
Academic Editors: Jeroen Meersmans

and Maria Rosa Trovato

Received: 3 December 2025

Revised: 31 January 2026

Accepted: 3 February 2026

Published: 10 February 2026

Copyright: © 2026 by the authors.

Licensee MDPI, Basel, Switzerland.

This article is an open access article

distributed under the terms and

conditions of the Creative Commons

Attribution (CC BY) license.

Article

Driving Mechanisms and Multi-Scenario Simulation of
Spatiotemporal Evolution in Habitat Quality Within Core Region
of Anyang, Yellow River Basin
Junfeng Zhang and Yue Shen *

School of Human Settlements, North China University of Water Resources and Electric Power, Zhengzhou 450046,
China; zhangjunfeng@ncwu.edu.cn
* Correspondence: x20231141026@stu.ncwu.edu.cn

Abstract

In the context of intensifying industrial emissions and rapid urban sprawl, balancing
environmental sustainability and economic expansion has grown more pronounced in
Anyang. Drawing on land-use data spanning the years 2000, 2010, and 2020, this research
employed the InVEST model to examine the spatiotemporal dynamics of habitat quality
across the region. To uncover key influencing factors, this study integrated the GeoDetector
method, while future habitat trends were projected to 2030 using a coupled intPLUS-
InVEST simulation framework. The analysis revealed that over the past two decades,
habitat quality remained consistently low, displaying a geographic gradient associated
with elevated levels in western mountainous zones, along with lower levels across eastern
plains. The evolution of habitat conditions appears to result from the intricate interde-
pendencies between environmental variables, anthropogenic pressures, and industrial
expansion. Projections in various development scenarios point to stark contrasts in future
habitat outcomes: notably, the scenario combining industrial transformation with ecologi-
cal rehabilitation fosters moderate gains and stabilizes declining trends in habitat quality.
These insights emphasize the urgency of implementing robust policy mechanisms and
spatially nuanced land-use strategies to facilitate Anyang’s ecological transition and ensure
long-term regional sustainability.

Keywords: habitat quality; InVEST model; geographic detector; intPLUS model;
multi-scenario prediction

1. Introduction
Since the early 2000s, rapid industrial expansion and urban sprawl have significantly

contributed to global warming, intensifying extreme weather events and placing mounting
pressure on ecological systems worldwide [1–4]. Urban biodiversity—integral to global
ecological balance—is increasingly undermined by the contraction of natural habitats, land
cover alterations, habitat fragmentation, and declining ecosystem functionality [5–7]. Within
this context, habitat quality reflects an ecological capacity to sustain viable populations
and ecological processes, serving as a critical indicator for evaluating the sustainability
of regional development [8]. Amid growing efforts to coordinate ecological conservation
with economic transformation, it is imperative to examine the spatiotemporal evolution of
habitat quality, uncover its driving mechanisms, and simulate future trends in multiple
development scenarios. These efforts are essential for constructing resilient territorial
ecological security frameworks and advancing global sustainability goals.
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Habitat quality has long attracted scholarly attention in the domains of ecology and
environmental science, with research conducted across various spatial scales and analytical
paradigms. Broadly, the existing literature can be classified into two approaches: (1) micro-
scale assessments centered on individual species or ecological communities, often relying
on field surveys and empirical indicators [9], and (2) regional-scale analyses that integrate
remote-sensing data with algorithmic models to monitor spatial and temporal trends.
Widely used models include social values for ecosystem services (SolVES), the maximum
entropy model (MaxEnt), the habitat suitability index (HIS), and integrated valuation of
ecosystem services and tradeoffs (InVEST), among which the InVEST model has gained
prominence due to its operational flexibility and sound theoretical foundation [10–13]. To
project future trajectories, researchers have increasingly integrated habitat models with
land-use simulation tools, such as conversion of land use and its effects at small regional
extent (CLUE-S), the future land-use simulation model (FLUS), cellular automata (CA)–
Markov, and the more recent patch-generating land use simulation (PLUS) model, offering
enhanced performance in simulating large-scale and multi-type land-use transitions [14–17].
Recent studies highlight the synergistic utility of combining PLUS with InVEST models.
Zhang et al. [18] analyzed ecosystem services evolution in the Beijing–Tianjin–Hebei region
using this approach, whereas Hou et al. [19] applied it to assess habitat quality under land-
use change in the Fen River Basin. Wang et al. [20] employed the coupled framework for
multi-scenario habitat quality projections in Bosten Lake Basin. Pan et al. [21] also evaluated
long-term land use and habitat trends in Guangxi (2000–2020). These cases demonstrate the
robustness of PLUS in capturing spatial land-use dynamics and the reliability of InVEST in
habitat assessment.

Although the PLUS model has grown into a mainstream tool in land-use simulation, its
traditional structure still faces limitations in representing complex land-use interactions. To
resolve these concerns, Xun et al. [22] developed an interaction network patch-generating land-
use simulation (intPLUS) model in 2025. Unlike the original PLUS model, which utilizes the
simple multiplicative framework incorporating suitability probability, neighborhood effects, and
randomness, intPLUS introduces a logarithmic-weighted embedding mechanism to explicitly
capture interaction networks between land-use categories. This refinement allows for nuanced
modeling of competitive and inhibitory relationships, while adaptive weight optimization
enhances both accuracy and spatial realism in simulation results [23]. Consequently, the intPLUS
model has emerged as a promising advancement in precision land-use forecasting, particularly
relevant for regions experiencing rapid transformation. Despite growing attention to habitat
quality at watershed and provincial scales, relatively few studies have focused on heavily
industrialized urban regions, areas typically characterized by fragile ecosystems and intense
anthropogenic disturbance. To advance our understanding in this area, we propose a synergistic
combination of intPLUS with InVEST models to evaluate the habitat quality dynamics of such
environments, using Anyang in Henan Province as a case study.

Anyang represents a prototypical industrial city undergoing accelerated land-use restruc-
turing driven by industrial emissions, domestic wastewater, and urbanization pressures [24].
These changes have led to notable habitat degradation, posing ecological risks not only locally
but also to the broader Beijing–Tianjin–Hebei ecological corridor. As a designated core region
for ecological preservation and green development in the Yellow River Basin, Anyang holds
strategic value in national biodiversity conservation agendas. The city’s long-term devel-
opment blueprint—outlined in the “14th Five-Year Plan and 2035 Vision Goals”—explicitly
prioritizes ecological sustainability and envisions the transformation of Anyang into a model
of “Beautiful China” development [25]. Given this background, this study was guided by
the following key questions: (1) How has habitat quality evolved in Anyang over the period
of 2000–2020? (2) What are the dominant natural and anthropogenic drivers shaping spatial
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heterogeneity in habitat quality? (3) How might habitat quality change under future land-use
trajectories characterized by distinct policy priorities?

To address these questions, this research combined the geographic detector (GeoDetec-
tor) method with the intPLUS-InVEST model to evaluate historical patterns and simulate
future outcomes in four carefully constructed scenarios: natural development, urban
construction, ecological conservation, and a hybrid strategy featuring industrial green
transformation coupled with ecological restoration. The specific research objectives are
outlined as follows: (1) to examine and visualize the spatiotemporal evolution of habitat
quality in Anyang between 2000 and 2020; (2) to identify and quantify the key environmen-
tal and socioeconomic drivers of spatial habitat variation; and (3) to simulate and project
the geographic configuration of habitat quality in 2030 in multiple development scenarios.

2. Methods
2.1. Study Sites

Anyang (35◦12′–36◦22′ N, 113◦37′–114◦58′ E) is located at the tri-provincial boundary
of Henan, Shanxi, and Hebei, covering a total area of 7413 km2. Administratively, it governs
one county-level city, four counties, and four urban districts (Figure 1). Designated as
a core zone under the Ecological Conservation and High-Quality Development Plan for
the Yellow River Basin, the entire city is embedded within a broader national strategic
framework. As a result, Anyang benefits from the overlapping regional initiatives of the
Beijing–Tianjin–Hebei Coordinated Development Plan and the Central Plains Urban Cluster
strategy. Functioning as a “dual-core” city for both ecological protection and sustainable
development in northern Henan, Anyang is a vital ecological security in the middle Yellow
River. Its environmental agenda emphasizes integrated management of mountainous
regions, water bodies, forests, farmlands, lakes, and grass lands, alongside the protection of
regional water resources. This multifaceted ecological focus positions the city as a central
node in the Yellow River Basin’s environmental security network. Topographically, Anyang
features a west-to-east descending terrain, with the western section formed by the foothills
and hills of the Taihang Mountains, while the eastern area extends into the Huang–Huai–
Hai Plain. The city straddles the Haihe and Yellow River drainage areas and lies within a
temperate continental monsoon climate, defined by various seasonal changes along with
synchronized rainfall and temperature pattern zones. The annual mean temperature is
13.6 ◦C, while the average yearly rainfall measures approximately 582.9 mm. Despite its
ecological significance, Anyang remains one of Henan’s key industrial centers. The city’s
heavy industrial base—marked by high energy intensity and resource consumption—has
led to a series of environmental pressures, including species decline, ecosystem service
functionality reduction, and elevated pollutant emissions.

Figure 1. Spatial positions of study sites in Yellow River Basin core region.
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2.2. Data Sources

The data are grouped into four principal classes: foundational geospatial data, natural
environmental variables, socioeconomic and human activity indicators, and datasets reflect-
ing industrial impacts. The adopted land-use data originate from the Resource and Environ-
ment Science and Data Center of the Chinese Academy of Sciences (https://www.resdc.cn,
accessed on 12 January 2025). Primarily derived from Landsat remote-sensing imagery, the
dataset was generated based on human interpretation of imagery, resulting in raster files
with an overall accuracy exceeding 93% and 30 m spatial resolution. Land-use information
was collected for three time points: 2000, 2010, and 2020. Following cropping and projection
transformation, a consistent time-series dataset specific to Anyang was constructed. In
accordance with the Current Land Use Classification (GB/T 2010-2017) and customized
for the purpose of this study, land-use types were sorted and integrated into eight major
classes: cultivated land, forest land, grass land, waterbodies, urban land, rural residential
land, industrial and mining land, and unutilized land [26].

Situated at the base of the Taihang Mountains, Anyang features an ecologically sen-
sitive landscape grouped by heterogeneous land-use structures, intricate terrain, and
significant variability in both edaphic and climatic factors [27]. Parameters including ele-
vation, slope, and soil composition directly influence vegetation patterns and ecosystem
resilience, while the average temperature and precipitation set the broader environmen-
tal context, thereby shaping ecosystem structure and productivity [28–30]. The share of
industrial output, along with discharges of industrial wastewater, sulfur dioxide, and
particulate matter, reflects the intensity of anthropogenic industrial pressure. Concurrently,
gross domestic product (GDP), population density (POP), and nighttime light index (NLI)
serve as quantifiable indicators of socioeconomic development and the associated human
footprint [31–35]. Together, these factors collectively drive habitat quality and provide es-
sential metrics for rigorous ecological assessment and conservation planning. Accordingly,
grounded in relevant scholarly work and regional realities, this research selected twelve
explanatory variables across three domains: natural environment, human activities, and
industrial influence. These included elevation (DEM), slope (SLOPE), annual precipitation
(PRE), annual mean temperature (TEM), normalized difference vegetation index (NDVI),
POP, GDP, NLI, industrial output value share (IOVS), industrial wastewater discharge
(IWD), industrial sulfur dioxide emissions (ISDE), and industrial dust emissions (IFE) (Ta-
ble 1) [27–35]. For data preprocessing, all datasets were standardized within the ArcGIS 10.7
platform. A 30 m grid resolution was adopted via the “WGS_1984_UTM_Zone_50N” map
coordinate framework. Spatial corrections were also implemented to address geometric
distortions and eliminate positional discrepancies across data sources.

Table 1. Spatial data types, formats, and sources.

Data Category Dataset Abbreviation Format Spatial
Resolution Data Source

Baseline data

Land use/land
cover LUCC Raster 30 m

Chinese Academy of Sciences, the Center for
Resource and Environmental Sciences

(https://www.resdc.cn, accessed on 12
January 2025)

Administrative
boundaries — Vector —

National Center for Basic Geographic
Information (https://www.ngcc.cn, accessed

on 12 January 2025)
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Table 1. Cont.

Data Category Dataset Abbreviation Format Spatial
Resolution Data Source

Natural
environment

Elevation DEM Raster 30 m
Geospatial Data Cloud

(https://www.gscloud.cn, accessed on 8
February 2025)

Slope SLOPE Raster 30 m Calculated via ArcGIS Slope

Annual
precipitation PRE Raster 1 km

Chinese Academy of Sciences, the Center for
Resource and Environmental Sciences
(https://www.resdc.cn, accessed on 8

February 2025)

Annual mean
temperature TEM Raster 1 km

Chinese Academy of Sciences, the Center for
Resource and Environmental Sciences
(https://www.resdc.cn, accessed on 8

February 2025)

NDVI NDVI Raster 1 km

Chinese Academy of Sciences, the Center for
Resource and Environmental Sciences
(https://www.resdc.cn, accessed on 9

February 2025)

Anthropogenic
factors

Population density POP Raster 1 km
Worldpop website

(https://www.worldpop.org/, accessed on 9
February 2025)

GDP GDP Raster 1 km

Chinese Academy of Sciences, the Center for
Resource and Environmental Sciences
(https://www.resdc.cn, accessed on 9

February 2025)

Nighttime lighting
index NLI Raster 1 km

Chinese Academy of Sciences, the Center for
Resource and Environmental Sciences
(https://www.resdc.cn, accessed on 9

February 2025)

Industrial
impact

Industrial output
value share IOVS Statistical

table 1 km China Statistical Yearbook

Industrial
wastewater
discharge

IWD Statistical
table 1 km China Statistical Yearbook

Industrial sulfur
dioxide emissions ISDE Statistical

table 1 km China Statistical Yearbook

Industrial dust
emissions IFE Statistical

table 1 km China Statistical Yearbook

2.3. Research Designs
2.3.1. Habitat Quality Assessment

Habitat quality was evaluated via the InVEST model. Proposed collaboratively by
Stanford University, Nature Conservancy, and the World Wide Fund for Nature, InVEST
serves as a comprehensive tool for assessing ecosystem services across landscapes [36,37].
It operates at the landscape scale by linking land-use types with their sensitivity to external
stressors, thereby estimating habitat degradation and overall habitat condition. The model
integrates several key parameters, including land-use data for the target year, spatial and
attribute data of threat factors, habitat suitability scores, the sensitivity of each habitat
type to specific threats, and the half-saturation constant. Through these inputs, the model
generates spatially explicit habitat quality outputs in raster format [38]. Habitat quality via
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InVEST varies between 0 and 1, where larger metrics denote improved ecological conditions
and greater capacity to sustain biodiversity. The calculation can be expressed below:

Qxj = Hj

[
1 −

(
Dz

xj

Dz
xj + Kz

)]
(1)

where Qxj indicates the habitat quality index for grid x in land-use type j (Qxj = 0~1);
Hj represents the habitat suitability level for land-use type j; K indicates the semi-saturation
constant, typically set to half the maximum habitat degradation value; z represents the
normalization constant (z = 2.5); and Dxj indicates the habitat degradation degree of grid x
in land-use type j, which is determined below:

Dxj =
R

∑
r=1

Yr

∑
y=1

 wr
R
∑

r=1
wr

ryirxyβxSjr (2)

where r indicates the threat factor; R indicates the number of threat factors; y indicates
all grid cells affected by the threat factor r; Yr refers to the number of grid cells where the
threat factor r occurs in the land-use distribution map; wr represents the weight of the
threat factor r; ry represents the number of threat factor grid cells per grid in the land-use
map; irxy indicates the distance decay function between threat factors and habitats, tending
to display linear or exponential characteristics; βx indicates the accessibility under local
government and legal protections; and Sjr indicates the sensitivity of land-use type j to r.

Building on the software guidelines and the specific context of Anyang, the following
land-use types were identified as threat sources: cultivated land, urban land, rural residential
land, industrial and mining land, and unused land. Model parameters were derived from the
relevant literature [39–45] and were subsequently calibrated and localized to reflect the regional
attributes of Anyang (Table 2). Habitat suitability and sensitivity to threat factors differ across
land use categories. According to the literature, along with local ecological properties [42–45],
corresponding values were reasonably assigned on a scale from 0 to 1 (Table 3).

Table 2. Parameter settings for habitat threat factors in Anyang.

Threat Factor Maximum Influence Distance/km Weight Decay Type

Cultivated land 5 0.6 Linear
Urban land 10 1.0 Exponential

Rural residential land 5 0.7 Exponential
Industrial and mining land 6 0.9 Exponential

Unutilized land 4 0.2 Linear

Table 3. Habitat suitability and sensitivity of land-use types to major threat factors.

Land-Use Type Habitat
Suitability

Cultivated
Land Urban Land Rural

Residential Land
Industrial and
Mining Land

Unutilized
Land

Cultivated land 0.5 0.00 0.50 0.35 0.20 0.30
Forest land 1.0 0.80 0.70 0.60 0.60 0.50
Grass land 0.7 0.45 0.65 0.50 0.45 0.60

Water bodies 0.9 0.80 0.90 0.70 0.50 0.45
Urban land 0.0 0.00 0.00 0.00 0.00 0.00

Rural residential land 0.0 0.00 0.00 0.00 0.00 0.00
Industrial and mining land 0.0 0.00 0.00 0.00 0.00 0.00

Unutilized land 0.3 0.30 0.30 0.20 0.20 0.00
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2.3.2. GeoDetector

GeoDetector is adopted for quantitatively analyzing spatial heterogeneity and identify-
ing its underlying driving forces [46]. It has four core modules: factor detection, interaction
detection, risk area identification, and ecological differentiation testing. This work adopted
the first two modules—factor detection and interaction detection—for exploration of the
primary drivers influencing the geographic pattern of habitat quality in Anyang. Addition-
ally, these modules can be used to examine how different variables jointly contribute to
spatial variation patterns. Within the factor detection module, the q-statistic can determine
the explanatory power of each independent variable against habitat quality outcomes. This
value quantifies the degree to which a specific driver influences spatial variation in habitat
quality, and

q = 1 − ∑L
k=1 Nkσ2

k
Nσ2 (3)

where q is the explanatory power of the influencing factor on habitat quality (q = 0~1); L
represents the stratification of influencing factors; Nk and N indicate the number of units
in layer k along with the entire region, respectively; and σ2 and σ2

k indicate the variance
values for the entire region with layer k, respectively.

The interaction effect analysis module is employed for exploring the interdependen-
cies among multiple independent variables and to assess how their integrated influence
affects the geographic variation of the dependent variable. The approach facilitates as-
sessment of whether joint factor effects lead to greater, lesser, or unchanged explanatory
strength than when considered individually. Table 4 summarizes the detailed interaction
analysis outcomes.

Table 4. Classification of two-factor interaction types.

Judgment Criteria Interaction Type

q(X1 ∩ X2) < min (q(X1), q(X2)) Non-linear weakening
min (q(X1), q(X2)) < q(X1 ∩ X2) < max (q(X1), q(X2)) Single-factor nonlinear attenuation

q(X1 ∩ X2) > max (q(X1), q(X2)) Bivariate enhancement
q(X1 ∩ X2) = q(X1) + q(X2) Independent
q(X1 ∩ X2) > q(X1) + q(X2) Nonlinear enhancement

2.3.3. intPLUS Model

The intPLUS model, a patch-level land-use simulation framework developed within
the CA system, advances beyond the original PLUS model by explicitly integrating the
mutually promoting and inhibiting effects among land-use types into CA transition rules.
This refinement enhances model fidelity and deepens our understanding of the underlying
dynamics governing land-type competition. Structurally, the model includes three core
components: the land expansion analysis strategy (LEAS), the intCARS-calibration module
for optimizing parameters, and the intCARS-prediction module for projecting future land-
use dynamics [47]. Additionally, the approach accommodates multi-scenario configuration,
enabling comparative analysis of land-use changes under diverse development trajectories.

(1) Neighborhood Weight Configuration: In intPLUS, neighborhood weights assess the
spatial growth tendency of each land-use category. Varying between 0 and 1, larger
values suggest greater expansion momentum, whereas lower values reflect more
constrained growth. Initial expansion ratios were derived for each land-use type, after
which the weights were iteratively tuned based on existing research and observed
land development trends in Anyang [48,49]. The finalized neighborhood weight
parameters are presented in Table 5.
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Table 5. Neighborhood weighting factors.

Land-Use Type Cultivated
Land

Forest
Land

Grass
Land

Water
Bodies

Urban
Land

Rural
Residential

Land

Industrial and
Mining Land

Unutilized
Land

Neighborhood
weight 0.900 0.673 0.712 0.648 0.1 0.455 0.534 0.714

(2) To assess the modeling precision of the intPLUS model, land-use datasets (2000–2010)
in Anyang were used as the base for parameter calibration. After multiple rounds of
parameter tuning and optimization, the model was employed to generate land-use
predictions for 2020. Simulated outcomes were then compared with actual 2020 land-
use data, resulting in a Kappa coefficient of 0.808 and a total classification accuracy
of 0.895. The figures exceeded the generally accepted reliability benchmark of 0.750
for land-use simulations, demonstrating the model’s robust predictive capability. The
validation outcomes indicate that the intPLUS model is effective in forecasting future
land-use patterns as well as providing a reliable basis for projecting habitat quality in
Anyang by 2030 [50,51].

(3) Multi-Scenario Simulation Design: Drawing on the relevant literature [52,53] and
aligned with policy documents such as the Anyang 14th Five-Year Plan for Ecological
Environmental Protection and Ecological Economic Development, the Anyang Territo-
rial Spatial Plan (2021–2035), and Anyang Ecological Protection Redline Ecological En-
vironment Supervision Measures (Trial), this study synthesized regional development
trends and ecological protection requirements to define four scenario-based spatial
development pathways: natural development (S1), ecological protection (S2), urban
construction (S3), and industrial green transformation + ecological restoration (S4).

Building on the actual conditions in 2020 and the planning directives outlined in
Anyang’s forward-looking policy documents, transition probabilities were calibrated for
each development trajectory (Table 6). With reference to the established literature and
policy guidelines—and adjusted to reflect local conditions in Anyang—land-use conversion
cost matrices were constructed for the four scenarios (Table 7).

Table 6. Scenario settings for land-use simulation.

Scenario Scenario Description

S1 Assumes no policy constraints; land-use transitions follow the historical
trend observed between 2000 and 2020.

S2

Based on Anyang 14th Five-Year Plan for Ecological Environmental
Protection and Ecological Economic Development, when formulating
ecological protection scenario conversion rules, the preservation of forest
land, grass land, and waterbodies shall be strictly restricted. A restricted
zone shall be established encompassing the rivers within the study area.
Adjusts conversion probabilities as follows:
• Grass land → forest land: +60%
• Converting urban land, rural residential land, and industrial and

mining land → cultivated land, grass land: +30%
• Converting urban land, rural residential land, and industrial and

mining land → forest land: +70%
• Unutilized land → grass land: +50%

https://doi.org/10.3390/su18041818
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Table 6. Cont.

Scenario Scenario Description

S3

Based on the Anyang Territorial Spatial Plan (2021–2035), when
formulating rules for land-use conversion in urban development
scenarios, restrictions shall be imposed on converting cultivated land to
land categories other than urban land, rural residential land, and
industrial and mining land. Similarly, restrictions shall be imposed on
converting urban land, rural residential land, and industrial and mining
land to other land categories. Adjusts conversion probabilities as follows:
• Cultivated land, forest land, grass land → converting urban land,

rural residential land, and industrial and mining land: +30%
• Converting urban land, rural residential land, and industrial and

mining land → forest land, grass land, waterbodies: −50%

S4

Based on the Anyang 14th Five-Year Plan for Ecological Environmental
Protection and Ecological Economic Development, the Anyang Territorial
Spatial Plan (2021–2035), and the Anyang Ecological Protection Red Line
Supervision Measures (Trial), the coordinated development of the
industrial green transformation + ecological restoration scenario strikes a
balance between industrial transformation and ecological conservation.
Adjusts conversion probabilities as follows:
• Cultivated land → forest land: +30%
• Forest land, grass land, waterbodies → converting urban land, rural

residential land, and industrial and mining land: −20%
• Converting urban land, rural residential land → forest land: +30%
• Converting urban land, rural residential land → grass land,

waterbodies: +20%
• Industrial and mining land → forest land: +50%
• Industrial and mining land → grass land, waterbodies: +20%
• Unutilized land → grass land: +50%

Table 7. Conversion matrix settings under different scenarios.

Scenario Type Land-Use Type a b c d e f g h

Natural development scenario (S1)

a 1 1 1 1 1 1 1 1
b 1 1 1 1 1 1 0 1
c 1 1 1 1 1 1 0 1
d 0 0 0 1 0 0 0 0
e 1 1 1 1 1 1 0 1
f 1 1 1 1 1 1 1 1
g 1 1 1 1 1 1 1 1
h 1 1 1 1 1 1 1 1

Ecological conservation scenario (S2)

a 1 1 1 1 1 1 1 1
b 0 1 0 0 0 0 0 0
c 0 1 1 1 0 0 0 0
d 0 0 0 1 0 0 0 0
e 1 1 1 1 1 1 1 1
f 1 1 1 1 1 1 1 1
g 1 1 1 1 1 1 1 1
h 1 1 1 1 1 1 1 1

Urban construction scenarios (S3)

a 1 0 0 0 1 1 1 0
b 1 1 1 1 1 1 1 1
c 1 1 1 1 1 1 1 1
d 1 1 1 1 1 1 1 1
e 0 0 0 0 1 1 1 0
f 0 0 0 0 1 1 1 0
g 0 0 0 1 1 1 1 0
h 1 1 1 1 1 1 1 1
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Table 7. Cont.

Scenario Type Land-Use Type a b c d e f g h

Industrial green transition + ecological
restoration scenario (S4)

a 1 1 0 0 0 0 0 0
b 1 1 1 1 1 1 1 1
c 1 1 1 1 1 1 1 1
d 1 1 1 1 1 1 1 1
e 1 1 1 1 1 1 1 1
f 1 1 1 1 1 1 1 1
g 1 1 1 1 1 1 1 1
h 1 1 1 1 1 1 1 1

Note: a–h denote land-use types as follows: a = cultivated land, b = forest land, c = grass land, d = waterbodies,
e = urban land, f = rural residential land, g = industrial and mining land, and h = unutilized land; 0 indicates
conversion not permitted, and 1 indicates conversion permitted.

2.4. Research Framework

The analytical approach employed in this study was structured into three main phases.
Firstly, the InVEST model was utilized for assessing the spatiotemporal evolution of habitat
quality in Anyang over 2000–2020. Secondly, the GeoDetector technique was applied to de-
termine the key influencing factors contributing to variations in habitat quality throughout
the same timeframe. Thirdly, a coupling of the intPLUS and InVEST models was imple-
mented to conduct scenario-driven simulations and forecasts of future habitat conditions.
The complete research framework and workflow are presented in Figure 2.

 

Figure 2. Conceptual framework and analytical workflow.
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3. Results
3.1. Spatiotemporal Characteristics of Habitat Quality in Anyang
3.1.1. Chronological Trends of Habitat Quality

Average habitat quality index for Anyang was 0.451 in 2000, 0.440 in 2010, and 0.426
in 2020, with rates of change of 2.44% (2000–2010) and 5.54% (2010–2020). Overall, habitat
quality in Anyang displayed a consistent reduction during the 20-year analysis window.
The analysis of land-use distributions across the three time points (Figure 3) shows that built-
up land—including urban, rural residential, and industrial and mining areas—expanded
by 129.38 km2 in 2010 and by 260.60 km2 in 2020 relative to the 2000 baseline of 875.54 km2,
reflecting sustained and rapid anthropogenic land-use expansion. The scale and pace of
built-up land growth are considered critical drivers of habitat degradation in the region.

 
Figure 3. Variations in land-use area by type in Anyang (2000–2020). Note: a–h denote land-use
types as follows: a = cultivated land, b = forest land, c = grass land, d = waterbodies, e = urban land,
f = rural residential land, g = industrial and mining land, and h = unutilized land.

To further quantify spatial and temporal changes in habitat quality, the habitat quality
index was classified into five tiers according to widely adopted thresholds: low-quality
[0–0.2], relatively low-quality (0.2–0.4], medium-quality (0.4–0.6], relatively high-quality
(0.6–0.8], and high-quality zones (0.8–1] [41–45]. The analysis of variations in the area and
the fraction of each tier (Table 8) shows that from 2000 to 2020, the combined share of low-
and relatively low-quality habitats in Anyang increased markedly from 16.84% to 22.75%. In
particular, the fraction of low-quality zones rose from 11.96% to 15.53%, representing a net
increase of approximately 262 km2. This trend underscores the continuing pressure exerted
on habitats by rapid urban and industrial expansion. Medium-quality habitats remained
dominant throughout the period, despite their share declining from 71.23% in 2000 to
66.13% in 2020, while the decreasing trend has become less pronounced in the previous
decade. The fraction of relatively high-quality zones remained stable at around 8%, showing
a slight rebound in 2010. Land-use data (Figure 3) indicate that this recovery coincided
with an increase in ecological land covers (e.g., forest land, grass land, and waterbodies),
likely driven by regional conservation and restoration initiatives. Examples include the
“Clear Water Project” launched in 2010 and the initiation of the Anyang Environmental
Protection Development Plan for the Eleventh Five-Year Plan, which helped mitigate
ecological degradation and support functional recovery. High-quality zones accounted for
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the smallest proportion, fluctuating at around 3%, reflecting both the scarcity and inherent
stability of top-tier habitat types.

Table 8. Temporal variation in habitat quality area and proportion levels in Anyang (2000–2020).

Habitat Quality Rating
2000 2010 2020 Interannual Variation

Area/km2

Area/km2 Ratio/% Area/km2 Ratio/% Area/km2 Ratio/% 2000–2010 2010–2020

Low 878.87 11.96% 1008.10 13.72% 1141.01 15.53% −129.23 −132.91
Lower 358.14 4.88% 433.19 5.90% 530.33 7.22% −75.05 −97.15

Medium 5231.85 71.23% 5016.83 68.30% 4857.07 66.13% 215.03 159.76
Higher 640.59 8.72% 645.05 8.78% 597.33 8.13% −4.46 47.72
High 236.07 3.21% 242.36 3.30% 219.10 2.98% −6.29 23.26

Average habitat quality index 0.451 0.440 0.426

3.1.2. Spatial Changes in Habitat Quality

Habitat quality in Anyang displays substantial spatial heterogeneity, following a
recognizable characteristic of “higher quality in the west, lower in the east, with moun-
tainous areas superior to plains” (Figure 4). High-quality zones are primarily distributed
in the northern, western, and southern areas of Linzhou, where an elevated topography,
limited anthropogenic disturbance, well-preserved vegetation communities, and high vege-
tation coverage collectively contribute to enhanced habitat conditions. These peripheral
high-value areas often form continuous, belt-like spatial patterns, while the central urban
and lowland regions exhibit a more fragmented and interlaced configuration of medium-
and low-value patches. Notably, substantial clusters of mid-to-high habitat quality are
found along the Xi River, Qi River, and their confluence, closely corresponding to the
boundaries of the Henan Linzhou Qi-Xi River National Wetland Park. The ongoing im-
plementation of wetland conservation and ecological restoration projects in this area has
significantly improved habitat integrity, reinforcing the spatial aggregation of high-quality
ecological zones.

Figure 4. Geographic pattern of habitat quality in Anyang (2000–2020).

Areas with lower habitat quality in Anyang are widely distributed in fragmented
patches across Anyang County, Long’an District, Beiguan District, Wenfeng District, Yindu
District, Tangyin County, Neihuang County, and Hua County. These low-value zones are
densely embedded in a dotted spatial pattern, primarily dominated by the land-use types
of cultivated land and construction land. Larger contiguous areas of low habitat quality
are distributed in urban cores of these administrative regions, along with a continuous
trend of spatial expansion. This deterioration is closely associated with the city’s urban
development trajectory. Since 2003, Anyang has explicitly aimed to transform itself into a
“regional center city in northern Henan”, promoting urban expansion through the strategic
concentration of population, industry, and capital. This objective has catalyzed substantial
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land development, particularly in and around core urban areas. The 2016 introduction of
the “One Return, Six Major Initiatives” further entrenched economic growth as a central
policy priority. As a result, a surge in industrial projects, coupled with the construction of
economic development zones and industrial clusters, has placed increasing pressure on
land resources. This accelerated growth of urban and industrial land has directly induced
habitat disruption and degradation, posing serious challenges to the ecological resilience
within the area.

3.2. Influencing Factors of Habitat Quality
3.2.1. Factor Detection Analysis

Between 2000 and 2020, spatiotemporal alterations in habitat quality across Anyang
were markedly evident, driven by the intertwined effects of environmental factors, anthro-
pogenic pressures, and the process of industrialization. Analysis using the Geodetector
model (Figure 5) confirmed that all selected drivers were statistically significant (p = 0.01)
across the observation window. The explanatory power (q-values) of elevation and slope
remained consistently high with minimal interannual variation, reflecting the role of terrain
in establishing the fundamental spatial structure of habitat quality by mediating both hu-
man accessibility and local hydrothermal conditions. TEM also maintained high and stable
explanatory power (q ≈ 0.207~0.191), while the influence of PRE increased steadily from
0.076 to 0.154. Together, these findings underscore the persistent and growing modulating
influence of hydrothermal gradients as foundational natural drivers of habitat quality.

Figure 5. Influencing factors of habitat quality in Anyang (2000–2020).

The q-value for NDVI rose nearly threefold from 0.058 to 0.182. This pronounced
increase aligned temporally with systematic ecological restoration initiatives implemented
in Anyang after 2010, indicating that sustained afforestation and ecological rehabilitation
have enhanced the role of vegetation cover in explaining spatial variations in habitat quality.

In 2000, GDP emerged as the strongest single explanatory factor (q = 0.229), high-
lighting a close spatial coupling between economic development and habitat degradation
during that period. Its influence, however, declined markedly in subsequent years (q = 0.107
in 2010 and 0.084 in 2020), suggesting a shift in the ecological pressure exerted by economic
growth, from early, localized hotspots of encroachment toward a more diffuse and spatially
homogeneous pattern. In contrast, both POP and NLI—human activity indicators—showed
consistently increasing explanatory power. By 2020, NLI reached the highest q-value among
all factors (0.243), signaling that physical urban expansion and the distribution of human
settlements have superseded aggregate economic output as the primary anthropogenic
drivers of habitat degradation.
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Meanwhile, the explanatory power of industrial output share rose steadily (0.126~0.144),
whereas that of industrial “three wastes” emissions remained very low (~0.02). This
contrast suggests that industrial impacts on habitats are currently tied more to spatial land
occupancy and structural footprint than to end-of-pipe emission intensity, reflecting partial
success in pollution control while underscoring that industrial land expansion remains a
persistent source of pressure.

In summary, spatial differentiation in habitat quality across Anyang has resulted
from the coordination of stable biophysical systems and fluctuating socioeconomic factors.
The dominant driver has evolved from an early “economic growth-led” model to a new
regime jointly shaped by urban spatial expansion and ecological restoration initiatives.
These insights provide a critical scientific foundation for formulating differentiated spatial
governance policies in the future.

3.2.2. Interaction Analysis

The interaction analysis of habitat quality in Anyang (Figure 6) shows that 12 influenc-
ing factors display combined intensification or nonlinear response patterns when pairwise
interactions are examined, indicating that their combined explanatory power exceeds that
of any single factor. In 2000, the coupling between altitude and NLI intensity showed the
highest explanatory power (0.291), followed closely by elevation and GDP (0.290), high-
lighting the dominant role of terrain and human-induced factors in shaping spatial habitat
differentiation during this period. By 2010, the overall interaction strength increased. The
elevation–NDVI interaction emerged as the strongest (0.354), while elevation–nighttime
light remained highly influential (0.340), reflecting the growing importance of vegetation
status in habitat quality formation. By 2020, elevation–NDVI continued to lead (0.378),
followed by elevation–nighttime light (0.374), underscoring the increasing relevance of
vegetation distribution to ecological conditions in recent years.

 

 

 

Figure 6. Interaction effects of habitat quality interactions in Anyang (2000–2020).
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In summary, elevation and NDVI establish the baseline for spatial heterogeneity
in habitat quality, whereas economic development reshapes habitat patterns through its
influence on the spatial intensity of human activities. These nonlinear interactions among
natural, anthropogenic, and industrial factors reveal the complexity of ecosystem responses
to multiple stressors and offer key insights for building regional ecological security patterns.

3.3. Multi-Scenario Simulation and Prediction of Habitat Quality in Anyang

This work simulated habitat quality in Anyang in 2030 with four scenarios—natural
development, ecological conservation, urban construction, and industrial green trans-
formation + ecological restoration—by coupling land-use projections from the intPLUS
model with habitat quality evaluation via the InVEST model. The outcomes reveal that
the geographic pattern of habitat quality remained generally stable across all scenarios,
consistently reflecting the 2020 spatial structure as “higher quality in the west, lower in
the east, and better conditions in mountainous areas than in plains” (Figure 7). Significant
differences were observed in average habitat quality indices among scenarios: the ecologi-
cal conservation scenario reached 0.454, exceeding the 2020 baseline of 0.426, indicating
that stringent conservation policies can effectively curb and reverse habitat degradation.
The industrial green transformation + ecological restoration scenario achieved a mean of
0.429, showing slight improvement over 2020 and demonstrating that ecological restoration
combined with economic development can support gradual recovery. In contrast, the
natural development and urban construction scenarios recorded means of 0.388 and 0.376,
respectively, both below the 2020 level, indicating continued habitat decline in the absence
of targeted interventions. Overall, ecological conservation represents the most effective
pathway for enhancing regional habitat quality, while the integrated model of industrial
green transformation and ecological restoration offers a viable approach to balancing
economic growth with ecological conservation.

Figure 7. Projected geographic pattern of habitat quality in Anyang with four development scenarios
by 2030.

The geographic alterations analysis of habitat quality classes (Table 9) reveals clear
differences across scenarios. Only the ecological conservation scenario reduced the extent of
lower-quality habitats (i.e., by 7.22% compared with 2020). This reduction was accompanied
by a marked expansion of higher-quality and high-quality habitats, which surged by 4.16%
and 3.46%, resulting in the greatest overall improvement among all scenarios. Under the
industrial green transformation scenario, habitat structure remained relatively stable, with
only minor shifts between classes, yielding a habitat quality level slightly above that of 2020.
This suggests that ecological restoration implemented alongside economic development
can arrest habitat degradation and promote modest recovery.
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Table 9. Variations in area and fraction of habitat quality levels with four development scenarios.

Habitat Quality
Rating

2020 S1 S2 S3 S4

Area/km2 Ratio/% Area/km2 Ratio/% Increase/% Area/km2 Ratio/% Increase/% Area/km2 Ratio/% Increase/% Area/km2 Ratio/% Increase/%

Low 1141.01 15.53% 1267.25 17.25% 1.72% 1243.83 16.93% 1.40% 1314.98 17.90% 2.37% 982.74 13.38% −2.16%

Lower 530.33 7.22% 1874.87 25.53% 18.31% 0.14 0.00% −7.22% 1936.24 26.36% 19.14% 684.33 9.32% 2.10%

Medium 4857.07 66.13% 3406.72 46.38% −19.75% 4725.81 64.34% −1.79% 3452.54 47.00% −19.13% 4861.69 66.19% 0.06%

Higher 597.33 8.13% 556.48 7.58% −0.56% 902.82 12.29% 4.16% 449.91 6.12% −2.01% 593.01 8.07% −0.06%

High 219.10 2.98% 239.51 3.26% −0.28% 472.91 6.44% 3.46% 191.84 2.61% −0.37% 223.74 3.05% 0.06%

Average habitat
quality index 0.426 0.388 0.454 0.376 0.429
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These simulations indicate that an ecological conservation-oriented strategy is the most
effective means of elevating regional habitat quality, directly promoting the conversion
of low-quality habitats to higher classes. The combined industrial green transformation
and ecological restoration pathway offers a balanced approach, supporting economic
development needs while providing a practical and sustainable trajectory for traditional
industrial cities. In contrast, natural development and urban-focused growth would
lead to continued habitat decline. Therefore, future spatial planning should prioritize
ecological conservation while adopting industrial green transformation coupled with
ecological restoration as a core implementation strategy. Such an integrated approach
can link economic growth with ecological stewardship, supporting long-term regional
sustainable advancement.

4. Discussion
4.1. Spatiotemporal Dynamics of Habitat Quality in Anyang

A persistent reduction in the average habitat quality index of Anyang was observed
over 2000–2020, a trend consistent with observations in many rapidly urbanizing regions
across China [54–56]. This decrease showed a substantial relationship with notable urban
land development, underscoring the extensive impact of urban and industrial sprawl on
natural habitats. It is worth noting that accelerated construction land growth between
2010 and 2020 coincided with a noticeable fall in habitat quality during the same period,
aligning with research that identifies construction land expansion as a core driver of habitat
deterioration [57–60].

Spatially, the pattern of “higher quality in the west, lower in the east; better in moun-
tainous areas, weaker in plains” reflects the fundamental role of topography in structuring
habitat quality. High-quality habitats in western Linzhou are associated with complex
terrain, greater vegetation cover, and lower human accessibility, factors widely recognized
as buffers against anthropogenic disturbance [61,62]. The concentrated distribution of
medium- to high-value habitat patches along the Qi and Xi Rivers corresponds closely
with the boundaries of the Linzhou Qi-Xi River National Wetland Park in Henan Province,
demonstrating the measurable benefits of targeted conservation and restoration policies.
This supports existing research indicating that wetland conservation and ecological restora-
tion can effectively enhance local habitat connectivity and quality [63–65].

In contrast, widespread low-quality habitats in eastern plain counties are linked to
intensive agriculture and urban expansion, highlighting the tension between economic
development and ecological conservation in flat, accessible areas. The persistent clustering
of very low-value zones within urban centers reflects a growth pattern driven by regional
development strategies, such as the initiative to “build a regional hub city in northern
Henan”. Therefore, future efforts to improve habitat quality in Anyang must prioritize the
optimization of urban spatial layout. This will require strictly limiting the spread of con-
struction land on ecological spaces (e.g., cultivated land, forest land, and grass land), while
promoting land conservation and intensive use. Such measures would help alleviate urban
sprawl pressure and stimulate endogenous drivers of regional economic development.

4.2. Evaluation of Influencing Factors on Habitat Quality

Geodetector results offer critical insights into the evolving mechanisms behind habitat
quality differentiation. The persistently high interpretation strength of elevation and slope
reaffirms the enduring role of natural landscape heterogeneity as a fundamental constraint
on habitat patterns [66,67]. The increasing influence of PRE and NDVI, particularly af-
ter 2010, likely reflects both climatic variability and the positive outcomes of large-scale
ecological restoration initiatives such as the “Clear Water Project”. These interventions
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appear to have enhanced vegetation’s moderating effect on habitat quality, suggesting that
policy-driven greening can partially offset environmental pressures.

A notable shift occurred in the relative importance of socioeconomic drivers. In 2000,
GDP was the dominant factor, indicating that early-stage economic development was
spatially closely coupled with habitat degradation. Its influence, however, weakened
considerably in subsequent decades. Meanwhile, the association strength of POP and NLI
increased consistently, with the latter emerging as the strongest single factor by 2020. This
transition signals that the physical expansion of urban settlements and infrastructure—
rather than aggregate economic output per se—has become the most direct and influential
anthropogenic driver of habitat loss and fragmentation. Similar shifts have been observed in
other Chinese urban agglomerations, marking a move from an “economy intensity-driven”
to a “spatial sprawl-driven” paradigm of habitat impact [68,69].

The stable, moderate influence of industrial output share contrasts sharply with the
minimal explanatory power of industrial “three wastes” (wastewater, waste gas, and solid
waste) emission factors. This suggests that industrial impacts on habitats are currently
more closely tied to land occupation and landscape transformation than to end-of-pipe
emissions—pointing to some success in pollution control, while underscoring that indus-
trial land expansion remains a significant source of pressure.

4.3. Implications and Development Recommendations from Multi-Scenario Predictions of
Habitat Quality

The modeling outcomes for 2030 clearly delineate the trade-offs inherent in different
development pathways. The ecological conservation scenario produced the highest habitat
quality, confirming that strictly nature-focused land-use management can effectively reverse
degradation trends. This scenario primarily enabled the conversion of low-quality habitats
into higher classes, demonstrating the potential of proactive restoration to rebuild ecological
functionality [70,71].

The industrial green transition + ecological restoration scenario represents a pragmatic,
balanced approach. It achieves modest gains relative to the 2020 baseline while accommo-
dating developmental needs, illustrating that coupling industrial upgrading with ecological
measures can partially decouple economic growth from environmental decline. This path-
way is particularly pertinent for traditional industrial cities such as Anyang, which must
simultaneously address economic transformation and ecological rehabilitation. Conversely,
both Natural Development and Urbanization scenarios project continued deterioration in
habitat quality, serving as a stark reminder of the ecological costs of unmanaged urban and
industrial expansion.

These findings advocate for spatially differentiated management policies. In the east-
ern plains, stringent containment of urban sprawl and optimized agricultural landscape
management are urgently required to curb habitat fragmentation. In the western mountain-
ous areas, priorities should include consolidating the gains from afforestation and wetland
conservation, along with enhancing ecological connectivity between high-quality habitat
patches. At the citywide scale, combining green infrastructure into urban planning and
promoting compact urban form with diverse land uses is able to help mitigate habitat
impacts of necessary urban growth.

To support the sustained improvement of habitat quality in Anyang, the following
policy measures are suggested according to the city’s ecological conditions, land-use trends,
and simulation results: (1) Strengthen ecological conservation and systematic restoration.
Targeted ecological rehabilitation initiatives should be given precedence in the central and
eastern areas of Anyang—including Anyang County, Long’an District, Beiguan District,
Wenfeng District, Yindu District, Tangyin County, and Neihuang County—where habi-
tat quality is relatively low. Strategies such as increasing vegetation cover, rehabilitating
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wetland systems, and improving fragmented landscapes should be actively pursued. Ad-
ditionally, ecological protection redlines and nature reserve boundaries must be clearly
delineated and strictly enforced. Development intensity should be carefully managed in
densely populated zones, with ecological resources such as forests, wetlands, and water
sources designated as priority protection areas to safeguard regional ecological security.
(2) Rationally regulate urban expansion and land-use intensity. Urban growth should
be guided by scientifically informed spatial planning to control the direction, scale, and
pace of development. It is essential to prevent unchecked sprawl from encroaching on
ecologically sensitive and agriculturally important zones. Land-use regulation should focus
on preserving existing green spaces, optimizing spatial land allocation, and sustaining an
equilibrium within built-up areas and natural ecosystems. (3) Enhance ecological moni-
toring and governance capacity. A comprehensive, dynamic monitoring system should
be established, integrating multi-dimensional indicators such as climatic conditions, POP,
land-use patterns, and the NLI to enable real-time assessment of factors influencing habitat
quality. Concurrently, the legal and institutional frameworks for ecological conservation
must be improved. This includes refining relevant policies, strengthening enforcement
mechanisms, and developing robust evaluation systems to ensure long-term ecological
resilience and accountability in habitat quality governance.

4.4. Limitations and Future Research

Although this paper employed the intPLUS-InVEST modeling framework to adopt
a structured evaluation of habitat quality in Anyang, several limitations should be noted.
The land-use dataset gridded at a 30 m resolution is suitable for identifying patterns at
the municipal level [72]. However, its precision remains improvable. Future research
should consider incorporating finer-resolution remote-sensing imagery and establishing
permanent field-monitoring sites to minimize inconsistencies between classified land-use
outputs and actual land surface conditions.

5. Conclusions
This research applied the InVEST model for evaluating the spatiotemporal evolution

of habitat quality in Anyang using land-use data between 2000 and 2020. Through factor
analysis via the Geodetector and coupled intPLUS-InVEST multi-scenario simulations, the
following key findings were derived:

(1) Within 2000–2020, the average habitat quality index in Anyang registered a steady
drop from 0.451 to 0.426, indicating a total reduction in ecological conditions. Spa-
tially, habitat quality exhibited a persistent “west-high, east-low” distribution, with
superior quality in mountainous areas compared with plains. High-value regions
were largely situated in the western mountainous areas of Linzhou, as well as around
Qixi River Wetland Park, regions benefiting from favorable natural settings and active
conservation efforts. In contrast, low-value zones were extensively distributed across
the eastern plains, overlapping with urban and agricultural land, and their expansion
closely followed urban growth and industrial land development.

(2) The dominant driver of habitat quality evolution has shifted from an earlier “eco-
nomic growth-led” mode to a regime “jointly shaped by urban spatial expansion and
ecological restoration”. Specifically, the primary explanatory factor changed from
GDP in 2000 to the NLI in 2020, reflecting a transition in direct habitat degradation
pressure from aggregate economic output to physical urban sprawl and population
concentration. At the same time, the marked rise in the explanatory power of the
NDVI corroborates the positive effects of ecological restoration initiatives. Industrial
impacts were found to be linked more to spatial land occupancy than to end-of-pipe
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emissions, whose influence has relatively diminished. Interaction detection further
revealed that any two interacting factors had greater explanatory power than either
factor alone, underscoring that habitat quality arises from the complex interplay of nat-
ural constraints, human activity intensity, and industrial development, highlighting
the multifaceted nature of ecosystem responses.

(3) Multi-scenario simulations clarify the divergent ecological outcomes under different
development pathways, offering clear evidence for policy design. Projections for 2030
show that development strategies lead to sharply contrasting habitat quality trajecto-
ries. Only the ecological conservation scenario substantially improved overall habitat
quality and promoted conversion for lower-grade habitats to higher grades. The indus-
trial green transition + ecological restoration scenario achieved gradual improvement
and basic stabilization, representing a viable compromise between development and
conservation. Conversely, both the natural development scenario—extending current
trends—and the urban development scenario—prioritizing economic growth—would
result in further degradation of habitat quality.
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Abbreviations
The abbreviations listed below were used in this paper:

InVEST Integrated valuation of ecosystem services and tradeoffs
intPLUS Interaction network patch-generating land-use simulation
LUCC Land use/land cover
DEM Elevation
SLOPE Slope
PRE Annual precipitation
TEM Annual mean temperature
POP Population density
NLI Nighttime lighting index
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IOVS Industrial output value share
IWD Industrial wastewater discharge
ISDE Industrial sulfur dioxide emissions
IFE Industrial dust emissions
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