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Abstract

Understanding the intricate interrelationships among ecosystem services (ESs) is fundamen-
tal to advancing sustainable ecological management. This study focuses on the Taihu Basin
and examines five representative ESs, including water yield (WY), carbon sequestration
(CS), soil retention (SR), habitat quality (HQ), and crop production (CP), for the years 2000,
2010, and 2020. Spatial distribution characteristics and spatiotemporal dynamics were quan-
tified through the combined application of the InVEST model, a food production model,
and ArcGIS. Spearman correlation analysis and K-means clustering were then applied to
characterize trade-offs and synergies among ESs and to delineate ecosystem service bundles
at multiple spatial scales, including 1 km × 1 km grids, 10 km × 10 km grids, and the
county level, while GeoDetector was used to identify the associated driving mechanisms.
The results indicated that (1) between 2000 and 2020, the spatial distribution pattern of
the ESs in the Taihu Basin underwent significant changes, with WY and SR increasing by
48.97% and 51.89%, respectively, while HQ, CS, and CP decreased by 17.2%, 15.5%, and
47.6%. (2) From an overall perspective of trade-offs and synergies, the interactions among
ESs shifted from trade-offs (r < 0) to synergies (r > 0) as the scale increased. From the
perspective of the spatial characteristics of trade-offs and synergies, the intensity of these
interactions varied significantly with increasing scale, but the trend remained relatively
stable. (3) The Taihu Basin can be categorized into six ES bundles (ESBs). ESB 1, ESB 3,
ESB 4, and ESB 5 have relatively stable ES structures, whereas ESBs 2 and 6 display signifi-
cant variations. (4) The primary factors influencing ESs vary significantly across different
spatial scales, with land use/land cover (LULC) and the proportions of arable land, forest-
land, and buildings exhibiting strong explanatory power. This highlights the critical role of
coupled natural and anthropogenic processes in shaping the spatial patterns of ESs. This
study considers the spatiotemporal variation and scale dependence of ecosystem services,
providing management recommendations tailored to different regions and spatial scales,
and offering a scientific basis for regional ecological planning and watershed governance.

Keywords: ecosystem service; trade-off; ecosystem service bundle; social–ecological driver;
scale effect; spatial planning

1. Introduction
Ecosystem services (ESs) are the environmental conditions and utilities provided by

ecosystems that sustain human life and well-being [1–3]. Their stability and functionality
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are crucial for the sustainable development of society and the economy [4]. Currently, the
degradation of ESs has garnered significant attention globally [5–8], making ecosystem
assessment, management, and policy formulation essential [9]. The key to ecosystem man-
agement lies in understanding the interrelationships among ESs, which helps enhance their
sustainable supply [10–12]. These interrelationships include trade-offs, synergies, and ES
bundles (ESB) patterns [13,14]. Trade-offs occur when an increase in one ES comes at the
expense of another, whereas synergies mean that multiple ESs increase or decrease simulta-
neously [15]. ESBs represent a set of multiple ESs that recur over time and space [16,17].

Scholars have developed various methods to evaluate ESs, such as the mass assess-
ment method [18], value assessment method [19], energy value assessment method [20],
and model assessment method [21–24]. The model assessment method, in which the in-
teractions and impacts among various elements in ecosystems are considered, provides
comprehensive and precise evaluation results, making it highly valuable for local decision-
making. However, this method requires high-quality data. It is essential to explore the
relationships between ESs on the basis of evaluations.

Common methods for investigating the trade-offs and synergistic relationships among
ESs include Pearson or Spearman correlation analysis [25], partial correlation analysis [26],
the mean square error (MSE) method [27], the Bayesian belief network [28], and geographi-
cally weighted regression (GWR) [29]. Pearson correlation analysis is frequently used but
relies on strict assumptions of linearity and data normality. The partial correlation analysis
method can eliminate the interference of irrelevant factors and more clearly reveal changes
in trade-offs and synergy relationships in time series, but the selection of irrelevant factors is
subjective. The MSE method can characterize non-uniform changes in ecosystem services in
the same direction, yet it is not intuitive in expressing the positive and negative correlations
(directionality) between ecosystem service relationships. The GWR method is commonly
used to analyze trade-off and synergy relationships and their strength, and to quantify
the spatial heterogeneity of factors affecting these relationships, but it is not suitable for
data that may have multicollinearity. In contrast, Spearman correlation analysis, which
does not require strict assumptions about data distribution, was employed to robustly
capture potential nonlinear relationships among ESs. The resulting correlation coefficients
directly indicate the strength and direction (positive or negative) of pairwise associations
between ESs. This approach is widely used in studies of the trade-offs and synergistic
relationships among ESs [29–31]. Research methods for identifying ESBs include K-means
clustering [17], self-organizing map (SOM) network analysis [32], and principal component
analysis (PCA) [33]. PCA is widely used for dimensionality reduction, but it assumes linear
relationships among variables. Although SOM networks excel at handling non-linear data,
they require a large amount of calculation for iterative convergence and involve complex
hyperparameter tuning. Conversely, the Calinski–Harabasz (CH) criterion combined with
K-means clustering offers advantages such as low computational complexity, strong inter-
pretability, high adaptability and high robustness to data distributions, making it widely
used in related research [34–37].

Research on ESs has evolved significantly from static, single-scale assessments to dy-
namic, multi-scale spatial analyses. Early studies were often confined to a single scale [38–40],
which made it difficult to fully reveal the complex dynamics of ESs, potentially leading
to decision-making biases [17,41]. Recognizing these limitations, recent studies have in-
creasingly focused on the “scale effect,” where scholars have reported that the relationships
among ESs and the corresponding influencing factors exhibit heterogeneity across different
spatial scales [42–44]. For example, Hou et al. evaluated the trade-offs and synergies of
multiple ESs in northern China’s mountainous regions and reported that synergies between
food production and climate regulation were weak at the grid scale but strengthened

https://doi.org/10.3390/su18062930

https://doi.org/10.3390/su18062930


Sustainability 2026, 18, 2930 3 of 28

significantly at the township and county scales [45]. Conversely, Chen et al. observed
a divergent trend in the Yangtze River Delta, reporting that the synergy between water
resource regulation and other ESs was stronger at the grid scale than at the county scale [46].
These studies suggest that relationships among ecosystem services are scale-dependent
and represent a context-dependent process rather than a uniform rule. Zhou et al. further
demonstrated that driving factors also exhibit scale effects. They reported that population
density negatively impacts habitat quality at the 1 km scale, yet this effect becomes to a
positive influence at the 10 km scale [47]. These studies indicated that the relationships
among and driving factors of ESs vary significantly and display uncertainty across different
spatial scales; Therefore, further multiscale research is required.

The Taihu Basin, an important ecological and economic region in eastern China,
faces challenges related to water pollution, habitat degradation, and imbalance between
the supply and demand of ESs due to urbanization, industrialization, and agricultural
activities. Research has focused primarily on changes in ESs given policy impacts, such
as ’returning farmland to lakes’, the impact of land use changes on ESs [48], and the
assessment of interactions among ESs at a single scale [49]. Current research in the Taihu
Basin has not fully elucidated the complex scale dependence among multiple ESs. Existing
studies often treat spatial scales as isolated static units, failing to reveal spatial variations
in the intensity of trade-offs and synergies or how the dominance of driving factors shifts
across hierarchies. Consequently, systematic evidence regarding these scale conversion
mechanisms and the spatiotemporal dynamics of ESBs remains insufficient, which limits
the efficacy of ecological management and leads to policy recommendations that lack
spatial targeting. To address these research gaps, this study selected the period from 2000
to 2020, a critical phase characterized by rapid urban expansion and intensive ecological
engineering in the Taihu Basin. Taking advantage of the high availability of ecological
and socio-economic data during this period, we conducted a multi-scale analysis based on
1 km grids, 10 km grids, and county-level units, aiming to provide targeted, scale-specific
recommendations for regional ecological management. The specific research objectives
are to (1) analyze the spatiotemporal distribution characteristics of ESs in the Taihu Basin,
(2) explore the interrelationships among ESs at different scales, and (3) investigate the
main driving factors affecting the ES supply at different scales. The findings support the
optimization of regional ecological management in the Taihu Basin and the formulation of
ecological protection policies, which are crucial for ensuring the ecological security of the
lower Yangtze River and promoting the integrated development of the Yangtze River Delta.

2. Materials and Methods
2.1. Study Area

The Taihu Basin is situated in the eastern part of China, within the Yangtze River
Delta (30◦ 28′–32◦ 15′ N, 119◦ 11′–121◦ 53′ E), covering an area of approximately
3.69 × 104 km2 (Figure 1). It encompasses Shanghai and parts of Jiangsu, Zhejiang, and
Anhui Provinces. This basin is characterized by a subtropical monsoon climate, with
an average annual temperature of 15–17 ◦C and average annual precipitation totaling
1000–1400 mm. The climate is humid, with distinct seasonal changes. The terrain within
the basin is diverse, with the southwestern region consisting mainly of hills and mountains,
whereas the northern and eastern areas are predominantly plains and water networks [50].
As a vital ecological barrier for the Yangtze River Delta, the Taihu Basin plays a crucial
role in maintaining biodiversity, ensuring water resource security, and maintaining an
ecological balance.
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Figure 1. (a) Location, extent, and elevation of the research region (red area: Taihu Lake Basin, China);
(b) LULC in 2000; (c) LULC in 2010; (d) LULC in 2020.

Additionally, the Taihu Basin is among the most economically developed regions in
China, standing at the forefront of the country’s urban and industrial evolution. Statistical
data from 2020 indicates a total population of 67.55 million, or 4.8% of the country, alongside
a gross domestic product of 9.9978 trillion yuan, constituting 9.8% of the national GDP.
The urbanization rate of 68.2% markedly surpassed the national average of 56.1% [51],
fostering a highly compacted urban agglomeration characterized by vigorous economic
performance. While the landscape is primarily dominated by arable land, forests, water
bodies, and impervious surfaces, the footprint of developed urban terrain has expanded
continuously in response to rapid modernization.

These spatiotemporal land cover dynamics, derived from the 30 m Annual Land
Cover Dataset described in Table 1, are illustrated in Figure 1b–d. Nevertheless, such
precipitous growth has engendered critical environmental impediments, specifically aquatic
eutrophication, atmospheric contamination, soil pollution, and intensifying urban heat
island effects [52]. Although the government have deployed a spectrum of ecological
restoration and governance measures that have yielded partial efficacy, including holistic
watershed regulation, nonpoint source pollution mitigation, and wetland recovery, a
discrepancy persists regarding national conservation targets. Consequently, more nuanced
management strategies are requisite to ensure the sustained amelioration of the watershed’s
ecological integrity.
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Table 1. Summary of the Primary Data.

Data Name Data Format Data Source Spatial Resolution

Temperature Raster
National Earth System Science Data Center

http://www.geodata.cn (accessed on 13 December
2024)

1 km

Precipitation Raster
National Earth System Science Data Center

http://www.geodata.cn (accessed on 13 December
2024)

1 km

Evapotranspiration Raster
Loess Plateau Subcenter,

http://loess.geodata.cn (accessed on 13 December
2024)

1 km

Soil Depth Raster Dataset by Shangguan et al. (2019), Scientific Data
[53] 1 km

Soil Properties
(Texture, Carbon) Raster

Harmonized World Soil Database
(HWSD) (v1.1)

http://data.tpdc.ac.cn (accessed on 13 December
2024)

30
arc-second

DEM Raster
Geospatial Data Cloud platform

https://www.gscloud.cn(accessed on 13 December
2024)

30 m

Soil Type Raster
Resource and Environment Science and Data Center

http://www.resdc.cn (accessed on 13 December
2024)

1 km

NDVI Raster Long-term NDVI Dataset (1982–2020), Science Data
Bank [54] 30 m

PM2.5 Raster
ChinaHighPM2.5(TPDC)

https://www.tpdc.ac.cn (accessed on 13 December
2024)

1 km

LULC Raster China Land Cover Dataset (CLCD) by Yang and
Huang [55] 30 m

Crop Production Spreadsheet

Statistical Yearbooks (Zhejiang, Jiangsu, Anhui,
Shanghai)

http://tjj.zj.gov.cn/; https://tj.jiangsu.gov.cn/;
http://tjj.ah.gov.cn/; https://tjj.sh.gov.cn (accessed

on 13 December 2024)

County

Population Density Raster
World Pop

https://www.worldpop.org (accessed on 13
December 2024)

30
arc-second

GDP Raster
Resource and Environment Science and Data Center

http://www.resdc.cn (accessed on 13 December
2024)

1 km

2.2. Data Sources and Processing

In this study, various datasets, including digital elevation model (DEM), precipita-
tion data, soil data (including soil depth [53]), crop production data (wheat, maize, and
rice), long-term NDVI dataset [54], land use/land cover (LULC) data [55], and other rel-
evant indicators, were used. All the raster data were resampled to a spatial resolution
of 1 km by 1 km, and the coordinate systems for all the datasets were standardized to
WGS_1984_UTM_Zone_50N. For more details on the data, see Table 1.

2.3. Research Methods
2.3.1. Ecosystem Service Assessment

In this study, we identified five ESs to determine the fine-scale effects of ESs (Figure 2)
on the basis of the following criteria: (1) representativeness of the ecological conditions
in the study area, (2) alignment with ecological protection goals, and (3) availability and
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feasibility of data. First, using the InVEST model and food production model at a 30 m
resolution [56], we quantitatively assessed the water yield (WY), soil retention (SR), carbon
sequestration (CS), habitat quality (HQ), and crop product (CP) in the Taihu Basin for 2000,
2010, and 2020. This selection prioritizes the reliability of long-term spatiotemporal trend
analysis, as consistent grid-level data for other key services, such as water purification (e.g.,
historical nutrient loading parameters), remain limited for the early study period. Conse-
quently, while this framework captures the dominant land-use conflicts between urban
expansion, agriculture, and ecology, we acknowledge that the exclusion of pollution-related
services may affect the comprehensiveness of the interaction analysis, potentially masking
latent trade-offs between agricultural intensification and water quality. To operationalize
the assessment, specific modules within the InVEST model were parameterized using
local datasets; comprehensive model parameters, including biophysical coefficients, threat
matrices, and carbon density values, are provided in Appendix A.

Figure 2. Research framework.
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Specifically, WY was quantified using the Annual Water Yield module based on the
Budyko coupled water-energy balance principle, which resolves the pixel-level water bal-
ance between precipitation and evapotranspiration. SR was computed via the Sediment
Delivery Ratio module by determining the difference between potential soil erosion (RKLS)
and actual soil loss (USLE). HQ was assessed by modeling the sensitivity of LULC types
to external threats such as urbanization and transport networks. CS was estimated using
the Carbon Storage and Sequestration module, which aggregates carbon stocks across
four fundamental pools (aboveground, belowground, soil, and dead organic matter). Fi-
nally, CP was spatially explicitized by downscaling county-level statistical yield data to
the grid level using NDVI as a proxy for vegetation vigor. Next, we used ArcGIS Pro
(Version 3.0.0, Esri Inc., Redlands, CA, USA) to conduct a zonal analysis of the assessment
results for ESs, and the sum of the WY, CS, SR, and CP was calculated at the 1 km× 1 km
grid, 10 km× 10 km grid, and county scales, as was the mean HQ. The specific methods
for assessing ESs are detailed in Table 2. The 1 km ×1 km grid represents the site scale,
and is suitable for capturing fine-scale spatial variation and local ecosystem management.
The 10 km ×10 km grid approximates the township level, reflecting broader landscape
patterns. The county scale corresponds to administrative units commonly used in spatial
planning and ecosystem service management [57]. The Create Fishnet tool in ArcGIS Pro
was used to generate grids with cell sizes of 1 km and 10 km, while the county boundaries
were extracted from official administrative zoning data.

Table 2. Methodologies and principles for the assessment of ESs.

ES Description Input Data

WY

The annual water yield module in the InVEST model is used
based on:

Yx,j =
(

1 − AETx,j
Px

)
× Px

where j is the land use type, x is the grid unit, Y is the annual
water yield, AET is the annual actual evapotranspiration, and P

is the annual precipitation.

Annual rainfall (mm/year), potential
evapotranspiration (mm), root

restricting layer depth (m), plant
available water content, LULC,

watershed vector data

SR

The sediment delivery ratio module in InVEST calculates:
ULSEx = Rx × Kx × LSx × Cx × Px

RKLSx = Rx × Kx × LSx
SRx = RKLSx − ULSEx

where x is the grid unit, SR is the soil retention capacity, ULSEx
is the potential soil erosion, RKLS is the actual soil erosion, R is
the rainfall erosion factor, K is the soil erodibility factor, LS is the

slope erosion factor, C is the crop factor, and P is the soil and
water conservation measure factor.

DEM (m); R raster map from
Wischmeier:

R =
12
∑

i=1
1.735 × 101.5(log p2

i −log p)−0.8188

where pi is the monthly precipitation
(mm), p is the mean annual precipitation
(mm); K is from EPIC model; C and P are

factors from previous studies.

HQ

Evaluated by the Habitat Quality module in InVEST:

Qxj = Hj

[
1 −

Dz
xj

Dz
xj+k2

]
where x is the grid unit, j is the land use type, H is habitat

suitability, D is the habitat degradation, z is the normalized
constant, k is a semi-saturation constant.

LULC map; threat table for urban/rural
settlements, roads, industrial land, threat

weights, threat distances, sensitivity
(from previous studies).

CS

Using the Carbon Storage and Sequestration module:
Ctotal = Cabove+Cbelow + Csoil + Cdead

where Ctotal represents the total carbon storage in the study area,
Cabove is the aboveground biomass carbon storage, Cbelow is the
belowground biomass carbon storage, Csoil is the soil carbon
storage and Cdead is the dead organic matter carbon storage.

LULC map and carbon density by LULC
type
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Table 2. Cont.

ES Description Input Data

CP

Calculated using the food production model:
Gi =

NDVIi
NDVIsum

× Gsum
where Gi is crop production in grid i, NDVIi is NDVI of

grid i, NDVIsum sum over all grids, Gsum is total
crop production.

NDVI grid map; crop production data

* WY: Water Yield; SR: Soil Retention; HQ: Habitat Quality; CS: Carbon Sequestration; CP: Crop Production.

2.3.2. Analysis of the Spatial and Temporal Patterns of Ecosystem Services

ES hotspot analysis can reveal which areas have concentrated high-value services,
indicating the hotspots where these services are most prevalent. The Getis—Ord Gi*
statistical method is a local statistical technique used to identify statistically significant
hotspots and cold spots [58]. This method involves calculating the Gi* value for each
element and using a standard normal distribution to define high and low clusters. The
method is based on hypothesis testing, where Z scores and P values are used to determine
whether to reject the null hypothesis. A significant positive Z score indicates that high-value
(hotspot) clusters are most tightly clustered, whereas a significant negative Z score suggests
that low-value (cold spot) clusters are most tightly clustered. Thus, the statistics can be
used to accurately pinpoint the significant areas of hotspots and cold spots.

The Gi* was calculated as follows:

G∗
i =

∑n
j=1 ωijxj − x∑n

j=1 ωij√
∑n

j=1 x2
j

n − x2

√
n∑n

j=1 ω
2
ij−

(
∑n

j=1 ωij

)2

n−1

, ∀j ̸= i, (1)

where xj is the ES value for gird j, ωij is the spatial weight between grids i and j, and n is
the number of grids for analysis.

Moran’s I is used to measure the spatial autocorrelation of ESs, an approach used to
calculate the autocorrelation of spatial data on the basis of the locations and attributes of
features [59]. Moran’s I ranges from −1 to +1. A positive Moran’s I indicates that ESs are
spatially clustered, and a negative Moran’s I suggests a spatially dispersed distribution,
with −1 indicating complete dispersion, 0 representing random spatial distribution, and +1
indicating perfect spatial clustering [60];

The Moran index is divided into global and local types. The global Moran’s I is used
for correlation testing within the global scope, and the formula is as follows:

I =
n∑n

i=1 ∑n
j=1 ωij(xi − x)

(
xj − x

)
∑n

i (xi − x)2
(

∑n
i=1 ∑n

j=1 ωij

) (2)

where I is the global Moran index, n is the total number of evaluation units, ωij is the spatial
weight matrix of units i and j, xi and xj are the variable values of units i and j, respectively,
and x is the average value for all units.

2.3.3. Methods for Ecosystem Service Tradeoff and Synergy Analysis

Given that the ecosystem service data generally did not conform to a normal distri-
bution, the Spearman correlation coefficient was utilized to investigate the trade-offs and
synergies among ESs [13]. A positive coefficient signifies synergy, implying that functions
mutually reinforce each other, while a negative value identifies a trade-off, suggesting that
increasing one service might cause a decline in another. The magnitude of this coefficient
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determines the intensity of the relationship. Furthermore, the strength of these correlations
is classified into four distinct tiers: highly correlated (|r| = 1), moderately correlated
(0.9 ≤ |r| < 1), weakly correlated (0 < |r| < 0.9), and uncorrelated (r = 0). This analysis
investigates these dynamic interactions across various spatiotemporal scales, emphasizing
how the relationships evolve over time [61].

2.3.4. Analysis of Ecosystem Service Bundles

ESBs were identified using the K-means clustering algorithm based on Euclidean
distance [62]. As the selection of the cluster number (K) significantly affects the ability of
ESBs to represent real-world landscape heterogeneity, we determined the optimal partition
using the Calinski–Harabasz (CH) criterion [63]. This index evaluates clustering quality by
calculating the ratio of between-cluster dispersion to within-cluster dispersion:

CH =
SSB/(K − 1)

SSW/(N − K)
, (3)

where SSB represents the sum of squares between groups, SSW is the sum of squares within
groups, K is the number of bundles, and N is the total number of samples. Higher CH
values indicate superior clustering performance, characterized by high internal consistency
and distinct separation between groups.

Based on the evaluation of candidate clusters ranging from K = 2 to 10, Figure 3
identifies K = 6 as the optimal partition for this study. The observed peak in the CH
criterion at this point serves as statistical validation for the results, confirming that a six-
bundle classification maximizes inter-group distinction and intra-group consistency, thus
ensuring an objective categorization. The resulting ESBs were visualized using ArcGIS
Pro 3.0.0 to analyze their spatiotemporal dynamics and structural characteristics. This
systematic identification of ESBs in the Taihu Basin provides an empirical foundation for
refined ecological management and scientific planning of functional zones.

Figure 3. Calinski criterion values under different numbers of clusters.

2.3.5. Driving Force Analysis

GeoDetector offers a robust technical framework for evaluating how environmental
determinants influence spatial distribution configurations, allowing for the quantitative
assessment of explanatory power regarding specific phenomena [64]. In this study, five ESs
are dependent variables, whereas associated natural and anthropogenic elements serve
as independent variables. Following rigorous collinearity screening and data reliability
verification, the GeoDetector model was implemented using R software (Version 4.3.3,

https://doi.org/10.3390/su18062930

https://doi.org/10.3390/su18062930


Sustainability 2026, 18, 2930 10 of 28

R Core Team, Vienna, Austria) to elucidate the underlying driving mechanisms shaping
ESs. The chosen natural parameters encompass temperature (TEP), soil type (ST), soil
depth (SD), PM2.5 (PM), precipitation (PRE), the soil carbon content (SOC), the soil silt
content (SSL), the soil coarse content (SCR), NDVI, DEM, slope aspect (ASP), and LULC.
The selected social factors are population density (POP), and the landscape composi-
tion factors are the proportions of cultivated land (CLP), forestland (FLP), and built-up
land (BLP).

3. Results
3.1. Temporal and Spatial Patterns of Ecosystem Services

To quantitatively assess five ESs at diverse spatial scales within the Taihu Basin from
2000 to 2020, we utilized the InVEST model combined with the food production model
(Figure 4). Significant spatiotemporal heterogeneity was observed among the different ESs.

Figure 4. Spatial distribution patterns of five ecosystem services (WY, SR, HQ, CS, and CP) in the
Taihu Basin from 2000 to 2020.

Between 2000 and 2020, the WY and SR significantly increased, increasing by 48.97%
and 51.89%, respectively. In contrast, the HQ, CS, and CP all decreased, with growth rates
of −17.2%, −15.5%, and −47.6%, respectively (Figure 5). Spatially, high WY values were
concentrated within urbanized regions such as Shanghai, Suzhou, Wuxi, and Hangzhou,
and expanded annually as impervious surfaces replace natural vegetation. Conversely, the
southwestern mountainous regions, characterized by extensive forest coverage, served as
high-value areas for SR, HQ, and CS. High CP areas peaked in Changzhou between 2000
and 2010 before they shifted to Zhenjiang, which remained a stable center for agricultural
production through 2020 (Figure 4).
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https://doi.org/10.3390/su18062930


Sustainability 2026, 18, 2930 11 of 28

 
Figure 5. Divergent temporal trends in ecosystem service provision (2000–2020): WY and SR ex-
hibited growth, whereas HQ, CS, and CP showed declines. (WY: mm, SR/CS/CP: ton/km2, HQ:
dimensionless index).

3.2. Analysis of Ecosystem Service Hotspots

Hotspot analysis via the Getis—Ord Gi* method and Global Moran’s I indicates that
the spatial clustering of ESs has intensified over time. Specifically, the Moran’s I for the SR
remained high and increased slightly, while the WY, HQ, and CS steadily increased. Most
prominently, the index for CP climbed from 0.612 to 0.761, indicating a height increase in
spatial aggregation (Table 3).

Table 3. Outcomes of the global Moran’s I analysis for the Taihu River Basin for 2000 to 2020.

Year WY SR HQ CS CP

2000 0.697 0.923 0.784 0.706 0.612
2010 0.678 0.928 0.791 0.722 0.827
2020 0.776 0.931 0.794 0.726 0.761

WY hotspots were primarily located in major urban centers such as Shanghai and
Hangzhou, with their areal proportion decreasing from 11.9% to 11.83% during the study
period. SR and HQ hotspots were largely confined to the southwestern forest patches
and the Taihu Lake region; specifically, the area proportion of SR hotspots decreased from
12% to 11.7%, while HQ hotspots declined from 14.3% to 13.4% as urban areas expanded.
Similarly, CS hotspots were concentrated in the southwestern forested areas, with their
area proportion decreasing from 14.1% to 13.2% while maintaining a stable Moran’s I of
approximately 0.71. CP hotspots were mainly distributed in Zhenjiang, Changzhou, and
Jiaxing, with their area proportion decreasing from 18.9% to 18.1% (Figure 6).
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Figure 6. Spatiotemporal evolution of Hotspots (High-High clusters, red) and Cold spots (Low-Low
clusters, blue) for ecosystem services in the Taihu Basin (2000, 2010, and 2020), based on Getis—Ord
Gi* analysis.

3.3. Ecosystem Service Tradeoff and Synergy Analysis
3.3.1. Overall Trade-Offs and Synergies Among ESs

Figure 7 illustrates that as the spatial scale increased, the interactions among ESs
transitioned from a trade-off pattern toward synergistic tendencies. Specifically, at the
grid scale, the WY and HQ demonstrated a persistent and intense trade-off relationship,
which reached its zenith in 2020; As the scale increased, this trade-off gradually diminished.
Moreover, the synergy between the SR and CS remained stable and strong, whereas the
synergy between the CS and CP increased annually. Additionally, as the grid scale increased,
the synergies among SR–CS, CS–CP, WY–SR, WY–CS, and WY–CP continued to increase.

Notably, the synergy between CS and HQ decreases with increasing scale at the
grid level, but significant synergy was observed at the county level. At the county level,
all ES were strongly positively correlated, with WY–SR, WY–CS, and SR–CS exhibiting
particularly strong synergistic relationships. This suggests that at larger scales, land use,
climate conditions, and ecological management measures tend to align, enhancing the
synergy among ESs, whereas at local scales, resource competition and functional trade-offs
are more pronounced.
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Figure 7. Spearman correlation matrices showing trade-offs (red circles, negative values) and syner-
gies (blue circles, positive values) among ESs across three spatial scales. The size of the circle and
number represent the correlation coefficient (r). (a) 1 km × 1 km grid scale; (b) 10 km × 10 km grid
scale; (c) County scale. *, ** and *** indicate significance at the p < 0.05, p < 0.01 and p < 0.001 levels,
respectively.

3.3.2. Spatial Characteristics of the Trade-Offs and Synergies Among ESs

Figure 8 highlights substantial spatial heterogeneity regarding the trade-offs and
synergistic interactions among the various ESs at the three spatial scales, revealing five
different spatial distribution patterns.

To be specific, WY&SR and HQ&CS demonstrated robust synergistic associations over
the vast majority of the area. Regions defined by high synergy between WY and SR were
concentrated primarily within the southern sector of the Taihu Basin, notably Hangzhou
and Jiaxing, alongside the eastern domain represented by Shanghai, and the western region
encompassing Huzhou, Changzhou, and Wuxi. These regions are characterized primarily
by developed land and farmland. Additionally, HQ&CS displayed strong synergistic
relationships at both the 1 km× 1 km grid scale and the county scale, particularly for
developed land, for which the synergistic relationship was notably strong. However, at the
10 km × 10 km grid scale, the synergistic intensity decreased, and the number of unrelated
areas increased.
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Figure 8. Spatial distribution of trade-offs and synergies among ESs in the Taihu Basin (2000–2020)
across the 1 km, 10 km, and county scales. Blue indicates synergies, and red indicates trade-offs.

The spatial distributions of the trade-offs and synergies between WY&HQ and SR&HQ
were similar. At the 1 km× 1 km grid scale, most areas exhibited weak trade-offs, with
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strong trade-offs and strong synergies scattered throughout the study region. At the
10 km× 10 km grid scale, the number of unrelated areas significantly increased, and these
areas were characterized primarily by weak and moderate trade-offs, with synergistic areas
present in a scattered distribution. In most regions, at the county level, the distribution was
characterized predominantly by weak trade-offs.

The trade-offs and synergistic relationships between WY&CS and SR&CS also dis-
played similarities. At the 1 km× 1 km grid scale, most areas exhibited weak trade-offs,
with synergistic relations occurring mainly in the western and eastern parts of the Taihu
Basin. Strong trade-off areas were scattered throughout the basin, and at the 10 km× 10 km
grid scale, strong trade-off and synergy areas disappeared. At the county scale, most
regions exhibited weak trade-offs. Notably, the trade-off relationships in the southwestern
part of Hangzhou at the county scale were strong for the SR&CS. This phenomenon may
be attributed to significant fluctuations in vegetation changes in Lin’an district, Hangzhou,
between 2000 and 2020 [65]. Studies have shown that after vegetation restoration measures
are implemented, the SR may recover relatively quickly, whereas the response of the CS
tends to be delayed response because of the time lag in vegetation accumulation [66],
resulting in a trade-off between the two services.

The spatial patterns of the trade-offs and synergies between WY&CP and SR&CP were
also quite similar. At all three scales, the synergistic areas were located primarily in the
central (including Suzhou and Huzhou), eastern (including Shanghai’s Pudong New Area),
and northwestern (including Changzhou and Wuxi) parts of the Taihu Lake Basin.

As the scale increased, the synergistic areas became more concentrated, whereas the
trade-off areas remained dispersed. At the county scale, the overall trade-off and synergy
effects decreased, and strong trade-off and synergy relationships ceased to exist.

Similarly, the overall spatial configurations for the trade-offs and synergies between
CS&CP resembled those of HQ&CP. At the 1 km× 1 km grid scale, the southwest exhibited
a potent trade-off, yet this dynamic evolved into a synergistic bond as the scale expanded.
Both the 1 km× 1 km grid and county scales displayed distinct synergistic ties in the north,
whereas this synergy faded at the 10 km grid scale.

3.4. Identification and Analysis of Ecosystem Service Bundles

According to the k-means clustering results under the CH criterion, the Taihu Basin
was divided into six types of ESBs, and their spatial distribution clearly showed scale
heterogeneity (Figure 9). We found that the structural stability of ESBs depends largely
on the homogeneity of the landscape. ESBs located in uniform areas, such as continuous
forests or urban centers, maintained a stable structure because their dominant ESs persist
regardless of the observation scale. Conversely, ESBs situated in complex transition zones
were highly unstable. In these interface areas where human activity and nature mix,
changing the scale alters the proportion of different land uses, causing the bundle structure
to shift significantly.

ESB 1, which is driven primarily by the WY, was widely distributed in areas with
high levels of urbanization, where the main land use types were impermeable surfaces
and farmland (Figure 10). From 2000 to 2020, ESB 1 expanded from an initial point-like
distribution to a larger, contiguous area (Figure 9). At the grid scale, the spatial structure of
this ESB has remained relatively stable; however, at the county scale, the ES values were
generally low (Figure 11).

ESB 2 was primarily found in the forestland fringe areas of the southwestern part
of the Taihu Lake Basin, where the main land use types were forestland and cropland
(Figure 10). At the 1 km× 1 km grid scale, the primary services were SR, CS, HQ, and WY,
with their service structures remaining stable over time. At the 10 km× 10 km grid scale,
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the HQ value has decreased, whereas the CP services increased. At the county scale, all
five services were present, with WY remaining relatively stable and SR and CS showing
downward trends (Figure 11).

Figure 9. Spatiotemporal evolution of ESBs in the Taihu Basin (2000–2020). The maps visualize the
spatial configuration of six distinct bundle types derived from K-means clustering analysis, revealing
the dynamic shifts in service composition patterns over time.

Figure 10. Composition of major Land Use and Land Cover (LULC) types within each ESB at a
1 km× 1 km resolution. The stacked bars illustrate the proportion of different land use categories
associated with each bundle type, revealing the distinct spatial correspondence between landscape
patterns and service bundles.
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Figure 11. Compositional profiles of the six ESBs based on min-max normalized means. The rose
diagrams display the relative intensity (0–1) of each service, highlighting the distinct functional
specialization of each bundle.

ESB 3 was dominated by CP and WY, and this bundle is distributed mainly in the
middle, eastern and northern regions of the Taihu Lake Basin, where the main land use
type was cropland (Figure 10). At multiple spatiotemporal scales, the structure of ESB 3
was relatively stable, and the ecosystem services were highly consistent.

ESB 4 had high levels of ESs other than CP (Figure 11), and this bundle was pri-
marily distributed in the mountainous and hilly areas of the southwestern Taihu Basin
(Figure 9). The predominant land use type was forestland (Figure 10). At all the scales,
this ESB demonstrated high synergy among HQ, SR, CS, and WY, indicating excellent
comprehensive ecosystem regulation capabilities.

ESB 5 was influenced primarily by HQ, with land use consisting mainly of water
bodies (Figure 10). At the grid scale, this ESB was stable, provided HQ services, and
was concentrated in lake and marsh areas. However, at the county scale, HQ has rapidly
declined since 2000 and almost disappeared by 2010 (Figure 11). By 2020, it had recovered,
with its distribution center shifting from lake areas to the southwestern forest region of the
watershed (Figure 9).

ESB 6 had the weakest overall ecosystem service supply capabilities across all the
scales and displayed significant spatial heterogeneity. At the 1 km scale, it was associated
with natural tourist attractions in the southwest, while at the 10 km scale, it encompassed
low-service areas near eastern built-up regions (Figure 9). At the county scale, the WY and
CP values in this bundle decreased annually. The persistent weakness of service functions
in these areas, particularly regarding soil erosion, highlights a potential risk of regime shifts
and necessitates urgent ecological restoration interventions.

3.5. Analysis of the Driving Forces of Ecosystem Services

In this study, GeoDetector was applied to examine the drivers of ecosystem services
across multiple spatial scales in the Taihu Lake Basin from 2000 to 2020, revealing clear
differences in how individual factors influenced Ess (Figure 12). At the grid scale, ESs were
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primarily regulated by site specific conditions, particularly LULC and topography. As the
scale increases, the aggregation process reduced local variability, allowing wider regional
influences such as precipitation and landscape composition to emerge as the main controls
at the county level.

Figure 12. Quantitative attribution of driving factors for ES using the GeoDetector. The radar charts
display the q-statistic values, quantifying the explanatory power of factors at the 1 km × 1 km,
10 km × 10 km, and county scales.

The GeoDetector results further showed that the strength of different drivers varied
with spatial scale. At the 1 km × 1 km grid scale, LULC exerted the greatest control on
WY, with a mean q statistic of 0.63 across the study years. At the 10 km × 10 km grid scale,
the role of the CLP became more evident, with an average q value of 0.46. At the county
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scale, PRE and CLP jointly governed the spatial differentiation of water yield, with q values
of 0.91 and 0.80, respectively. For SR and CS, FLP consistently represented the dominant
factor at all examined scales, with q statistics of 0.63 at 1 km, 0.94 at 10 km, and 0.88 at
the county scale. In comparison, slope degree, NDVI, and elevation strongly affected SR
and CS at the 1 km × 1 km scale, yet their impacts weakened progressively as the analysis
scale increased.

The HQ was primarily controlled by the SD, LULC, and POP, with mean q values of
0.655, 0.575, and 0.567 across the different spatial levels. Regarding the CP, explanatory
variables showed limited influence at the 1 km scale where q values remained below 0.3,
but the CLP gradually became the key determinant as the scale expanded, with average
q values rising to 0.74 at 10 km× 10 km and 0.85 at the county level. In addition, NDVI
retained a certain explanatory role for CP at the 10 km× 10 km scale, whereas at the county
scale natural factors including PRE, SOC and SSL exerted notable effects. Taken together,
variables describing landscape composition exhibited their strongest explanatory capacity
at the county scale.

4. Discussion
4.1. Spatiotemporal Evolution of ESs

The Taihu Lake Basin underwent significant ecological changes with divergent trends
among services. The most significant upward trend was observed in the WY, which
increased by 48.97% over the 20-year study period. From the perspective of urban hydrol-
ogy [67], this substantial increase is primarily a consequence of land use intensification,
where natural vegetation and permeable soils were replaced by impervious surfaces in
urban centers such as Shanghai, Suzhou, and Wuxi. This replacement interrupts the natural
infiltration—evapotranspiration cycle, shifting the ecosystem into a new state where surface
runoff becomes the dominant water pathway. While this increases the calculated WY, it
signifies a loss of the internal regulation capacity of the ecosystem, potentially increasing
flood vulnerability [68] and substantial risks to groundwater quality [69]. Conversely, CP
experienced the most severe degradation, declining rapidly by 47.6%. This sharp decline
reflects a fundamental shift in the basin’s economic structure and a clear resource com-
petition for land, where high-yield staple crops are displaced by urban construction or
transitioned into higher-value economic crops [70].

The simultaneous increase in the SR of 51.89% suggests that targeted ecological en-
gineering in the southwestern hills effectively mitigated regional soil erosion. However,
these findings contrast with the declines in HQ and CS, which show divergent responses
among ecosystem services, as reported in other studies [71]. While the SR can be recovered
through physical stabilization, the complex biological interactions required for HQ and
CS take significantly longer to mature [72]. These findings emphasize that the ecological
security of the basin is increasingly dependent on maintaining the integrity of natural
patches in the southwest to buffer the environmental pressures generated by the eastern
urban core.

4.2. Multiscale Characteristics of the Spatial Patterns of ESs

Spatial scale plays a decisive role in shaping the interactions between ESs. The results
show that the overall relationships among ESs gradually transitioned from trade-offs
at the 1 km × 1 km grid scale to synergies at the county scale. At the 1 km× 1 km
grid scale, landscapes are typically characterized by single land use categories, which
promote direct functional competition and mutual exclusion [57,73], as illustrated by the
trade-off relationship between WY and HQ (Figure 7). As the grid scale increases, spatial
heterogeneity is progressively moderated through a “peak shaving and valley filling”
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effect [74]. This form of aggregation diminishes the influence of local extremes while
emphasizing broader functional integration, thereby reducing trade-offs and strengthening
synergies [29,75–78].

At the county scale, the widespread emergence of strong synergies among most ESs in
the overall analysis indicates that administrative governance contributes to system stabil-
ity [47,79,80]. Within such management units, diversified land-use arrangements enable
different services to occupy separate spatial niches, producing an overall synergistic pattern
at broader spatial scales. Nevertheless, when the spatial characteristics were analyzed, the
relationships observed at the county scale remained largely comparable to those detected
at the grid scale. This consistency is also reflected in the distribution of ecosystem service
bundles. For instance, ESB4, characterized by relatively high ESs values, remains concen-
trated in the southwestern counties and sustains the strong synergies among HQ, SR, and
CS observed at the grid scale (Figures 8 and 9). Likewise, the continued dominance of ESB1
and ESB3 in eastern and northern regions preserves the trade-offs associated with intensive
urbanization and agricultural activities at the county level. Overall, these results indicate
that underlying spatial heterogeneity persists even within larger administrative units.

Furthermore, climate variability remains a significant confounding factor; the strong
correlations at large scales may be partially driven by regional precipitation patterns rather
than by management alone [81], as evidenced by its high explanatory power for WY at the
county scale (Figure 12). Recognizing these scale effects is critical for management ecology,
as it highlights the risks of applying broad regional policies to local sites where functional
trade-offs remain acute and resource competition is most intense.

4.3. Management Implications Based on ESBs

The identification of six distinct ESBs revealed the spatial manifestation of ecological
functional groups and provides a scientific basis for refined management in the Taihu Basin.
ESB4 exhibited high multifunctional coupling between HQ, SR, and CS. This stability is
characteristic of protected forest ecosystems where niche complementarity supports high-
level regulating services [16,82]. However, chord diagram analysis (Figure 13) revealed
that ESB4 partially transformed into ESB2 at the grid scale between 2000 and 2020. This
transition, often found at the forest–farmland interface [83], was likely driven by edge ef-
fects and human disturbances, which reduce the structural complexity of forest stands and
compromise their regulatory capacity. To mitigate this functional homogenization, manage-
ment must prioritize maintaining ecosystem connectivity through vegetation restoration
between forest patches and performing edge thinning to promote species diversity.

Figure 13. Chord Diagram Illustrating ESBs from 2000 to 2020 at the 1 km Scale. The different colors
correspond to the distinct Ecosystem Service Bundles (ESB1–ESB6) as labeled on the outer ring, while
the colored chords represent the transitions between these bundles.
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The analysis of ESB1 and ESB5 demonstrates the critical importance of differenti-
ated multiscale management. ESB1, which had the lowest ES values at the county scale,
represented areas of severe ecological degradation in the urban cores of Shanghai and
Hangzhou [84]. Driven primarily by the WY at the grid scale, ESB1 was heavily influenced
by soil factors and LULC. Small-scale ecological restoration, such as the establishment of
green corridors with local species, can act as a technical substitute to rehabilitate these de-
graded urban ecosystems [85]. Conversely, ESB5 was dominated by HQ and was spatially
associated with lakes. It was driven by the ST, NDVI, and POP. The transition from ESB4 to
ESB5 observed in county located in the southwestern part of the basin at the county scale
highlights a decline in ecosystem service intensity [86], indicating emerging risks of forest
soil erosion and weakened water regulation.

Furthermore, ESB6 had the weakest overall ES supply. The decline in its service value
at the county scale signifies a potential risk of regime shifts [87], where prolonged degrada-
tion leads to a permanent loss of ecosystem functions. In the agricultural zones of ESB3,
the trade-off between CP and WY was driven by resource competition for water and space
during rapid urbanization. To support both yields and hydrologic stability, management
must move beyond simple land protection and focus on improving soil health, particularly
soil organic carbon and silt content, to increase the soil water storage capacity [88]. By
integrating ecological theory with multiscale driver data, regional planning can better
balance the basin’s role as an economic powerhouse with the imperative of maintaining
resilient ecosystem functions.

4.4. Limitations and Prospects

This study examined the spatial patterns, interactions, and driving mechanisms of
ecosystem services at multiple scales in the Taihu Basin, providing insights for regional
ecological management. Nevertheless, several limitations remain. First, this study concen-
trated on five representative ESs due to limitations in data availability, while several other
important functions, including water purification, climate regulation, and cultural services
were not incorporated. Such omissions may constrain a more comprehensive interpretation
of ecosystem functioning, and subsequent research should include a wider spectrum of
services to better identify potential trade-offs and synergistic relationships. Furthermore,
although the spatial scales adopted in this work were selected with reference to established
studies, their suitability may differ in regions characterized by distinct ecological settings.

Moreover, the InVEST framework operates on simplified ecological assumptions
and depends on deterministic parameter inputs as described in Appendix A. As a result,
intrinsic variability in parameter settings may propagate unevenly across spatial levels
and may interact with scale-related aggregation processes, thereby affecting the observed
strength of trade-offs and synergies. Future investigations should therefore incorporate
higher resolution datasets together with process-oriented modelling approaches to enhance
the reliability and accuracy of simulations. Finally, this study mainly assessed the effects of
individual driving factors, while interactions among multiple factors were not explicitly
considered. Further work should apply multifactor and causal inference approaches to
better clarify the mechanisms underlying ecosystem service interactions and to support
more effective ecological management in the Taihu Basin.

5. Conclusions
This study systematically examined the spatiotemporal evolution of ecosystem ser-

vices in the Taihu Basin from 2000 to 2020. Unlike previous studies that focused on a
single spatial scale, this research analyzes ecosystem service interactions across multiple
scales and shows that statistical relationships shift from trade-offs at the local grid scale

https://doi.org/10.3390/su18062930

https://doi.org/10.3390/su18062930


Sustainability 2026, 18, 2930 22 of 28

to more synergistic patterns at the county scale. However, the spatial characteristics of
these interactions remain relatively stable, indicating that site-specific trade-offs persist. A
key contribution of this study is the identification of scale-dependent mechanisms driv-
ing ecosystem services. Local land-use conflicts primarily influence fine-scale trade-offs,
whereas landscape composition and climatic factors play an increasingly important role in
shaping regional service patterns. The classification of six ecosystem service bundles reveals
pronounced spatial heterogeneity within the basin, with forest-dominated southwestern
areas characterized by relatively stable regulating services, in contrast to eastern urbanized
regions that exhibit lower ecosystem service levels and stronger human disturbance. Based
on these findings, this study supports scale-specific and bundle-targeted spatial planning
approaches, including strengthened ecological redline protection in biodiversity hotspots
and the enhancement of green infrastructure in urban areas, providing practical guidance
for balancing urban development and ecological security in the Taihu Basin.
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Appendix A. InVEST Module Parameter Settings
This research adopts a three-stage parameter determination framework: “Literature

Reference—Global Screening—Localized Calibration.” For the Water Yield, Habitat Quality,
and Sediment Delivery Ratio modules, the Morris global sensitivity screening method
was employed to identify core factors [89]. The Morris method was used to identify high-
sensitivity parameters among initial inputs. Importance is quantified using µ* representing
influence intensity [90]. For the Carbon Storage module, the inventory method was used.
Non-sensitive parameters were assigned with reference to mature research findings from
the Taihu Lake Basin (TLB) and the Yangtze River Delta (YRD) to ensure the consistency
and scientific rigor of the evaluation framework.

Appendix A.1. Habitat Quality Module Parameters

In HQ assessment, threat weights and sensitivity matrices exhibit high regional consis-
tency. Therefore, Tables A1 and A2 were parameterized based on TLB and YRD evaluation
standards [40,48,91]. Morris screening identified the half-saturation constant k as the most
sensitive factor (µ* = 1.45), which was subsequently localized to 0.394 based on degradation
statistics of the study area. A sensitivity test involving a ±10% perturbation in threat
weights resulted in a minimal variation in the HQ index (0.12%), confirming the robustness
of the literature-derived parameters. Furthermore, uncertainty validation revealed that the
simulated HQ index had an average Coefficient of Variation (CV) of 0.682, falling within the
reported range of ecological quality variability in the YRD (0.350–2.720), thereby supporting
the stability and plausibility of the simulation results.
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Table A1. Attributes of threat sources used in the Habitat Quality module.

MAX_DIST WEIGHT THREAT DECAY

8 0.6 cropland linear
9 0.9 Building land exponential

Table A2. Habitat suitability scores and sensitivity of LULC types to specific threat factors.

Habitat Type Habitat Suitability Score Sensitivity to Threats

Cropland Building Land

crop land 0.3 0 0.5
forest 1 0.4 0.6
water 0.9 0.6 0.7

impervious surface 0 0 0

Appendix A.2. Carbon Storage Module Parameters

Carbon density parameters were determined using the Inventory Method, with values
for the four carbon pools derived from mean observations of typical sample plots across
the YRD to reflect regional carbon storage characteristics (Table A3) [92–94]. The primary
source of uncertainty in CS estimations was attributed to land use classification accuracy
(OA ≈ 79.31%) [95]. To evaluate model stability, we employed the CV as a relative disper-
sion metric, referencing a standard threshold of 0.36 [96]. In transitional “cropland-forest”
zones, the CV reached 0.42, indicating that these areas exhibit higher sensitivity to LULC
transition probabilities.

Table A3. Carbon density values for four carbon pools across different LULC types.

LULC_Name C_Above C_Below C_Soil C_Dead

crop land 0.52 0.1 1.5 1.5
forest 5.1 1 4.2 4
water 0 0 0 0

impervious surface 0.48 0 0.5 0

Appendix A.3. Annual Water Yield (WY) Module Parameters

Morris screening indicated that the Z parameter is the most influential input affecting
the variability of water yield. Accordingly, other biophysical parameters were parameter-
ized based on established hydrological research in the YRD (Table A4) [97,98]. By leveraging
multi-year runoff data from basin control stations, the Z parameter was calibrated to 17.9.
The model demonstrated high predictive accuracy, with a coefficient of determination (R2)
of 0.93 and a Nash-Sutcliffe efficiency of 0.86, indicating excellent performance in regional
hydrological dynamics

Table A4. Biophysical parameters and evapotranspiration coefficients (Kc) for the Annual Water
Yield module.

Description Code Root_Depth Kc (2000) Kc (2010) Kc (2020) LULC_Veg

cropland 1 700 0.633 0.643 0.629 1
forest 2 7000 0.952 0.954 0.943 1
water 5 1000 1.13 1.115 1.119 0

impervious 8 100 0.1 0.1 0.1 0
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Appendix A.4. Sediment Delivery Ratio (SDR) Module Parameters

Morris screening identified the Borselli k coefficient as the primary control parameter
for sediment export. Consequently, the other factors were fixed based on standardized soil
loss mapping for the YRD (Tables A5 and A6) [99–102]. Sensitivity analysis indicated that
a ±10% deviation in the Borselli k coefficient resulted in a 4.3% fluctuation in sediment
export, demonstrating that the model operates within a stable physical response range.
Furthermore, model validation against observed sediment loads from major tributaries
yielded a Percent Bias (PBIAS) of 8.4%, thereby confirming the model’s reliability.

Table A5. Calibrated global parameters for the Sediment Delivery Ratio module.

Parameter Name Parameter Value

Threshold Flow Accumulation 800
Borselli k Parameter 2

Maximum SDR Value 0.8
Borselli lC0 Parameter 0.5

Maximum L Value 80

Table A6. USLE C and P factors for different LULC types.

Description Usle_c Usle_p

cropland 0.35 0.4
forest 0.003 0.2
water 0.001 0.001
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