT model were selected based on
relevant literature [37,38] and adjusted to the study area’s specific conditions. The initial
ranges for these parameters were defined based on recommended values from SWAT
documentation and previous studies in similar basins. Through an iterative process of
sensitivity analysis and manual adjustment, the parameters were calibrated by comparing
simulated outputs with observed streamflow data. The calibration and validation of all
parameters listed in Table 4 were conducted using observed monthly streamflow data
from the Yichang hydrological station, a key controlling outlet in the upper mainstream

https://doi.org/10.3390/land 15081393
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of the Yangtze River. The final selected parameters are listed in Table 4. Initial parameter
values were fitted through multiple iterations, with 500 simulations per iteration. After
each iteration, optimal parameter ranges were refined by intersecting ranges from previ-
ous iterations to obtain final parameter values.

The performance of the model was evaluated using the recommended SWAT met-
rics—Nash-Sutcliffe efficiency (NSE), coefficient of determination (R?)—and the calcula-
tion formula used followed [39]. Simulated flow data from the calibration period were
compared with observed runoff data from the Yichang station. Upon achieving satisfac-
tory agreement between simulated and observed values, and meeting evaluation criteria,
the same parameters were applied to the validation period for runoff simulation.

Table 4. Parameter calibration results and sensitivity analysis.

Initial  Optimal Parame-

Input Parameter Parameter Description t-Stat p-Value Range ter Selection

R__CN2.mgt SCS runoff curve number. 7.11 0 -5-5 -0.54
V_ALPHA_BF.gw Baseflow alpha factor. 20.42 0 0-1 0.79

V_GW_DELAY.gw Groundwater delay time. -0.49 0.62 30-450 71.744

V_ GWQMN.gw Thre.shold de.pth of water in the shallow ag- 0.62 0.53 0-500 225,94

uifer required for return flow to occur.
V__ESCO.bsn Soil evaporation compensation factor. 2.28 0.02 0-1 0.311
R__SOL_AWC().sol  Available water capacity of the soil layer. =~ —0.6 0.54 -3-3 2.23
V__HRU_SLP.hru Average slope steepness. 2.52 0.01 0-1 0.38
Threshold depth of water in the shallow aq-
V_REVAPMN.gw uifer for “revap” or percolation to the un-  1.44 0.14 190-579 231.09
saturated zone.

R__SOL_K().sol Saturated hydraulic conductivity. 2.55 0.01 -3-3 2.43
V__CH_N2.rte Manning’s “n” value for the main channel. -1.14 0.25 0-0.3 0.23
R__SOL_Z().sol Depth of soil layer. 0.99 0.32 -0.5-5 0.12
V_GW_REVAP.gw Groundwater “revap” coefficient. 0.04 0.96 0.02-2 1.19
V__CANMXhru Maximum canopy storage. 1.48 0.14 0-100 15.94
R__SOL_ALB().sol Soil albedo. -0.01 0.99 0-0.25 0.001
R__SOL_BD().sol Soil bulk density. 2.56 0.01 -0.5-2.5 0.57

V_ CH K2.rte Effective hydraulic conductivity in the main 550 0 5200 162,58

channel.

V__SURLAG.bsn Surface runoff lag time. -1.8 0.07 0.05-24 21.53
V__TIMP.bsn Snowpack temperature lag factor. -0.25 0.8 0.01-1 0.84
V_SMFMX.bsn Maximum melt rate for snow on 21 June. -1.15 0.24 0-20 17.31
V__SMTMP.bsn Snow melt base temperature. -0.93 0.35 -10-10 8.09
V__BIOMIX.mgt Biological mixing efficiency. 0.05 0.95 0-1 0.94
V__SFTMP.bsn Snowfall temperature. 0.45 0.65 -10-10 1.64

3.3.3. Sub-Basin Water Yield Simulation Based on SWAT Model

The water production volume we selected refers to the net water volume that leaves
the sub-basin and leads to runoff, representing a key parameter of sustainable water re-
source management [20]. After calibrating the SWAT model, the optimal parameters are
reintroduced for further simulation. The water yield (WYLD) (mm) in SWAT is calculated
by Equation (1).

WYLD = SR+ LF +GD—-TL - PA (1)
where SR, LF, GD, TL and PA, respectively, stand for surface runoff (mm), lateral flow
(mm), groundwater discharge (mm), transmission losses (mm) and pond abstractions
(mm)
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3.4. InVEST-AWY Model

The InVEST-AWY model estimates the relative contribution of various landscape
components to annual water yield by considering different LULC types, meteorological
data, topography, and soil characteristics. This provides insights into how changes in
LULC patterns affect annual surface water yield [40]. The model’s input data include av-
erage annual precipitation, average annual reference evapotranspiration, root restricting
layer depth, plant available water content (PAWC), LULC types, watershed and sub-wa-
tershed vectors, biophysical table, Z parameter, among others [41]. The formula provided
for calculating annual water yield using the IN'VEST-AWY model is based on the average
annual precipitation and the Budyko curve, and it is applied to each pixel as follows:

Y - AET,
== T) B @)

where Y represents the annual water yield for pixel x; AET(y is the actual evapotranspi-
ration for pixel x; P is the actual precipitation of pixel x.

The equations provided describe the calculation of vegetation evapotranspiration us-
ing the Budyko framework under equilibrium assumptions for LULC:

1
AiT;x) =1+ PET;x)j _ l:l + (PET(X)/' )a):|w (3)

(x) P(X) P(X)

where PET() represents the potential evapotranspiration for LULC type j on pixel x, w
is related to plant-available water content (AWC), precipitation, and Z parameter, calcu-
lated as:

_Awc,
a)(x) - P )

X

Z 4)

where Z is a dimensionless coefficient reflecting the equilibrium relationship between ef-
fective moisture and expected precipitation, with a value range of 1 to 30, representing
the seasonal characteristics that affect precipitation distribution [42]. The plant-available
water content (AWC) is defined as:

AWC_ =min(soil _depth,root _depth)x PAWC (5)

PAWC =54.509—0.132SSAN — 0.003(SSAN)® — 0.055SSIL
~0.006(SSIL)> —0.738CCLA +0.007(CCLA)? ©)
~2.6880M +0.501(OM)’

where PAWC represents the plant available water capacity, calculated based on soil type
and soil physical properties through a nonlinear pedotransfer function model; SSAN is
the percentage of sand content (%); SSIL is the percentage of silt content; CCLA is the per-
centage of clay content (%); OM is the percentage of organic matter content (%).

The biophysical parameters mainly involve the maximum root depth of plants in
each LULC class, which was determined according to the recommended values in the lit-
erature and the InVEST user guide [43]. The Z parameter was initially constrained to a
range of 0.5-3.0 based on previous regional studies [44,45] and calibrated using a one-
factor iterative search with an interval of 0.1. For each candidate Z value, the pixel-scale
annual water yield was aggregated over the Upper Yangtze River Basin and compared
with the observed annual runoff at the Yichang hydrological station after streamflow was
converted into runoff depth. The mean absolute relative error between the simulated and
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observed annual runoff was used as the primary evaluation criterion, and the Z value
producing the minimum error was selected. The minimum error of 4.9% was obtained
when Z was 1.1; therefore, this value was adopted for the subsequent simulations. The
InVEST model requires remote-sensing data to have a uniform spatial coordinate system
and resolution. Therefore, all remote-sensing data were resampled and reprojected using
ArcGIS 10.2 software. A consistent grid size of 1000 m was applied throughout the simu-
lation, determined based on the resolution of the original input data sources. Finally, the
InVEST model’s water-yield module was used to simulate and analyze the spatiotemporal
changes in water yield in the Upper Yangtze River Basin for 2000, 2010, and 2020.

3.5. Quantitative Analysis of Runoff Changes Due to Climate and LULC Transformations

Climate change and LUCC transformation are assumed to be independent factors in
this study. The quantitative impact analysis on runoff was conducted by integrating rele-
vant literature [30,46] with the specific conditions of this study to establish an appropriate
framework for quantifying the effects of climate change and LUCC. In this study, the term
“climate change” primarily refers to historical climatic variability rather than future pro-
jections. Key meteorological parameters considered include precipitation, temperature,
wind speed, and solar radiation, which are essential components of the SWAT model’s
meteorological inputs and directly influence evapotranspiration, snowmelt, and runoff
generation processes. Meteorological data from the periods 1980-2003 and 2004-2019
were used to represent two distinct climate periods, while LULC data for 2020, and pro-
jected data for 2030 under UD and EP scenarios, represented three different LULC pat-
terns. The calibrated SWAT model was applied to six scenarios, combining the two cli-
mate periods with the three LULC patterns. A one-factor-at-a-time statistical technique
was used to attribute changes in runoff, quantifying the impacts of climate and LUCC by
comparing scenarios where only one factor was varied.

In the three LULC modes (L1, L2, and L3), the changes in river runoff caused by cli-

A
mate change are denoted as QC], AQcswp) and AQ“(E"). Similarly, under the two

different climatic conditions (C1 and C2), the changes in hydrological processes due to
AQLI(EP) , AQLZ(EP) , AQ Liwn) and AQ L2(UD)

nario settings and parameter explanations are provided in Table 5.

LUCC are represented by Detailed sce-

Table 5. Scenario setting.

Scenario Meteorological Data LULC Data Value of Simulation
S1 1980-2003 2020 AO
$2 1980-2003 2030UD AQ (]
S3 1980-2003 2030EP AQ
s4 2004-2019 2020 AQ,
S5 2004-2019 2030UD AQFS
S6 2004-2019 2030EP AQ S

The formulas provided are used to quantify the impacts of LULC activities and cli-
mate change under the UD and EP scenarios:

(1) Under the UD Scenario. The impact of LULC activities AQ.wp) and climate

change ACQcwn) are calculated as follows:

A0, =5 (801 m, #4010, )= 5 [ (40L - 202 )+ (40% - 202 ?
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%(AQCI—’_AQCZ(UD) ):

AQC(UD): [(AQé; _AQé;)"'(AQé; _AQéf ):I 8)

N | =

(2) Under the EP Scenario. The impact of LULC activities AQur) and climate

change AQcr) are calculated as follows:

AQ, ey = %(AQLI(EP) TAO ) ): %[(AQéf - AQ¢ ) + (AQé; ~AQ:, )] 9
AQcpp)= %(AQCI +AQ s ep) ):%[(AQ& ~AQ¢ ) + (AQé; - AQéf ):I (10)

3.6. Geodetector

Geodetector is a statistical method for detecting spatial heterogeneity and assessing
the relationships between driving factors by comparing the spatial distributions of inde-
pendent and dependent variables [47]. Geodetector consists of four main components:
Risk Detector, Factor Detector, Ecological Detector, and Interaction Detector [27]. The Fac-
tor Detector assesses the spatial heterogeneity of the dependent variable and evaluates the
influence of driving factors. The Interaction Detector identifies the interaction effects
among different factors on the dependent variable [48]. This study utilizes the Factor De-
tector and Interaction Detector to explore the explanatory power of various driving factors
on water yield, quantified by the g-value. The calculation formula is as follows:

L 2
o B o
o

where h represents the strata of variable Y or factor X, such as categories or regions, N
2
and N denote the number of units in stratum h and the entire region, respectively, “*

2
and O are the variances of Y within stratum h and the entire region, SSW is the sum of
squared deviations within strata, and SST is the total sum of squared deviations for the
entire region.

4. Results
4.1. LUCC Analysis Under UD and EP Scenarios

This study simulated LULC in the upper Yangtze River basin for 2030 under two
scenarios, as shown in Figure 4. The results indicate significant LUCC from 2020 to 2030
between the two scenarios. Under the 2030 UD scenario, the most notable changes com-
pared to 2020 occurred in built-up land, forest land, and cultivated land. Built-up land
increased by 2102.73 km? (16.63%), forest land by 7774.72 km? (2.19%), and cultivated land
by 3094.62 km? (1.45%). In the 2030 EP scenario, the most significant changes compared to
2020 were in forest land, grassland, and unused land. Forest land increased by 8382.08
km?, with a change rate of about 2.36%. Grassland decreased by 7144.40 km? approxi-
mately -1.95%, and unused land decreased by 2402.92 km?, about —4.87%. Notable differ-
ences in land type distribution were also observed between the two scenarios. For in-
stance, in the 2030 UD scenario, grassland area was 6900.32 km? less than in the 2030 EP
scenario, representing a 1.92% decrease. Unused land in the 2030 UD scenario increased
by 3524.36 km? (7.51%), and built-up land showed the largest change, increasing by
1088.48 km? (7.96%).

Spatially, the overall distribution of LULC types differs slightly between the scenar-
ios, with differences being subtle. Overall, cultivated land is primarily distributed in
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patches across the central and eastern flat areas; forest land is mainly found in the central
and southern regions of the upper Yangtze River basin, showing broad and continuous
coverage. Grassland is scattered, mainly concentrated in the peripheral and high-altitude
areas of the study region. Built-up land is densely clustered along the main and tributary
channels of the Yangtze River, though its overall area remains relatively small. Under the
EP scenario, built-up land expansion is limited to existing urban areas from 2020 to 2030.
Forest land expands noticeably but shows fragmented growth, while grassland and un-
used land areas decrease significantly, contributing to the increased forest area. Con-
versely, the UD scenario shows significant expansion of built-up land, particularly in the
central and eastern parts of the study area, mainly as outward extensions of existing urban
areas. Forest and grassland areas decrease and become more fragmented, while cultivated
land also increases, exhibiting a patch-like distribution.

N Actual in 2020 2030 UD

Simulation in 2020 2030 EP

(2)
S
2 Construction land
\ Water
Unused 1and
Cropland
Grasstand
W Forest
|
\
\
\
\
<
oF
o

Figure 4. (a) Comparison of simulated LULC structures under four scenarios; (b) area distribution
of LULC structures across multiple scenarios.
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4.2. Spatiotemporal Variations in Water Yield in the Upper Yangtze River Basin
4.2.1. Spatial Expression of Water Yield Heterogeneity Across Scales

This study employed the In'VEST-AWY model at the grid scale and the SWAT model
at the sub-basin scale to estimate the ecosystem water yield services of the basin. The
SWAT model was calibrated using SWAT-CUP, which considers simulation results relia-
ble if the coefficient of determination (R?) is above 0.5 and the Nash-Sutcliffe efficiency
(NSE) exceeds 0.5. As shown in Figure 5, the SWAT model achieved an R? of 0.92 and an
NSE of 0.85 during the calibration period (1980-2003), and an R? of 0.77 and an NSE of
0.72 during the validation period (2004-2019). All values exceeded the recommended
thresholds, indicating satisfactory model performance in simulating the hydrological pro-
cesses of the basin. Additionally, the uncertainty analysis from the SUFI-2 algorithm
showed satisfactory performance, with a P-factor of 0.82 and an R-factor of 0.68 during
the calibration period, indicating that the model captured a high proportion of the ob-
served data within the prediction uncertainty bounds. Similar uncertainty performance
was maintained during the validation period.

Figure 6 shows the spatial distribution of water yield at both grid and sub-basin
scales in 2000. At the grid scale, higher water yields were observed in the northern and
central regions, whereas lower yields were found in the southwestern and eastern regions.
At the sub-basin scale, most areas showed high water yield, with only a few sub-basins
exhibiting lower yields. In 2010, the distribution pattern of water yield showed some
changes. At the grid scale, high-yield areas expanded, though the overall pattern re-
mained similar to 2000. At the sub-basin scale, the sub-basins in the western and northern
regions had higher water yields, while the central and eastern sub-basins showed a de-
crease. By 2020, high-yield areas at the grid scale further expanded, particularly in the
northern and central regions. At the sub-basin scale, most areas maintained high water
yield, though some sub-basins in the western and eastern regions showed declines. From
2000 to 2020, increasing urbanization contributed to an upward trend in water yield at the
grid scale, expanding high-yield areas in the eastern basin. Meanwhile, low-yield areas in
the central and western regions contracted, and previously water-scarce areas experi-
enced improved water availability. Conversely, at the sub-basin scale, water yield initially
increased and then declined, with spatial patterns similar to those at the grid scale but
with notable differences. For example, in the southeastern basin, the grid scale exhibited
a gradual annual increase in water yield, whereas the sub-basin scale showed a significant
annual decrease.

a b
60,000( ) 60 ®)
—— : 2_
Calibration period . Verification period ° Call.bratl'on pen'od Rz— 0.92
50,000} NSE = 0.85 20'03 NSE = 0.72 @50 | @ Verification period R*=0.77
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k3
30,000} 1] & 80
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iR | 5
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Figure 5. (a) Comparison of the monthly traffic values simulated and observed during the calibra-
tion and verification period at the YC station. (b) Correlation plots of observed and simulated flows

during YC station calibration and verification.

Rasfer Sub-basin

Figure 6. Spatial distribution of water yield at the raster scale and sub-basin scale from 2000 to 2020.

4.2.2. Impact of LUCC on Water Yield Under Different Scenarios

LUCC critically influence water yield in river basins. This study explores the impact
of LUCC under different scenarios on water yield within the basin. Figure 7 shows that
under the UD scenario, grid-scale changes in water yield are minimal in the western and
southern parts of the study area. In contrast, significant urban expansion in the central
and eastern regions has increased high-water-yield areas around urban zones. Conversely,
water yield from forest and grassland areas decreased. At the sub-basin scale, changes in
water yield are more pronounced. Urban construction and expansion in the western basin
have enhanced water yield in previously low-yield areas due to increased human exploi-
tation of water resources. Conversely, in the central basin, the conversion of forest and
grassland into cropland has reduced the overall water yield capacity.

Under the EP scenario, the overall distribution of water yield at both grid and sub-
basin scales shows little difference compared to the UD scenario. This similarity suggests
that low construction levels in the western basin have not significantly altered the water
yield distribution in barren lands. However, effective ecological protection measures have
slightly increased the areas of forest and grassland in the central and eastern regions, con-
tributing to a modest rise in water yield. The future changes in LULC will not alter the
distribution pattern of high-water-yield areas. At two scales, high-water-yield areas are
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still concentrated in the Sichuan Basin and the Chongqing region. The establishment of
ecological protection zones has enhanced water resource accumulation in these areas. Fur-
ther implementation of ecological protection measures is expected to expand high-water-
yield areas, particularly in ecological restoration zones. Furthermore, at the sub-basin
scale, the average annual water production in the UD scenario in 2020 was 7.96% higher
than that in the EP scenario. This indicates that, compared with the ecological protection
strategy of enhancing water-retention capacity through vegetation, the UD strategy in-
creases water yield primarily through the expansion of impervious surfaces, which re-
duces infiltration and promotes surface runoff. However, while increasing water yield,
the expansion of impervious surfaces may also increase peak discharge and flood risk,
reduce groundwater recharge, and disrupt watershed hydrological regulation and eco-
system organization.

“‘V‘A\? ! i&fﬁ; :
UD(raster) EP(raster) UD(sub-basin) EP(sub-basin)

Figure 7. Spatial distribution of water yield under UD and EP scenarios at two scales (raster scale

and sub-basin scale) under different climatic conditions.

4.3. Attribution Analysis of Watershed Water Yield
4.3.1. Impacts of LUCC and CC on Watershed Runoff

Within the watershed water cycle, runoff represents the portion of precipitation re-
maining after evapotranspiration, infiltration, and water-storage processes. Therefore, it
can serve as a quantitative indicator of the magnitude of regional water yield. This study
utilized simulated data instead of observed data to compare the effects of climate change
(CC) and future LUCC on runoff in the upper Yangtze River basin at the sub-basin scale.
Runoff was simulated using the SWAT model under six hypothetical scenarios, applying
separation Equations (7)—(10) to assess the contributions of LUCC and CC to runoff vari-
ations.

As shown in Figure 8, under the 2030 EP scenario, LUCC significantly increased run-
off in January (1700.425 m?/s) and February (1584.485 m?/s) but decreased it notably in
May (-2760.58 m3/s), June (—-3427.38 m3/s), and October (-2117.53 m?/s). CC contributed to
overall increases in runoff during spring (notably March at 2675.13 m?%/s) and autumn (es-
pecially in August at 10,587.47 m?/s and September at 2694.575 m?3/s), while significantly
reducing runoff in summer (particularly in July at —2018.77 m3/s). Under the 2030 UD sce-
nario, LUCC significantly increased runoff in January (641.785 m?/s), February (750.915
m?3/s), May (678.645 m3/s), and June (1337.87 m3/s), but decreased it notably in October
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(-1288.79 m3/s) and November (-1124.3 m3/s). CC led to significant runoff increases from
January to June but substantial reductions from July to October, particularly in August
(-5718.67 m?/s). Seasonal comparisons show that both LUCC and CC increased runoff in
spring (EP: 763.065 m?/s; UD: 487.245 m3/s) and autumn (EP: 1817.42 m?/s; UD: -325.76
m?/s), but reduced it in summer (EP: -4705.78 m3/s; UD: 890.815 m?3/s). Spring and autumn
are characterized by high water yield periods where LUCC and CC markedly enhance
runoff. In contrast, summer, typically a low-water-yield period, shows reductions in run-
off, particularly pronounced in July and August. Winter generally exhibits minimal im-
pact, though positive contributions from LUCC and CC in December (EP: 1219.9 m?/s; UD:
10.255 m¥/s) and January (EP: 1700.425 m3/s; UD: 641.785 m?3/s) suggest some increase in
runoff during this season. Overall, under the 2030 EP scenario, the impacts of LUCC and
CC on runoff are relatively balanced, increasing in spring and autumn while reducing in
summer. Conversely, the 2030 UD scenario shows greater increases in spring and winter,
with notable reductions during the low-flow periods of summer. Annually, the contribu-
tion of CC to runoff increase under the 2030 EP scenario (2115.33 m?/s) far exceeds that of
LUCC (-398.51 m3/s), while in the 2030 UD scenario, contributions are more balanced
(LUCC: 223.72 m?3/s; CC: 141.38 m?/s).
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Figure 8. Monthly (seasonal) runoff changes caused by CC and LUCC: (a) EP scenario, (b) UD sce-

nario.

4.3.2. Analysis of Driving Factors of Watershed Water Yield Based on Geodetector

Water yield in the upper Yangtze River basin was analyzed as the dependent varia-
ble, with impacts of various driving factors assessed using line density and Euclidean dis-
tance. Independent variables included natural factors (slope, elevation, temperature,
evapotranspiration, precipitation, soil) and social factors (population, GDP). Indicator
data were discretized using the natural breaks method, reclassified, and analyzed with
the Geodetector tool to quantify the influence of driving factors on water yield. Results
indicated that all independent variables had p-values less than 0.01, confirming the statis-
tical significance of their g-values.

As shown in Figure 9a,b, precipitation is the primary driving factor at both scales,
contributing most to water yield with weights of 0.81 at the grid scale and 0.67 at the sub-
basin scale. Temperature (TEM) and evapotranspiration (EVP), both natural factors, also
significantly influence water yield at both scales, with weights of 0.29 and 0.27 at the sub-
basin scale and 0.22 and 0.26 at the grid scale, respectively. Elevation (DEM) and slope
(SLOPE) have moderate or smaller impacts at both scales, suggesting that terrain plays a
role in water yield but is not a primary driver. Social factors like GDP and population
(POP) have minor influences at both scales, underscoring that natural factors, particularly
precipitation, are the main drivers of water yield in the basin.
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Interaction detector results (Figure 9¢,d) indicate that combined effects of dual factors
on spatial variations in water yield are similar at both scales, often exceeding the influence
of individual factors, demonstrating bi-factor and nonlinear enhancements. In the upper
Yangtze River basin, interactions between precipitation and other factors exhibit high ex-
planatory power for spatial variations in water yield, often exceeding 60%. Specifically,
interactions between precipitation and population density explain 83% at the grid scale
and 68% at the sub-basin scale, while interactions between precipitation and GDP explain
82% and 67%, respectively. This suggests that spatial heterogeneity in water yield is sig-
nificantly enhanced under consistent precipitation depth when there are spatial variations
in population density and GDP, indicating that human activities will increasingly influ-
ence the spatial distribution of water yield. The interaction between evapotranspiration
and elevation has a significantly higher impact than most other bi-factor interactions, sug-
gesting that the interplay between evapotranspiration and elevation will further expand
the spatial distribution differences in water yield within the basin.
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Figure 9. Influence of different watershed factors on the spatial heterogeneity of water yield: (a)
raster scale, (b) sub-basin scale. Interaction effects of water yield driving factors: (c) raster scale, (d)
sub-basin scale. Note: TEM stands for temperature, POP stands for population, PRE stands for pre-

cipitation, and EVP stands for evapotranspiration.

5. Discussion
5.1. Uncertainty Analysis and Study Limitations

This study used the PLUS model to simulate LULC distributions under different fu-
ture scenarios and incorporated the resulting LULC data into the SWAT and InVEST mod-
els to estimate water yield at the sub-basin and grid scales, respectively. These widely
used models support watershed planning, ecological assessment, and environmental
management, but each has limitations. The PLUS model simulates LUCC by evaluating
the contribution of driving factors within the LEAS framework; however, factor selection
is partly subjective and may not fully reflect policy influences. The InNVEST-AWY model
does not explicitly represent complex subsurface processes, and its outputs are sensitive
to the Z parameter and biophysical table values, which are often derived from the
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literature or expert judgment [49]. The SWAT model requires extensive soil, meteorolog-
ical, and parameter inputs, and different parameter combinations may affect simulation
results. In addition, spatial aggregation introduced by the 500,000 ha sub-basin threshold
and 10% HRU threshold may underestimate local heterogeneity in topography and land
cover. Although these settings balance computational efficiency and model stability, they
may simplify fine-scale hydrological processes.

A further source of uncertainty arises from treating climate variability and LUCC as
independent drivers in the attribution analysis. In reality, climate variability may influ-
ence vegetation conditions and land-use transitions, while LUCC can alter evapotranspi-
ration, surface roughness, albedo, and local hydroclimatic processes. Therefore, the esti-
mated contributions should be interpreted as scenario-based effects under a simplifying
independence assumption rather than as fully coupled causal effects. In addition, because
the LULC outputs of the PLUS model are used as inputs to the SWAT and InVEST models,
uncertainty in future land-use projections may propagate through the integrated model-
ing framework. Differences in spatial resolution, process representation, and parameteri-
zation may further contribute to uncertainty in the final water-yield estimates.

The PLUS model’s performance in simulating 2020 LULC was evaluated with a
Kappa coefficient of 0.89 and an Overall Accuracy of 0.92. SWAT model simulations
achieved an R? of 0.92 and an NSE of 0.85, indicating close agreement between simulated
and observed data. The Z parameter of the IN'VEST-AWY model was calibrated against
observed runoff, providing an additional check on the consistency of the annual water-
yield estimates. These evaluations support the reliability of the individual model compo-
nents, although the integrated framework cannot be independently validated as a whole
under future conditions because corresponding observations are unavailable. It should be
noted that the model was calibrated at a monthly time step, which may lead to uncertainty
in capturing daily scale extreme hydrological events. Although the overall performance
metrics meet recommended standards, the smoothing effect of monthly aggregation can
reduce sensitivity to peak flows. Alternative sub-basin and HRU thresholds may alter the
representation of local heterogeneity and the magnitude of simulated responses. How-
ever, their influence on basin-scale spatial patterns and relative differences among scenar-
ios is expected to be limited, and this uncertainty was not quantitatively assessed in the
present study. Future research could incorporate multi-time-scale calibration, finer tem-
poral and spatial resolutions, and systematic threshold sensitivity analyses to further eval-
uate the robustness of the modeling framework.

The LULC data for future water yield simulations at grid and sub-basin scales were
based on PLUS model predictions; however, future climate change impacts were not con-
sidered, as meteorological and precipitation data were historical. In reality, besides hu-
man activities, climate change is also a critical factor influencing water yield in the basin.
Future climate data can be simulated using machine learning models, such as transform-
ers, LSTM, and random forests, trained on historical meteorological data. Alternatively,
future climate changes can be modeled using various tools provided by the Coupled
Model Intercomparison Project Phase 6 (CMIP6) [50]. Future studies should integrate dy-
namically consistent climate and land-use scenarios to account for their potential interac-
tions and feedbacks, thereby providing a more realistic assessment of future water-yield
changes and their driving mechanisms.

5.2. Comparative Analysis of Water Yield Simulations at Grid and Sub-Basin Scales

In the Upper Yangtze River Basin, water yield simulated using the InVEST model at
the grid scale ranged from 0 to 1730.64 mm in 2000, 0 to 1706.51 mm in 2010, and 0 to
2028.66 mm in 2020. Comparatively, the SWAT model at the sub-basin scale showed water
yield ranges of 211.36 to 715.31 mm in 2000, 226.83 to 747.25 mm in 2010, and 240.31 to
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866.39 mm in 2020. The differences in spatial and temporal water yield distributions be-
tween the two scales are due to different modeling and calculation approaches: the grid
scale represents spatial variation at the individual-cell level, whereas the sub-basin scale
averages water yield within each sub-basin. The resulting differences in magnitude there-
fore reflect both spatial aggregation and the distinct hydrological process representations
of the two models. Overall, water yield trends show an increase from west to east across
the basin. The study finds that water retention in forest areas remains consistently high,
while water yield capacity in large portions of cultivated and urban areas in the central
basin has declined over time. The northwestern region, characterized by plateau terrain
and extensive bare land, exhibits low water yield capacity due to its alpine climate, result-
ing in scarce water resources and a fragile ecological environment. Water yield and its
variability have been focal points in ecological research. Topography plays a critical role
in water yield processes within the watershed, as factors like slope, aspect, elevation, and
terrain complexity affect surface runoff, infiltration, evaporation, and groundwater re-
charge [51]. Results indicate a general negative correlation between water yield capacity
and elevation in the Upper Yangtze River Basin.

Water yield capacity varies significantly among different land cover types, influ-
enced by land cover, soil characteristics, vegetation conditions, and human activities [52].
Forest areas typically exhibit lower water yield capacity but strong water retention func-
tions; stable vegetation and soil structures enhance infiltration and reduce runoff variabil-
ity [53]. In contrast, grasslands and farmlands have moderate water yield capacity with
significant seasonal variability [54]. Urban areas, with extensive impervious surfaces, ex-
hibit increased water yield due to reduced evapotranspiration, leading to rapid surface
runoff and elevated flood risk [55]. Wetlands, known for their unique water storage and
regulation functions, can store water during high levels and release it during low levels,
exhibiting strong water regulation capacity; they also play a significant role in pollutant
removal and water quality improvement [56]. Bare and desert areas generally have low
water yield capacity due to loose soil structures and poor infiltration; although precipita-
tion can quickly form surface runoff, the total water yield remains limited due to typically
low rainfall [57].

This study comprehensively simulates and evaluates water yield at both grid and
sub-basin scales, leveraging the strengths of different models to represent spatiotemporal
water yield services. The grid scale is modeled using the INVEST-AWY model, known for
its global applicability and flexibility, providing high-resolution spatial details that cap-
ture variations in water yield at smaller scales [58]. The sub-basin scale employs the SWAT
model, a traditional distributed hydrological model that divides the basin into multiple
sub-basins. By integrating various meteorological and hydrological data within the basin
and refining the modeling process through iterative simulations, the model accurately
simulates the hydrological cycle of each sub-basin [59]. This approach helps identify dif-
ferences between sub-basins and provides more precise numerical simulations, although
it lacks the fine detail of the grid scale. Future research could further strengthen the as-
sessment of cross-scale consistency through a more systematic comparison of the InVEST-
AWY and SWAT simulations. Such efforts would provide additional evidence for the in-
teroperability of multi-scale model results and support a more integrated understanding
of water-yield dynamics.

5.3. Influence of Anthropogenic Activities and Climate Change on Water Yield in River Basins

Climate change has a more pronounced impact on water yield than LUCC. Studies
separating the contributions of LULC and climate change to river runoff in the upper
Yangtze River basin show that climate change generally has a higher contribution to run-
off variations at both monthly and seasonal scales compared to LUCC. At the monthly
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scale, the difference in runoff attributed to climate change compared to human activity
exceeds 2000 m3/s in more than half of the months. Geodetector analysis of driving factors
reveals that climate factors are the dominant drivers of water yield, with precipitation
significantly explaining the spatial heterogeneity of water yield in the upper Yangtze
River basin more than other factors. The importance of meteorological factors to basin
water resources is confirmed by other studies. For instance, research indicates that precip-
itation patterns and temperature variations in the Yangtze River basin significantly influ-
ence extreme hydrological events, such as floods and droughts, underscoring the critical
role of meteorological factors in water resource management [60]. A study using multi-
source remote sensing data analyzed changes in surface water area in India, finding that
meteorological factors such as precipitation and evaporation significantly influence the
dynamics of water bodies, directly affecting agricultural and ecosystem sustainability [61].

LUCC is closely linked to human development strategies. In China, rapid economic
growth driven by the reform and opening-up policy has led to urban expansion encroach-
ing on forests and grasslands, posing significant threats to watershed water resources [62].
Studies have shown that under human intervention, LULC changes exhibit irreversible
trends; the expansion of impervious surfaces not only alters the distribution of ground-
water resources but also affects evapotranspiration processes [63]. However, since the im-
plementation of the “Green is Gold” ecological protection strategy in China in 2017, the
ecological environment within the basin has begun to slowly recover, and water resource
security has been enhanced [62]. This study used the PLUS model to predict LULC in 2030
under two scenarios and simulated water yield at both grid and sub-basin scales. The re-
sults indicate that while the UD and EP scenarios do not significantly alter water yield at
the grid scale, they considerably affect the spatial distribution of water yield at the sub-
basin scale. While the direct impact of human activities on watershed water resources is
less significant than that of climate change, increased human intervention exacerbates
global climate change, increasing the frequency of extreme climate events and further al-
tering the spatial distribution of watershed water resources [64].

6. Conclusions

This study simulated the spatiotemporal distribution of water yield in the Upper
Yangtze River Basin at grid and sub-basin scales and assessed the spatial patterns of water
yield for 2020. It also projected LUCC for 2030 under UD and EP scenarios using the PLUS
model. Differences between the future LULC scenarios and the actual 2020 LULC were
analyzed, followed by an evaluation of the spatial distribution patterns of water yield un-
der the UD and EP scenarios. The dual-scale framework provides complementary infor-
mation for identifying local spatial heterogeneity and supporting basin-scale water-re-
source management. The key conclusions are as follows:

(1) LULC Differences Across Future Scenarios: Significant differences in LULC were
observed among the future scenarios. In the UD scenario, built-up land increased by 7.96%
compared to the EP scenario. Grassland area decreased by 1.92%, while cultivated land
increased by 1.38% relative to EP. Despite variations in the extent of land types under
different scenarios, forests, grasslands, and cultivated lands remain the dominant LULC
types across the basin.

(2) Distinct Differences in Water Yield Across Scales: The spatiotemporal distribution
of water yield at both grid and sub-basin scales showed significant differences, though
their overall patterns were similar: high-water-yield areas were mainly concentrated in
the eastern and central parts of the basin, while low-water-yield areas were primarily lo-
cated in the western and northern parts. From 2000 to 2020, water yield generally in-
creased at the grid scale, whereas at the sub-basin scale, it initially increased and then
decreased.
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(3) Impact of Human Development Strategies on Water Yield at the Sub-Basin Scale:
Human development strategies had a significant impact on water yield at the sub-basin
scale. Under both UD and EP scenarios, changes in water yield at the grid scale were min-
imal. In the UD scenario, water yield increased in the western and eastern parts of the
basin, while some central regions experienced a decline in water-yield capacity. In the EP
scenario, water yield remained low in the western part of the basin but improved in the
central and southeastern regions, with most other areas showing a slight decrease com-
pared to 2020. These spatial differences indicate that land-use management and ecological
protection measures should be adapted to local water-yield conditions rather than applied
uniformly across the basin.

(4) Climate Change as the Dominant Factor Influencing Water Yield: Under the EP
scenario, climate change significantly increased runoff (+2115.33 m3/s), whereas LUCC re-
duced runoff (-398.51 m3/s). Under the UD scenario, the overall effects of climate change
and LUCC were relatively small (+141.38 and +223.72 m?/s, respectively), although climate
change exerted a stronger influence during wet months. Geodetector analysis further
identified precipitation as the dominant driver of water yield at both scales, with explan-
atory powers of 0.81 at the grid scale and 0.67 at the sub-basin scale. These findings high-
light the importance of precipitation variability in future water-resource management.
Future research should further examine the interactions between climate change and
LUCC.
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