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Abstract

The sustainable development of resource-based cities faces challenges due to the imbalance
between ecosystem service supply and demand. This study examines Xingtai, a typical
resource-based city located in northern China, using ecosystem service bundle theory
to analyze the supply–demand relationships of six ecosystem services—water yield, soil
retention, habitat quality, urban cooling, PM2.5 removal, and carbon sequestration—from
2000 to 2020. Based on the ratio of supply–demand, we identify ecosystem service bundles
and explore their driving factors using redundancy analysis (RDA) and the geographically
and temporally weighted regression (GTWR) model. Results show a clear “mountain–plain”
supply gradient, with high supply in the western Taihang Mountains and low supply in
urbanized eastern plains. Demand follows a “center-high, periphery-low” pattern, with
urban centers showing higher demand for urban cooling and PM2.5 removal. A severe
supply–demand imbalance exists: soil retention, PM2.5 removal, habitat quality, and carbon
sequestration are undersupplied in urbanized areas, while water yield and urban cooling
are oversupplied in the western mountains. Natural factors (precipitation and temperature)
shape western mountain supply, while human activities (GDP and nighttime light) drive
demand polarization in the east. GTWR results reveal that urban GDP growth and land
expansion intensify demand, while stable supply in mountain areas relies on precipitation
and forest cover. This study provides scientific support for the sustainable development of
resource-based cities.

Keywords: resource-based city; ecosystem service supply and demand; ecosystem service
bundles; spatiotemporal evolution; driving factors

1. Introduction
The extraction and processing of natural resources are the core industries of resource-

based cities, playing a crucial role in regional economic growth and social prosperity
throughout history [1,2]. However, rapid industrialization, urbanization, and agricultural
development have significantly impacted the regional ecosystem, affecting the supply and
demand of ecosystem services (ESs). With drastic land cover changes, resource-based
cities often face a range of ecological challenges, including environmental pollution, land
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degradation, and geological disasters [3]. These issues not only pose major obstacles
to sustainable socio-economic advancement but also accelerate the depletion of natural
resources and negatively affect ecosystem functions, particularly contributing to a decline
in ecosystem services. This threatens ecosystem stability and adversely impacts human
well-being [4]. Therefore, systematically studying ecosystem characteristics of resource-
based cities holds significant theoretical and practical importance for optimizing land use
patterns, enhancing ecosystem service capacity, and promoting urban sustainability [5].

Ecosystem services, whether directly or indirectly, provide a variety of material and
non-material benefits that support human production activities and daily life, contributing
fundamentally to human well-being [6]. The supply of ecosystem services refers to the
products and services generated by ecosystems for human use, whereas demand represents
the consumption and utilization of these products and services by humans. Together, they
represent a dynamic interaction where ecosystem services are transferred from ecological
systems to human societies [7]. The balance between ecosystem service supply and demand
is a key component of regional sustainable development theory and is essential for under-
standing the interactions between human society and the natural environment [8]. In recent
years, supply–demand relationships have become a focal point in international ecosystem
service research, evolving from defining supply and demand concepts and refining research
frameworks to focusing on the quantification and assessment of ecosystem service sup-
ply [9]. The focus has gradually transitioned towards evaluating supply–demand balance,
spatial patterns, supply–demand matching relationships, and their dynamic changes. Vari-
ous methods, including ecological modeling, public participation, and value assessment,
have been proposed to support the quantification and spatialization of ecosystem ser-
vices [10–12]. Additionally, ecosystem service flows, representing services that are actually
utilized, serve as a critical link between supply and demand. Quantifying and assessing
these flows can reveal the degree of matching between ecosystem service supply and
demand [13]. Recent studies advance urban ES research. Urban ESs enhance city resilience,
guiding our focus on Xingtai’s supply–demand dynamics. ES bundle frameworks inform
spatial planning, supporting our clustering of distinct service patterns. Socio-ecological
interactions in urban contexts underpin our GTWR analysis of drivers like urbaniza-
tion. These works contextualize our high-resolution analysis, addressing resource-based
city challenges [14–16].

The concept of ecosystem service bundles was introduced by Kareiva et al., referring to
the frequent co-occurrence of multiple ecosystem service types within a specific spatiotem-
poral range. It is widely used to identify dominant regional ecosystem services [17,18]. In
recent years, academics worldwide have increasingly explored the relationships among
ecosystem services in terms of service bundles. Methods for identifying ecosystem service
bundles mainly include principal component analysis (PCA), spatial autocorrelation analy-
sis, cluster analysis, and unsupervised neural networks [19–21]. For example, Song used
a self-organizing network approach to examine interactions among multiple ecosystem
services in Fuzhou, revealing five distinct service bundles with significant spatial hetero-
geneity. Similarly, Z et al. applied the K-means algorithm to cluster the ecosystem service
combinations of different streets in Shenzhen, identifying six ecosystem service bundle
types and their dominant spatiotemporal evolution trajectories. Furthermore, researchers
have explored ecosystem service bundles across various spatial scales, such as the national
level, watershed scale, geographical units, and administrative units [22–24]. Ecosystem
services bundles group co-occurring services shaped by socio-ecological drivers, revealing
spatial patterns. This framework guides our study to map Xingtai’s ES bundles and analyze
supply–demand mismatches [25]. However, most studies remain focused on large-scale or
macro-level analyses, with fewer investigations at smaller, localized scales. There is still
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a lack of refined identification of different bundles and comprehensive analysis of their
driving factors at the regional level.

Within the coupled dynamics of natural and human-driven processes, ecosystem
services undergo significant spatiotemporal changes. Some scholars have investigated the
mechanisms by which external factors—such as land use change, resource exploitation, and
pollution emissions—affect ecosystem services [26,27]. Methods for exploring influencing
factors include redundancy analysis (RDA), principal component analysis (PCA), regression
analysis, and machine learning techniques. However, these methods have limitations when
handling complex, multi-factor drivers. They often lack causal relationship analysis, fail
to effectively capture interactions between variables, and overlook spatial heterogeneity.
Additionally, many rely on linear assumptions or specific data distribution characteristics,
making them less suitable for addressing the nonlinear and spatially dynamic nature of
ecosystem services. The geographically and temporally weighted regression (GTWR) model
incorporates the temporal dimension, enabling a systematic analysis of driving factors
under spatiotemporal variations. It provides a powerful tool for addressing spatiotemporal
no stationarity. As an emerging spatial statistical method, GTWR has been widely applied
in ecosystem service valuation, vegetation protection, and urbanization studies [28–30].

Current research on ecological issues of resource-based cities predominantly adopts
engineering and technological perspectives, utilizing physicochemical methods to restore
ecological elements such as soil and vegetation [31]. However, few studies have conducted
comprehensive assessments of resource-based urban ecosystems at regional scales, and
even fewer have integrated both supply and demand aspects of ecosystem services to
analyze social-ecological system coupling [32]. Addressing this gap, this research quantifies
the supply, demand, and supply–demand ratios of six key ecosystem services (carbon se-
questration, PM2.5 removal, water yield, soil retention, habitat quality, and urban cooling) in
Xingtai City for 2000, 2010, and 2020 by integrating land use data and socioeconomic statis-
tics. This study identifies spatiotemporal variations in ecosystem service supply–demand
relationships and spatial matching characteristics. The self-organizing feature map (SOFM)
method is employed to identify ecosystem service bundles and explore spatiotemporal pat-
terns of multiple ecosystem service interactions. Redundancy analysis reveals differences
in ecological service supply–demand across bundles and their driving mechanisms, while
the GTWR model investigates the impact of socioeconomic development on ecological
changes. By integrating InVEST, SOFM, and GTWR, we uncover context-specific patterns
and drivers, filling a gap in applying ES bundle theory to such cities. This approach
provides novel insights for urban ecological planning, addressing unique challenges like
resource depletion and pollution.

2. Materials and Methods
2.1. Study Area

Xingtai City is situated in the southern Hebei Province (Figure 1), spanning between
113◦45′ and 115◦55′ E and 36◦45′–37◦55′ N. The city administers 4 districts, 12 counties, and
2 county-level municipalities, covering a total area of 12,457 km2 dominated by dryland,
woodland, and construction land, with a permanent population of 7 million. Its terrain
comprises two major geomorphic units: mountainous regions in the west and plains in
the east. The western mountainous and hilly area occupies 3545 km2, accounting for 28%
of the city’s total area, while the eastern plains cover 72% without distinct transitional
zones. As a typical warm–temperate continental monsoon climate zone, the city receives
500–600 mm of annual precipitation, rendering its water resources comparatively scarce.
Xingtai boasts abundant natural resources, particularly coal, iron, steel, and mineral re-
serves, which have significantly supported its industrial infrastructure development and
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energy security, establishing it as a key resource-based city in the Hebei Province and
North China. However, the city increasingly faces severe resource depletion, ecological
degradation, and major challenges in industrial restructuring and ecological restoration.

Figure 1. The location of study area.

2.2. Spatiotemporal Changes in Ecosystem Service Supply and Demand
2.2.1. Land Use Change

Land use data for 2000, 2010, and 2020 were acquired from the 1:100,000 scale dataset
provided by the Data Center for Resources and Environmental Sciences, Chinese Academy
of Sciences. A land use classification system was established based on the study area’s
characteristics, categorizing land into seven types: cropland, woodland, grassland, wa-
ter bodies, construction land (primarily urbanized landscapes and industrial/mining
land uses), and unused land. By calculating the differences between the 2000–2010 and
2010–2020 datasets, land use transition matrices and Sankey diagrams were generated to
visualize changes in land use types over time.

2.2.2. Modeling Ecosystem Services Supply and Demand

Considering the distinctive attributes of resource-dependent urban centers in the
study area—existing ecological issues, data availability, and methodological feasibility—six
ecosystem services were selected as representative ESs for this region. These include water
yield (WY), soil retention (SR), habitat quality (HQ), urban cooling (UC), PM2.5 removal
(PM2.5), and carbon sequestration (CS) which utilize Net Primary Production (NPP) as a
proxy. The study conducted quantification and mapping of both the supply and demand
aspects of these ecosystem services (Table 1). The selected ES focuses on provisioning
and regulating categories, which are most pertinent to ecological pressures in resource-
based cities (e.g., pollution and resource extraction). Cultural services, such as recreation
and esthetics, were not included due to data quantification challenges and the study’s
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emphasis on biophysical dynamics, though they merit future investigation for a holistic
urban sustainability assessment.

Table 1. Description of model frameworks, input parameters, and supply–demand metrics for six
ecosystem services (S: supply, D: demand) models.

ESs Model Process Parameters Description

WY

S:Swy =
[
1 − A(x)

P(x)

]
× P(x)

Swy = water production service supply (mm);
A(x) = actual annual evapotranspiration (mm).
P(x) = annual precipitation for raster cell x (mm).

D:Dwy = Wdom + Wagr + Weco + Woth

Dwy = the demand for water production services;
Wdom, Wagr, Weco, and Woth represent industrial
and domestic water use, agricultural water use,
ecological water use, and other water use.

SR

S:SD = RKLS − USLE
USLE = R × K × LS × C × P

RLKS = R × K × LS

SD = soil retention demand; RKLS = Potential
Soil Erosion
USLE = Actual Soil Erosion; R = Rainfall
Erosivity Factor
K = Soil Erodibility Factor; LS = Topographic Factor
(slope length/steepness).
C = Vegetation Management Factor;
P = Anthropogenic Measures Factor.D:USLE = R × K × LS × C × P

HQ

S:SHQ = Hj

[
1 −

(
Dxjz

Dxjz+kz

)]
SHQ = the level of provision of habitat
quality services;
Dxj = the level of stress experienced by raster x in
land use type j; Hj= the habitat suitability of land use
type j.
k = a scaling constant; z = a normalization constant.

D:DHQ = ∑M
k = 1 SHQ

S

DHQ =

{
DHQ − SHQ SHQ < DHQ

0 SHQ ≥ DHQ

DHQ = the Habitat Quality Requirement Standard.
S = the size of the study area (km2).

UC

S: HMi =

{
CCi

(
CCi > CCparki or GAi < 2 ha

)
CCparki (Other situations.)

CCi = 0.6 × shade + 0.2 × albedo + 0.2 × ETI

CCparki = ∑
j∈dradiusfromi

gj × CCj × e

−di,j

dcool

HMi = the supply of heat island regulation services
on image i.
CCi = the cooling capacity index, shadowing,
evapotranspiration, and albedo [33].
CCparki = the distance-weighted average of the CC
values for the greenfield.
dcool = the effective greenfield cooling distance.

D:DHM =(
Pdensity × maxP−1

density × 0.7 + P65+ × maxP−1
65+ × 0.3

)
× T

DHM = the demand for heat island regulation;
Pdensity = the population density of the
administrative unit;
P65+ = the percentage of the population over 65
years of age in the administrative unit;
T = the mean value of the inversion temperature [34].

PM2.5

S:Ppm2.5 = F × LAI × T × 0.5 × V(x)
F = Vpm2.5 × Cpm2.5

V(x) = C(x)× H

Ppm2.5 = Annual PM2.5 Deposition; F = PM2.5
Deposition Flux;
LAI = Annual Leaf Area Index; Vpm2.5 = PM2.5
Deposition Velocity;
Cpm2.5 = Annual PM2.5 Concentration; V(x) = Air
Purification Volume (grid x).
C(x) = Grid Area, H = PM2.5 Distribution Height.

D:PDpm2.5 =
(
Cpm2.5 − PBpm2.5

)
× T × V(x)

PDpm2.5 = Required PM2.5 Reduction;
Cpm2.5 = Annual PM2.5 Concentration.
PBpm2.5 = PM2.5 “Excellent”
Standard (35 µg/m3) [35,36].
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Table 1. Cont.

ESs Model Process Parameters Description

NPP

S:NPP(x, t) = APAR(x, t)× ε(x, t)
APAR(x, t) = SOL(x, t)× 0.5 × FPAR(x, t)

ε(x, t) = Tε1(x, t)× Tε2(x, t)× Wε(x, t)× εmax

NPP(x,t) = Net Primary Productivity;
APAR(x,t) = Absorbed Photosynthetically Active
Radiation; ε(x,t) = Actual Light Use Efficiency;
SOL(x,t) = Total Solar Radiation,
FPAR(x,t) = Fraction of Absorbed PAR, Tε1(x,t);
Tε2(x,t) = Temperature Stress Coefficients;
Wε(x,t) = Water Stress Coefficient; εmax = Maximum
Light Use Efficiency.

D:CD = DNx
DNsum

× C

CD = Carbon Sequestration Demand;
DNx = Nighttime Light Value (pixel x)
DNsum = Total Regional Nighttime Light Value;
C = Total Carbon Emissions.

In this study, ecosystem service demand is conceptualized as pressure-based demand,
which reflects the degree to which ecological functions are required to offset human environ-
mental stress, rather than direct consumption or economic valuation. Population density
and nighttime light intensity are therefore used as indicators of human exposure and an-
thropogenic pressure. This approach is consistent with recent research in ecosystem service
demand modeling, where demand is defined by the spatial mismatch between ecological
capacity and human stress rather than by market-based or consumption-based metrics.
Nonetheless, we acknowledge that these proxy indicators provide an indirect approxima-
tion, and future research could incorporate air quality monitoring data, health exposure
assessments, and policy threshold benchmarks to improve demand estimation accuracy.

2.3. Analysis of Supply–Demand Balance Relationships
2.3.1. Supply–Demand Matching

Imbalanced ecosystem service (ES) supply and demand leads to resource underuti-
lization. This study quantifies four ES types using the Ecosystem Service Supply–demand
Ratio (ESDR), integrating regional supply and demand data to identify mismatches.

ESDR =
S − D

(Smax + Dmax)/2

where ESDR is the supply–demand ratio in the study unit; S is the actual ES supply; D is
the actual ES demand; S_max is the maximum ES supply; and D_max is the maximum
ES demand.

2.3.2. Composite Supply–Demand Ratio

The Composite Ecosystem Service Supply–demand Ratio (CESDR) indicates the aggre-
gate balance between provisioning capacity and utilization requirements across multiple
ecosystem services, calculated as the arithmetic mean of six selected ESDRs:

CESDRj =
1
n

n

∑
i=1

ESDRij

where CESDRj denotes the ratio in grid unit j, n is the number of ES types, and ESDRij

represents the supply–demand ratio of ES type i in grid j. Both the CESDR and individual
ESDR are indices highlighting spatial correspondence between high demand and low
supply areas, and vice versa. In the results, zero values signify supply–demand equilibrium;
positive/negative values denote surplus/deficit, respectively.
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2.4. Ecosystem Service Supply–Demand Clusters

The study area, geographically positioned at the transition between the North China
Plain and Taihang Mountains, exhibits complex terrain and diverse ecological challenges.
Cluster analysis of ES supply–demand relationships quantifies their spatial heterogeneity.
Using Kohonen’s Self-Organizing Map (SOFM), 30 m × 30 m grid units were encoded as
n × 18 input vectors (n = total grids) comprising standardized ES supply, demand, and
ratio metrics (min–max normalization applied) [37]. A 5 × 5 output grid (25 potential
clusters) was selected via the Davies–Bouldin Index and Silhouette Coefficient validation.
Training parameters: 2000 iterations (1000 coarse/fine-tuning phases), initial learning rate
0.5 (exponential decay, factor 0.95), Gaussian kernel with linearly shrinking neighborhood
radius. Four dominant clusters were identified, spatially mapped via MATLAB R2019b’s
selforgmap (Neural Network Toolbox).

2.5. Driving Force Analysis
2.5.1. Redundancy Analysis

To identify key factors influencing ES supply–demand dynamics, this study quantifies
the explanatory power of socio-ecological drivers on cluster variations. Thirteen indicators
were selected across social-ecological dimensions (Table 2) for redundancy analysis (RDA),
balancing case study comparability and data feasibility.

Table 2. Indicator Selection Table.

Type Driving Factors (Unit) Abbreviation

Natural Factors Annual Average Precipitation (mm) Pre
Temperature Tem
Elevation (m) DEM

Soil Organic Matter (%) Toc
Clay Content Tclay
Silt Content Tsilt

Sand Content Tsand
Social Factors GDP per Unit Area (10,000 yuan/km2) GDP

Socioeconomic Activity Data (Nighttime
Light) NTL

Population Density Pop
Proportion of Cultivated Land Area Crop

Proportion of Forest Area Forest
Proportion of Urban Area Urban

2.5.2. GTWR Model

This study employs the geographically and temporally weighted regression (GTWR)
model to analyze spatiotemporal heterogeneity and geographic variations in drivers. By
capturing their spatiotemporal dynamics, GTWR reveals region-specific effects of driving
factors on ecosystem service supply–demand patterns, enhancing precision in mapping
spatial–temporal disparities.

Yi = β0(xi, yi, ti) + ∑
k=1

βk(xi, yi, ti)Xik + εi

where yi is the observed value at spatiotemporal location (xi,yi,ti); β0 is the regression
constant for unit i, representing the intercept term in the GTWR model; βk is the regression
parameter for the k-th independent variable at unit i, reflecting localized spatiotemporal
effects; Xik is the value of the independent variable x at unit i, quantified using GTWR
indicator system metrics; and ϵi is the model’s residual. The GTWR model assumes linear
relationships between ES supply–demand ratios and drivers (e.g., GDP and precipitation),
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capturing spatiotemporal coefficient variations. It may not fully model nonlinear effects.
Model reliability was ensured via multicollinearity tests (VIF < 5 for all drivers).

It should be noted that both RDA and GTWR are correlation-based approaches. They
reveal the strength, direction, and spatial variability of associations between ecosystem ser-
vices and their driving factors, but they do not in themselves establish deterministic causal
relationships. Therefore, the interpretation of driving mechanisms in this study is grounded
in established ecological theory and contextual land use knowledge, rather than inferred
solely from the statistical outputs. The results should thus be understood as reflecting
statistical associations and indicative influence pathways, rather than direct causation.

2.6. Data Sources and Processing

This study integrates meteorological, remote sensing, and statistical data (Table 3). All
meteorological and environmental datasets underwent interpolation and spatial analysis
to ensure consistency and accuracy, standardized under the WGS_1984_UTM_Zone_49N
projection. Processing was implemented using ArcGIS 10.8. To ensure spatial consistency
among datasets with different native resolutions (30 m, 1 km, and county-level), all raster
data were resampled to a uniform grid of 1 km resolution. Continuous variables such
as NDVI and precipitation were processed using bilinear interpolation, while categorical
variables such as land use type were resampled using a majority filter to preserve dominant
landscape features. County-level socio-economic indicators were spatially downscaled to
the same resolution through area-weighted interpolation. Population and land use statistics
were standardized to the 2020 administrative boundary framework to avoid distortions
caused by boundary adjustments over time. Since the objective of this study is to examine
relative spatial differences and temporal trends rather than absolute economic magnitudes,
these harmonization steps help minimize potential bias while maintaining the validity of
the long-term analysis.

Table 3. Data Sources.

Data Type Data Resolution Data Source

Land Use 30 m
Resource and Environmental Science Data

Platform (http://www.resdc.cn, accessed on
12 September 2025)

Elevation 30 m
Earth Resources Data Cloud Platform—“Global

30 m SRTM Elevation DEM Data”
(www.gis5g.com, accessed on 12 September 2025)

Soil Data 1 km Harmonized World Soil Database (HWSD) V1.2

Precipitation and Evapotranspiration 1 km
National Earth System Science Data Center

(http://www.geodata.cn, accessed on
12 September 2025)

Temperature 1 km Earth Resources Data Cloud

Land Surface Temperature 1 km Resource and Environmental Science
Data Platform

Nighttime Light 1 km
Earth Observation Group—Payne Institute for

Public Policy (https://www.mines.edu, accessed
on 12 September 2025)

Population Density 1 km LandScan 1 km Global Population Distribution
Raster Data

GDP and Energy Consumption — National Bureau of Statistics of China, China
Energy Statistical Yearbook

Annual Average Leaf Area Index (LAI) 1 km
Earth Resources Data Cloud—“China 1 km
Monthly Average LAI Dataset (2000–2022)”

(www.gis5g.com, accessed on 12 September 2025)

http://www.resdc.cn
www.gis5g.com
http://www.geodata.cn
https://www.mines.edu
www.gis5g.com
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Table 3. Cont.

Data Type Data Resolution Data Source

PM2.5 1 km

National Tibetan Plateau Data Center—“China
High-resolution and High-quality PM2.5 Dataset

(2000–2023)” (http://www.tpdc.ac.cn, accessed on
12 September 2025)

Population Age Structure, Water Use County Level County/City Statistical Yearbooks, Water
Resources Bulletins

3. Results
3.1. Land Use Changes

Figure 2 illustrates that the main land use types in Xingtai City, ranked by area, are
cropland, construction land, grassland, forest land, water bodies, and unused land. From
2000 to 2020, the city’s land use pattern changed significantly, characterized by a decline
in agricultural land, exponential growth of construction land, and a moderate increase in
ecological land (e.g., forest and water bodies) (Table 4). First, cropland decreased notably,
while construction land increased significantly. The proportion of cropland fell from 73.26%
to 65.99%, a reduction of 906.863 km2. Construction land rose from 8.96% to 16.48%, an
increase of 937.572 km2. Second, grassland areas declined overall, while forest areas grew.
Grassland decreased from 10.75% to 8.80%, mainly converted to cropland (86.527 km2)
and construction land (73.338 km2). Forest land increased from 5.78% to 6.50%, a gain of
87.532 km2. Third, water bodies and unused land showed different trends. Water bodies
grew from 1.25% to 2.06%, increasing by 101.443 km2. Unused land expanded slightly to
21.443 km2, mostly converted to construction land.

Figure 2. Land use change and Sankey diagram of Xingtai City from 2000 to 2020.

http://www.tpdc.ac.cn
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Table 4. Land use transition matrix of Xingtai City from 2000 to 2020 (km2).

Year 2000 →
Year 2020 ↓

Cultivated
Land Forest Land Grassland Water Area Construction

Land
Unused

Land
Total

Outflow

Cultivated
Land 7955.334 40.7754 84.7161 71.4105 971.7075 3.8934 9127.8369

Forest Land 22.8645 667.1232 17.5824 0.8496 11.7468 0.0531 720.2196
Grassland 86.5269 98.6112 991.7424 87.6582 73.3383 0.3213 1338.1983

Water Area 30.3426 0.7029 2.0448 95.1615 10.359 17.0766 155.6874
Construction

Land 125.9064 0.5391 0.9846 2.0502 985.9302 0.099 1115.5095

Unused Land 0 0 0 0 0 0 0
Total Inflow 8220.9744 807.7518 1097.0703 257.13 2053.0818 21.4434 12457.4517
Net Change −906.8625 87.5322 −241.128 101.4426 937.5723 21.4434 —

3.2. Ecosystem Service Supply and Demand Dynamics
3.2.1. Spatial–Temporal Characteristics of Ecosystem Service Supply

From 2000 to 2020, Xingtai City’s ecosystem services showed a distinct west–east
gradient (Figure 3). The western Taihang Mountains had high water yield (peak 579 mm)
and soil retention (169.486 t/pixel), linked to elevation and forest cover, while eastern
plains scored low. Habitat quality was high in the west but low in urban–agricultural
transition zones. Urban cooling was weakest (≤0.08) in eastern plains, correlating with
construction land. PM2.5 removal peaked in western forests (269.522 g/m2) and was lowest
in eastern industry (21.2706 g/m2). Carbon sequestration was highest in western forests
(5426 kgC/m2). Zero-value zones expanded from 6.3% to 14.1%, tracking urbanization.
Temporally, water yield >500 mm areas shrank by 12.3% post-2010; NPP high zones shifted
west (2010–2020); low heat island (<0.2) and PM2.5 removal (<50 g/m2) zones grew to 20.1%
and 21.3%, respectively. Soil retention varied <3%, and habitat quality remained stable,
reflecting topographic and vegetative controls.

3.2.2. Spatial–Temporal Characteristics of Ecosystem Service Demand

From 2000 to 2020, Xingtai’s ecosystem service demand showed a distinct west–east
gradient (Figure 4). Urbanization drove the rapid expansion of high-demand zones in
eastern plains for water, cooling, PM2.5 removal, and carbon sequestration, aligned with
construction growth. Western mountains maintained stable low demand due to natu-
ral constraints. Soil retention demand concentrated in erosion-prone hills, slightly de-
creasing with cropland intensification. Habitat quality demand expanded along urban–
rural edges, while cooling and PM2.5 removal demand radiated from urban centers. Ur-
ban areas saw demand intensify as follows: cooling zones grew by 1.8× (peaking at
27.1 person/(km2·◦C−1)) and PM2.5 removal zones grew by 1.5× (70.5 kg/m2 peak). Car-
bon demand shifted outward with urban expansion, while western low-demand areas
persisted, reflecting topographic controls.

3.3. Characteristics of Supply–Demand Relationships
3.3.1. Integrated Supply–Demand Ratio

Figure 5 shows that all six ecosystem services in Xingtai from 2000 to 2020 followed a
west–east gradient in supply–demand ratios—high in the mountainous west, low in the
urbanized plains—reflecting both natural conditions (terrain and vegetation) and human
activities (urbanization and agriculture). Urbanization-related services (urban cooling
and PM2.5 removal) showed increasing spatial clustering of low-ratio zones, while nature-
driven services (water yield and soil retention) saw slight shrinkage in high-ratio areas due
to rainfall fluctuations. Water yield ratios ranged from 0.30 (high, in recharge zones) to
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−1.80 (low, in irrigation belts). Soil retention ratios peaked at 1.74 in forested hills and
dropped to -0.04 in cropland plains, showing farming’s limiting effect. Habitat quality
had a stark contrast (1.10 to −0.89), highlighting the gap between core protected areas
and degraded zones. Urban cooling ratios (1.0 to −0.89) reflected weak regulation in
urban cores, with low-ratio zones becoming more clustered. PM2.5 removal ratios (1.65 to
−0.78) mirrored vegetation vs. industrial areas. Carbon sequestration (NPP) showed sharp
differences (0.004 to −1.98), with low ratios expanding along urban growth zones.

Figure 3. Spatiotemporal distribution of ecosystem service supply from 2000 to 2020.



Land 2025, 14, 2270 12 of 25

Figure 4. Spatiotemporal distribution of ecosystem service demand from 2000 to 2020.

3.3.2. Supply–Demand Matching Degree

The composite ecosystem service supply–demand ratio (CESDR) used in this study
indicates the relative balance between estimated supply and proxy-based demand at the
grid scale. A negative CESDR denotes that supply is estimated to be lower than demand
in that location; however, the policy’s relevance to any given negative value depends
on service-specific ecological thresholds, management objectives, and risk tolerance. To
make spatial deficit mapping more actionable for planners, we adopt a pragmatic, empiri-
cally grounded classification based on the CESDR distribution in Xingtai: severe deficit
(CESDR ≤−0.50), moderate deficit (−0.50 < CESDR ≤−0.20), mild deficit (−0.20 < CESDR
< 0), balanced (0 ≤ CESDR ≤ 0.20), and surplus (CESDR > 0.20). These cutoffs are intended
as prioritization guidelines, not as fixed ecological breakpoints.
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Figure 5. Ecosystem service supply-to-demand ratio map of Xingtai City from 2000 to 2020.

Figure 6 reveals significant spatiotemporal changes in Xingtai’s composite ecosystem
supply–demand ratio (CESDR) from 2000 to 2020, showing a worsening supply–demand
imbalance. Balanced areas decreased from 44% (2000) to 36% (2020), while deficit zones
(supply < demand) expanded from 34% to 48%, accelerating post-2010—reflecting surging
demand from urbanization and agricultural expansion. Surplus zones (supply > demand)
shrank from 22% to 16%, concentrated in western hills where the CESDR declined from
0.45 to 0.28 due to climate change and human pressures. Eastern plains exhibited in-
tensifying deficits (CESDR: −0.3 to −0.45), with low-value zones spreading from ur-
ban/agricultural cores. Transitional areas shifted from near-balanced (2000) to marked
deficits (CESDR < −0.3 by 2020), highlighting escalating demand surpassing
supply capacities.
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Figure 6. Integrated ecosystem service supply-to-demand ratio map of Xingtai City from 2000 to 2020.

3.4. Spatial Variation in Ecosystem Service Bundles
3.4.1. Bundle Classification

Figure 7 identifies four ecosystem service clusters in Xingtai: mountain ecological
barrier (western Taihang Mountains, forest-dominated with stable structure and high
water/carbon services), urban development (city periphery), hilly composite use (cen-
tral/southeastern hills and mixed cropland/grassland with diversified services), and plain
agricultural production (eastern plains, >85% cropland reflecting intensive farming). Spa-
tiotemporal analysis shows stable distributions for mountain and plain clusters, while
urban clusters expanded continuously with urbanization. Hilly clusters experienced crop-
land/grassland decline and slight construction land growth under land development
pressures, highlighting urbanization-driven spatial restructuring and varied regional sup-
ply characteristics.

Figure 7. Ecosystem service cluster classification and land use type proportions within each cluster.

3.4.2. Analysis of Ecosystem Service Proportions in Each Bundle

Figure 8 demonstrates that the spatiotemporal evolution of Xingtai’s four ecosys-
tem service clusters reflects dynamic supply–demand adjustments driven by natural hu-
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man activity gradients. From 2000 to 2020, mountain barrier clusters (natural dominant)
maintained stability (<5% fluctuation) while plain agricultural clusters declined (>10%),
highlighting contrasting trends. Western mountain clusters (core supply area) sustained
high PM2.5 removal and carbon sequestration (NPP) shares (>45% average), increasing
3.2% and 2.8% post-2010, supported by forest coverage. Habitat quality (HQ) and soil
retention (SR) varied <2%, confirming natural regulation stability. Eastern clusters showed
human-induced degradation; urban clusters’ water yield fell from 58.6% (2000) to 52.1%
(2020), SR dropped 9.1%, reflecting intensified farming impacts. Plain agricultural clusters
saw urban cooling (UC) and PM2.5 removal decrease by 12.6% and 10.2% and NPP declined
by 8.9%. Transitional hilly clusters achieved balance post-2010, with UC and PM2.5 removal
shares rising by 4.3% and 3.7%.

Figure 8. Analysis of ecosystem service proportions in each cluster, 2000–2020. The length of each
colored sector represents the supply–demand ratio of each ecosystem service, indicating the degree of
surplus or deficit relative to demand; the percentage labels show the corresponding deviation values.

3.5. Factors Influencing Ecosystem Service Supply–Demand Ratios
3.5.1. RDA

This section reveals significant spatiotemporal heterogeneity in drivers of Xingtai’s
ecosystem service clusters from 2000 to 2020 via redundancy analysis (RDA), as shown
in Figure 9. Key drivers remained stable, but their contributions shifted dynamically.
Urban clusters showed strengthened GDP and population density influences, while natural
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factors dominated mountainous/hilly clusters. Mountain barrier clusters were primarily
driven by forest cover (73.1% explanatory power, p < 0.024), positively affecting PM2.5

removal (PR), habitat quality (HQ), urban cooling (UC), and carbon sequestration (NPP).
Precipitation governed water yield (WY) and soil retention (SR). Urban clusters relied on
GDP, population density, and nighttime lights (71.4% explanation), with GDP increasingly
driving UCM and NPP. Hilly clusters exhibited blended natural–social drivers (67.2%
explanation), influenced by cropland, population, and temperature. Plain agricultural
clusters depended on cropland area (58.4% explanation), enhancing PM2.5, NPP, SR, and
HQ, while WY responded to precipitation.

Figure 9. Redundancy analysis of ecosystem service supply–demand relationships and socio-natural
driving factors (2000–2020).Abbreviations: GDP: Gross Domestic Product; POP: Population density;
NTL: Nighttime Light Proportion; Crop: Cropland proportion; Forest: Forest proportion; DEM:
Digital Elevation Model; Pre: Annual precipitation; Tem: Annual mean temperature; Toc: Organic
carbon proportion; Tclay: Clay proportion; Tsand: Sand proportion; Tsilt: Silt proportion; Symbols:
Blue arrow: Ecosystem services; Red arrow: Driving factors.
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3.5.2. Analysis of GTWR Model

To address multicollinearity, each explanatory variable underwent standardization
and correlation testing. SPSS 26.0 software was employed to standardize both dependent
and independent variable data. Multicollinearity testing was conducted on all standard-
ized variables using regression analysis tools, with variance inflation factor (VIF) values
controlled below five. Regression analysis confirmed that all selected variables passed
multicollinearity testing. Using ArcGIS 10.8 software, OLS, geographically weighted re-
gression (GWR), and spatiotemporal geographically weighted regression (GTWR) models
were compared for the drivers of ecosystem service supply and demand in Xingtai City
from 2000 to 2020. The fitting results for each regression model are presented in Table 5.
Table 5 indicates that the coefficient of determination (R2) values, from highest to lowest,
correspond to the GTWR model, GWR model, and OLS model, respectively. Similarly,
the AICc values, from lowest to highest, correspond to the GTWR model, GWR model,
and OLS model, respectively. Consequently, the spatiotemporal geographically weighted
regression (GTWR) model demonstrates superior fitting performance.

Table 5. Regression parameters for OLS model, GWR model, and GTWR model.

Model AICc R2 R2 Adjusted

OLS 1906.4 0.314 -
GWR 1206.785 0.515 0.509

GTWR 902.411 0.642 0.636

The spatiotemporal dynamics analysis of driving factor regression coefficients based
on the GTWR model indicates that the mechanisms underpinning the supply and de-
mand of ecosystem services in Xingtai City from 2000 to 2020 exhibit significant spatial
heterogeneity and temporal non-stationarity (Figure 10). Comprehensively, among natural
factors, the spatial differentiation characteristics of the regression coefficients for precip-
itation (Pre) and temperature (Tem) are highly coupled with the geographical gradient.
In the western mountainous region, the Pre coefficient (0.059–0.243) exhibits a positive
driving effect, consistent with the spatial distribution of water yield demand. However,
in the eastern plains, the Tem coefficient (−0.150 to 0.214) exhibited a negative inhibitory
effect, overlapping with areas of expanding urban heat island mitigation demand. Among
human activity factors, the negative effects of urbanization (urban: −0.300 to −0.022)
and nighttime light index (NTL: −1.011 to 0.217) intensified persistently in the eastern
urban core, with their high-value zones (β > 0.2) coinciding with regions of heightened
PM2.5 removal and heat island regulation requirements. NTL: −1.011 to 0.217) intensified
persistently in the eastern urban core. Their high-value bands (β > 0.2) aligned with the
expansion trajectories of high-demand zones for PM2.5 removal and heat island regulation,
indicating that urban sprawl exacerbates local environmental service pressures. The driving
effects of agricultural activity (Crop) and forest cover (Forest) exhibit an east–west rever-
sal pattern: crop coefficients (−4.557 to 0.300) demonstrate significant negative impacts
(β<-2.0) in eastern farmland-dense zones, spatially linked to low soil retention demand
areas; The forest coefficient (−1.210 to 0.454) exhibits a positive driving effect (β > 0.3) in
forested regions of the west, supporting the natural anchoring effect for habitat quality
demands. The spatiotemporal variation in regression coefficients for GDP and population
(POP) is pronounced. High GDP zones (β > 0.096) exhibit a belt-like distribution along
industrial corridors, expanding by 1.8-fold between 2010 and 2020—mirroring the spread
of areas with zero carbon sequestration service demand. (Note: β denotes standardized
regression coefficient).
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Figure 10. Spatial distribution of driving factor regression coefficients.
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4. Discussion
4.1. The Dramatic Changes in Ecosystem Service Supply–Demand in Recent Decades

The supply capacity of six ecosystem services has significantly declined due to land
use changes and human-induced processes. Urban cooling weakened annually, driven by
urban expansion and green space loss, aligning with findings on urbanization exacerbat-
ing heat island effects in the Beijing–Tianjin–Hebei region [38]. Habitat quality notably
deteriorated in central and southern areas due to reduced ecological land. Soil retention
and carbon sequestration declined sharply from cropland loss, land use shifts, and mining.
Water yield capacity remained low due to water scarcity and unmet ecological demands.
PM2.5 removal weakened from diminished ecosystem self-purification, reflecting limited
ecological support for air quality improvement [39].

The ecosystem service demand rose markedly with socioeconomic and population
growth. Urban cooling and carbon sequestration needs intensified, particularly in rapidly
urbanizing areas, exacerbating supply–demand imbalances. Habitat quality demand in-
creased with ecological awareness, yet policy efforts failed to resolve persistent gaps. Soil
retention demand concentrated in plain agricultural clusters, where cropland protection
conflicts with infrastructure expansion. Water yield and PM2.5 removal exhibited stark re-
gional disparities, surging in resource-dependent cities due to water scarcity and pollution,
consistent with Beijing–Tianjin–Hebei environmental pressures [40].

This study reveals significant spatial heterogeneity in ecosystem service supply–demand
patterns across cluster types. Plain agricultural clusters, predominantly located in agricul-
turally rich areas, exhibited sustained high supply–demand ratios for water yield and soil
retention. Urbanization clusters, concentrated in urban/peri-urban zones, showed severe
imbalances (demand > supply) for PM2.5 removal and urban cooling, worsening over
time. Hilly multifunctional clusters maintained balanced supply–demand relationships
in less-developed regions [41]. Mountain ecological barrier clusters, situated in sensi-
tive zones, demonstrated high supply ratios for habitat quality and carbon sequestration.
Overall, Xingtai’s ecosystem service imbalances intensified spatiotemporally. Accelerated
urbanization and land use changes from 2000 to 2020 exacerbated supply–demand con-
flicts, particularly in urbanization clusters, underscoring how economic growth pressures
ecosystem capacities despite meeting human demands.

4.2. Ecosystem Service Supply–Demand Bundles Reflect the Spatial Heterogeneity of
Ecological Functions

Natural factors exhibit relatively stable spatiotemporal distributions, predominantly
influenced by topographic and climatic conditions, while the spatial patterns of human ac-
tivity factors show significant dynamic changes closely aligned with urbanization processes.
Spatially, the eastern plains demonstrate the highest human activity intensity, manifested
through urban land expansion, population density growth, and the clustering of high
nighttime light values, which markedly differ from the spatial distribution of high-value
natural factors. In contrast, the western mountainous regions with high natural factor
values exhibit strong ecological functional stability due to weaker human activity intensity.
Changes in Xingtai’s land use patterns result from the interplay of natural forces and hu-
man influences, with their mechanisms displaying significant spatiotemporal heterogeneity.
Temporally, natural factor distributions remain largely stable, serving as ecological back-
ground conditions for regional land use, whereas human activity factors exhibit distinct
phased changes. From 2000 to 2020, urbanization and economic development accelerated
significantly, gradually strengthening human activities’ dominant role in land use. Spatially,
natural factors display a gradient decreasing from west to east, while human activity factors
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show pronounced spatial differentiation, with strong aggregation effects in the eastern
plains and weaker interference in the western mountains [42].

Regarding natural drivers, the spatial differentiation of soil organic matter, rainfall,
and surface temperature aligns closely with the literature highlighting the critical role of
climatic factors and soil quality in agro-ecosystem service provisions [43,44]. Redundancy
analysis (RDA) reveals significant spatial differences and dynamic variations in ecosystem
service drivers across ecological clusters; mountain and hill clusters are primarily gov-
erned by natural factors, urbanization clusters by socioeconomic factors, and plain clusters
by agricultural resource factors. These regional driver differences reflect the diversity
of ecosystem service supply–demand patterns and establish a scientific foundation for
spatially targeted ecological conservation and management approaches. Comparative anal-
ysis of GTWR coefficients indicates that these factors’ driving effects on ecological service
demand significantly intensify in urbanizing regions, consistent with the conclusion that
“accelerated urbanization increases ecosystem service demand” [45]. The GTWR results
reveal that urbanization drives PM2.5 removal and urban cooling deficits in eastern urban
clusters, while precipitation and forest cover enhance water yield in western mountains.
These socio-ecological interactions explain supply–demand mismatches, with high GDP
amplifying urban demand. This highlights the need for targeted green infrastructure to
balance human–nature dynamics. Furthermore, RDA results highlight that the nighttime
light index not only directly reflects economic activity intensity but also positively correlates
with ecosystem supply–demand imbalances.

In terms of coupling effects, this study reveals that the interactions between natural
conditions and human activities differ significantly across development intensity gradients.
Natural factors demonstrate relatively stable influences on ecological service supply at the
regional scale, whereas human activity factors exhibit stronger temporal fluctuations, par-
ticularly during periods of rapid urban expansion in resource-dependent cities. Meanwhile,
it is important to acknowledge that the ecosystem service estimates in this research are
derived from biophysical simulation models and publicly available datasets, which may
introduce uncertainty. To ensure reliability, model outputs were cross-validated against
hydrological trends, NDVI changes, and land use dynamics, and the analysis focuses on
relative spatial patterns rather than absolute quantities. These findings underscore that
the coupling of natural endowments and socioeconomic dynamics is the core driver of
ecosystem service bundle differentiation. Therefore, ecological governance in resource-
based cities should adopt differentiated management strategies; high-intensity human
activity zones should prioritize land use structural optimization and ecological restoration
to mitigate urbanization pressures, while ecological conservation zones should reinforce
natural ecosystem stability. Future work may further enhance empirical robustness through
long-term monitoring networks and high-resolution ecological data assimilation [46].

4.3. The Development and Ecological Protection of Resource-Based Cities Requires
Coordinated Attention

As a typical resource-based city, the study of temporal and spatial changes in ecosys-
tem services and their underlying drivers in Xingtai provides critical scientific evidence
for regional ecological conservation and holds significant implications for the high-quality
transformation of resource-dependent cities. By quantitatively assessing ecosystem ser-
vice supply, demand, and their ratios, this research identifies the spatial distribution and
dynamic patterns of ecosystem service bundles, offering data support for land use opti-
mization and ecological protection strategies [47]. Based on clustering results, we propose
region-specific governance strategies: (1) For mountainous ecological barriers, increase
forest cover by 15% by 2035 in western Taihang Mountains to enhance water yield and car-
bon sequestration, prioritizing reforestation in degraded areas. (2) In urban development
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clusters, limit construction land expansion to 5% annually in eastern plains and achieve
25% green space coverage by 2030 to address PM2.5 removal and urban cooling deficits.
(3) For hilly composite use areas, promote mixed land use planning to balance habitat
quality and agriculture. (4) In plain agricultural zones, implement soil retention practices
on 30% of farmland by 2030 to reduce erosion. These measures target supply–demand
imbalances for sustainable development [48].

In the context of global ecosystem governance, the findings of this study align with
widely used policy tools such as payments for ecosystem services (PESs), biodiversity
offsetting mechanisms, ecological redline zoning, and large-scale ecological restoration pro-
grams. Recent international assessments have emphasized that effective biodiversity and
ecosystem service management require not only conservation measures but also spatially
differentiated strategies tailored to local socio-ecological conditions [15,49]. The ecosystem
service bundle approach adopted in this study provides a framework for identifying zones
where ecological protection should be prioritized and zones where controlled develop-
ment and ecological compensation are more suitable. Although the empirical focus of
this research is Xingtai, the governance logic is transferable to other regions—including
tropical ancient forest areas in Indonesia, Colombia, Sri Lanka, and Ghana—where bal-
ancing conservation value with livelihood and developmental needs remains a central
challenge. Therefore, our results offer a spatial decision-support perspective that may assist
policymakers in designing adaptive, region-specific strategies for coordinated ecological
protection and sustainable land use transitions.

Furthermore, the ecosystem service bundles identified in this study provide a basis for
aligning ecological governance with sustainability planning in resource-dependent cities.
The Mountain Ecological Barrier Bundle supports long-term ecological security and carbon
storage, contributing directly to SDG 13 and SDG 15. The Urban Development Bundle
highlights the need for resilient urban transformation, consistent with SDG 11 by promoting
compact growth and low-impact infrastructure. The Hilly Multifunctional Transition Bun-
dle suggests pathways for adaptive land use strategies that balance ecological conservation
with livelihood needs, supporting integrated landscape management. Meanwhile, the
Plain Agricultural Production Bundle indicates opportunities to transition from high-input
agriculture to green production systems through ecological compensation and farmland
protection policies. These bundle-specific insights provide actionable guidance for spatial
planning, land use regulation, and ecological compensation schemes in resource-based
cities undergoing sustainable development transitions [50].

4.4. Limitations

It is important to acknowledge several limitations of this study. First, the ecosystem
service estimates are derived from biophysical simulation models and publicly available
datasets, which may introduce uncertainty. Although parameter settings for water yield,
soil retention, and PM2.5 removal were based on regionally calibrated coefficients, and
model outputs were cross-validated using observed hydrological trends, NDVI dynam-
ics, and land use change patterns, field-based validation was not feasible at the regional
scale. Additionally, ecosystem services quantified using the InVEST model and remote
sensing indicators may be subject to over- or under-estimation in regions with dense
vegetation or homogeneous land cover, which could obscure fine-scale spatial and tem-
poral heterogeneity. Second, while this study focuses on relative spatial patterns rather
than absolute magnitudes to minimize uncertainty, the explanatory models still rely on
simplifying assumptions. The GTWR framework assumes primarily linear relationships
between ecosystem services and human activities, and does not explicitly incorporate spa-
tial spillover effects, climatic variability, or policy-driven changes. Moreover, although the
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analysis identifies key biophysical and socio-economic drivers, further work is needed to
quantitatively assess the contribution of each driver and to integrate additional influential
factors. Future research should enhance empirical reliability and model robustness by
incorporating long-term field monitoring networks, higher-resolution data assimilation,
nonlinear or causal inference modeling approaches, and a broader range of socioeconomic
and policy variables [51].

5. Conclusions
This study conducted a comprehensive assessment of the supply and demand of

six ecosystem services (ESs) in Xingtai City. Based on the Ecosystem Service Bundles
(ESBs) framework. ES supply–demand clusters were identified and analyzed through
RDA and GTWR to explore their driving factors and propose targeted planning recom-
mendations. The principal conclusions can be summarized as follows: (1) All six ES types
demonstrate marked spatial variability. High supply values are disproportionately lo-
cated in the western mountainous areas, while low values dominate the eastern plains.
In contrast, demand is highest in urban and county centers, decreasing outward. (2) Al-
though the overall supply–demand ratios are relatively balanced, spatial mismatches are
pronounced. Soil retention, PM2.5 removal, habitat quality, and NPP are in a state of under-
supply, with supply–demand ratios of −0.04, −0.13, −0.56, and −0.28, respectively. Water
yield and urban cooling show slight oversupply, with ratios of 0.017 and 0.008. Spatially,
supply–demand mismatches are concentrated in urban centers, while peripheral areas tend
to have surplus supply. (3) Supply–demand clusters were delineated according to ratio
metrics and their drivers were analyzed accordingly. Natural factors (e.g., precipitation
and temperature) anchor supply capacity through geographic gradients, while human
activity factors (e.g., GDP and NTL) drive demand polarization in a “center–periphery”
pattern. The GTWR model indicates that GDP growth and urban expansion are significantly
correlated in urban development clusters, while service stability in mountainous ecological
barrier clusters is positively influenced by precipitation and forest cover.

Based on the identified bundle patterns, this study recommends differentiated and
cluster-based governance strategies rather than adopting uniform measures across the
entire region. In the western mountainous areas, which function as ecological barrier
clusters, maintaining ecological stability should be prioritized by reinforcing ecological
protection controls and preventing further land use conversion. In contrast, the eastern
urban development pressure clusters require the guidance of compact and intensive urban
growth while strengthening ecological function zoning to alleviate concentrated ecosystem
service demand pressures. For the agricultural production clusters located in the central
plains, improving land management practices and enhancing vegetation cover are essential
to mitigate the decline in ecosystem service supply associated with intensive agricultural
activities. Additionally, in the river–wetland regulation corridor, ecological connectivity
should be enhanced to ensure the continuous flow and coordination of ecosystem ser-
vices across landscape units. These differentiated strategies emphasize spatially adaptive
governance aligned with the ecosystem service characteristics of each cluster.

Our study contributes to ES bundle theory by applying it to a resource-based city,
revealing four distinct bundles and their spatially heterogeneous drivers via GTWR. Unlike
standard applications, this high-resolution analysis (30 m × 30 m) offers novel insights
into managing supply–demand imbalances in urbanizing, resource-scarce contexts. These
findings inform targeted ecological restoration, advancing sustainable planning in similar
cities globally.
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