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Abstract

Resource-based cities face complex land-use pressures. Examining the evolution of
production–living–ecological spaces (PLESs) and the spatial conflicts associated with this
evolution provides an important basis for reducing land-use tensions and promoting more
coordinated and sustainable spatial development. Drawing on land-use records spanning
2000–2020, this study integrates a transfer-matrix approach, a PLES conflict assessment
model, and spatial autocorrelation analysis to examine the spatiotemporal evolution of
PLESs and their conflict patterns in Shenmu City, China. The results show that (1) industrial
production land expanded more rapidly than any other land category, mainly through
the conversion of agricultural production land. Agricultural production land continued
to decrease as it was converted into both industrial production land and ecological land.
Grassland served as an important transitional space between production and ecological
spaces, with its evolution shifting from rapid expansion in the early period to relative
stability in the later period. (2) In terms of spatial conflicts, moderate conflict remained
the dominant category and generally increased over time. By contrast, strong and rel-
atively strong conflicts decreased, while weak and relatively weak conflicts gradually
increased. Spatially, conflict patterns shifted from highly concentrated areas in the south-
eastern resource-extraction zone to a more dispersed and balanced regional distribution.
(3) Global Moran’s I decreased from 0.62 to 0.49, indicating a weakening of overall spatial
clustering. High–High clusters contracted into fragmented patches, whereas Low–Low
clusters continued to expand in the northwestern ecological zone, reflecting the gradual
improvement of local environmental conditions. Overall, although spatial conflict intensity
has decreased and strong conflicts have been substantially reduced, conflicts have shifted
mainly toward moderate levels rather than being fully resolved. As the dominant and still
expanding category, moderate conflict represents a potential risk that requires continuous
monitoring and adaptive intervention. By focusing on a county-level resource-based city,
this study provides a fine-grained empirical case. It identifies an evolutionary pattern
characterized by the reduction in severe spatial conflicts and the accumulation of moderate
conflicts, which differs from the patterns commonly observed in urbanization-driven cities.
The findings suggest that spatial conflicts in resource-based cities are highly responsive to
targeted ecological governance policies. Future sustainable spatial development should be
promoted through differentiated zonal governance, ecological restoration, and the green
transformation of the industrial structure.
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1. Introduction
Land underpins human survival and development, and the long-term use and trans-

formation of land resources have accompanied the advancement of human civilization [1].
The 2024 United Nations Pact for the Future further emphasizes progress toward the Sus-
tainable Development Goals (SDGs), identifying the sustainable management of land and
environmental resources as an important issue of global concern [2]. Driven by accelerated
industrial concentration and urban expansion across China, structural strains on natural re-
sources and environmental carrying capacities have continuously escalated. This systemic
pressure has manifested as increasingly acute frictions among production–living–ecological
spaces (PLESs). These conflicts constrain spatially balanced and sustainable regional
development. Enforced to guide sustainable growth, the National Territorial Planning
Outline (2016–2030) prioritizes the structural restructuring of regional domains and the
institutional integration of ecological civility with balanced PLES configurations [3]. It also
sets clear requirements for exploring sustainable land-use pathways in key development
areas, including mineral-resource-based regions [4]. As a core component of territorial
spatial optimization, the rational allocation of PLESs is essential for improving land-use
efficiency and achieving multifunctional coordination [5]. Existing studies have mainly
focused on the identification and classification of PLESs, as well as the assessment of their
spatial evolution and functions. Regarding identification methods, most studies combine
land-use classification with quantitative measurement approaches [6–8]. Geographically,
mainstream spatial analyses exhibit a pronounced bias toward meso-level provincial or mu-
nicipal granularities, whereas macro-tier examinations encompassing national territories
remain noticeably scarce [9–12]. Research on spatial conflicts developed from studies of
land-use conflict, which is mainly driven by the scarcity and multifunctionality of spatial re-
sources [13]. International research has gradually expanded from early analyses of resource
competition to topics such as ecosystem services [14–16]. Methodologically, both qualitative
and quantitative approaches have been adopted, including Participatory Rural Appraisal
(PRA), game theory, and multi-objective optimization [17–19]. In China, related research
has developed rapidly by drawing on human–land relationship theory and by integrating
models such as the Pressure–State–Response (PSR) model, mechanical equilibrium models,
and landscape ecological risk assessment to quantify spatial conflicts [20–22]. For tracing
territorial transformation processes and land change characteristics, both transition-matrix
approaches and dynamic degree tools have found extensive application, particularly in ge-
ographical assessments of the Hexi Corridor [23]. Spatial autocorrelation analysis has also
been applied to identify grid-scale clustering patterns in variables such as land-use intensity
and ecosystem service value, as demonstrated in studies of the Huangshui River Basin [24].
In addition, Peng Jiajie put together a spatial conflict measurement model grounded in
ecological security to gauge conflict levels in the Changsha–Zhuzhou–Xiangtan region [20].
Notwithstanding these significant strides, certain critical deficiencies in the existing liter-
ature persist. First, existing studies are still mainly concentrated on macro-scale regions,
especially provinces and large urban agglomerations, while county-level resource-based
cities have received insufficient attention at refined spatial resolutions. Second, previ-
ous studies have rarely examined the structural tensions of PLESs in resource-dependent
economies in an explicit and systematic manner. Many studies focus separately on the
ecological or social impacts of coal mining, but they often lack a rigorous and quantifiable
index for measuring spatial conflict intensity. More importantly, the stage-specific evolution
of spatial conflicts is often insufficiently linked with the historical implementation of public
policies, which limits the understanding of the detailed driving mechanisms behind these
conflicts. To address these gaps, this study investigates PLES conflicts in Shenmu City, a
representative county-level resource-based city. By identifying its internal driving forces
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and comparing its evolutionary trajectory with those of different urban types, this study
provides a more detailed comparative framework.

Shenmu City is a suitable case for this study. Characterized by its resource-dependent
municipal economy, this county-level urban center occupies the critical ecotone where
the topography shifts between the Loess Plateau and the Inner Mongolia Plateau. Its
fragile ecological environment, combined with intensive coal development, has intensified
tensions among production, living, and ecological spaces [25]. Accordingly, this study
takes Shenmu City, Shaanxi Province, as the study area. Drawing on land-use data from
2000 to 2020, the analysis traces PLES evolution through a transfer matrix, measures
conflict intensity with a purpose-built assessment model, and locates where conflicts cluster
spatially through autocorrelation analysis. Based on this framework, the study addresses
the following research questions: (1) What were the spatiotemporal evolutionary patterns
of PLESs in Shenmu City from 2000 to 2020, and what were the main transition pathways
among different spatial types? (2) How did the intensity and spatial distribution of PLES
conflicts evolve, and did conflict characteristics differ significantly across different spatial
types? (3) How did the spatial clustering characteristics of PLES conflicts change over
time, and how were these changes related to resource extraction and ecological governance
policies in Shenmu City? The contribution of this study lies in its fine-grained empirical
analysis of a county-level resource-based city. It reveals a trajectory that differs from that
of urbanization-driven cities, namely the reduction in severe spatial conflict alongside
the accumulation of moderate conflict. These core analytical outcomes serve as a robust
conceptual foundation designed to guide regulatory planning and sustainable spatial
recalibration across typical resource-depleted municipal frameworks.

2. Materials and Methods
2.1. Overview of the Study Area

Shenmu City, administered by Yulin City, occupies the northernmost tip of China’s
Shaanxi Province, covering an area of approximately 7635 km2. It lies in an ecologically
sensitive transitional zone between the eastern margin of the Mu Us Sandy Land and
the northern Loess Plateau (109◦40′–110◦54′ E, 38◦13′–39◦27′ N; Figure 1). The city has a
temperate continental climate characterized by persistent dryness and limited precipitation.
Its hilly and plateau-dominated terrain is vulnerable to soil degradation and desertification.
Hydrologically, the Yellow River and the Kuye River form the main drainage system, with
the terrain generally descending toward the southeast. Coal is the foundation of the local
resource base. Shenmu City contains an estimated 50 billion tons of high-quality and
readily mineable coal, along with other mineral resources. The rapid development of the
energy sector has attracted industrial activities and population growth, but it has also
increased pressure on land used for living and ecological functions [26]. In 2025, the city’s
GDP increased by 5.5% year on year, and the value added of the secondary industry was
RMB 204.422 billion. Industrial value added accounted for 83.2% of GDP, while the gross
output value of large-scale industrial enterprises reached RMB 342.682 billion, and raw coal
production reached approximately 340 million tons, indicating a coal-dominated industrial
structure. By the end of 2024, the urbanization rate had reached 71.98%, with a permanent
resident population of 584,100, including an urban population of approximately 120,000.
Continued population concentration has further increased the demand for living space.
In recent years, under the influence of the Western Development Strategy and ecological
conservation policies, Shenmu City has entered a period of simultaneous industrial trans-
formation and ecological restoration, during which conflicts among PLESs have become
increasingly prominent.
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Figure 1. Administrative division map of Shenmu City.

2.2. Data Sources and Processing

The 30 m resolution land-use datasets for the three study years, namely 2000, 2010, and
2020, were obtained from the China National Land Use/Cover Change (CNLUCC) dataset
compiled by the Resource and Environmental Science and Data Center of the Chinese
Academy of Sciences [27] (https://www.resdc.cn/ (accessed on 22 June 2026)). This dataset
has been validated through extensive nationwide field surveys and random sampling
assessments, with a first-level classification accuracy of more than 95%, providing a reliable
basis for spatial analysis [28]. The CNLUCC dataset is mainly produced through the visual
interpretation of Landsat satellite imagery and covers multiple periods, including 2000,
2005, 2010, 2015, and 2018. To ensure strict alignment with the designated temporal scope,
our empirical analysis integrates regional land-use profiles captured at decadal increments
across 2000, 2010, and 2020. The administrative boundary data used in Figure 1 were
obtained from CTAmap (https://www.shengshixian.com/ (accessed on 22 June 2026)). In
addition, a 30 m digital elevation model (DEM) was acquired from the Geospatial Data
Cloud (http://www.gscloud.cn/ (accessed on 22 June 2026)), and socioeconomic indicators
were collected from the official website of the Shenmu Municipal People’s Government
(https://www.sxsm.gov.cn/ (accessed on 22 June 2026)). To ensure analytical consistency,
all geospatial layers were projected to the CGCS2000_3_Degree_GK_CM_111E coordinate
system and standardized to a pixel size of 30 m × 30 m.

2.3. Research Methods
2.3.1. Classification of PLESs

Based on the dominant functions, service attributes, and spatial process characteristics of
land use [29], and with reference to the multi-period Chinese land-use remote sensing dataset
framework [30] and the National Standard for Classification of Current Land Use Status (GB/T
21010–2007) [31], a refined hierarchical classification system suitable for the study area was
established (Table 1). On this basis, the secondary land-use datasets were reclassified and
integrated using spatial analysis tools in ArcGIS 10.8.1 (Esri, Redlands, CA, USA).
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Table 1. Classification system of PLESs.

Space Category
Secondary Land-Use Type Basis for Classification

Primary Category Secondary Category

Production space
Agricultural production space Paddy fields; dry cropland Primarily used for agricultural

production

Industrial production space Industrial land; quarries;
mines; transportation land

Primarily used for industrial
production and energy supply

Living space

Urban living space Urban living space

Meets the daily living and
service needs of urban residents

and is characterized by
concentrated built-up areas with
formal municipal infrastructure

Rural living space Rural living space

Meets the daily living and
service needs of rural residents

and is characterized by
dispersed settlement patterns
associated with agricultural

production

Ecological space

Forest ecological space
Forest land; sparse

woodland; shrubland;
other woodland

Provides ecological
conservation and soil

retention functions

Grassland ecological space

High-coverage grassland;
medium-coverage

grassland; low-coverage
grassland

Provides ecological regulation
and ecosystem services

Water ecological space
Lakes; rivers and canals;

reservoirs and ponds;
tidal flats

Provides hydrological
regulation and water
purification functions

Other ecological space Sandy land; saline–alkali
land; marshland; bare land

Represents ecologically fragile
areas with low carrying capacity

2.3.2. Methods for Spatiotemporal Evolution Analysis

1. Dynamic degree index

This study quantified how quickly each PLES category changed over the study period
by applying the land use dynamic degree index, computed at both the single-category and
whole-system levels [23]. The equations are as follows:

K =
Fb − Fa

Fa
× 1

T
× 100 (1)

where K denotes the rate of change for a single land-use category; Fa and Fb point to the
temporal start and completion magnitudes of the given land cover; and T quantifies the
spanning years of the investigation.

D =
∑n

i=1 ∆DUi−j

∑n
i=1 DUi

× 1
T
× 100 (2)

where D measures the speed of land-use change summed across every category; ∆DUi−j

refers to the total area shifting from category i into any other category j over the study
period; DUi is the area occupied by category i at the outset; and T again denotes the
period length.
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2. Transfer matrix model

To identify the transition pathways among different PLES categories across the three
study periods, a transfer-matrix model was applied [32]. The equation is expressed
as follows:

Sij =


S11 S12 · · · S1n

S21 S22 · · · S2n
...

...
. . .

...
Sn1 Sn2 · · · Snm

 (3)

Specifically, Sij signifies the area of spatial reallocation, capturing the movement from
land type i (early stage) to land type j (later stage), and n defines the total number of
land-use categories involved.

2.3.3. Conflict Assessment Model

Borrowing the logic used in landscape ecological risk assessment, a PLES conflict
assessment model was built around three dimensions, namely spatial complexity, spatial
vulnerability, and spatial stability. Because land-use systems emerge from the interplay
between natural processes and human activities, they inherently display complexity, vul-
nerability, and dynamic stability [33]. These three dimensions have also been widely used
in studies of landscape ecological risk and spatial conflict [20]. Specifically, the spatial
complexity index reflects the intensity of external spatial pressure and corresponds to
the risk source dimension. The spatial vulnerability index describes the susceptibility of
different spatial types to disturbance and corresponds to the risk receptor dimension. The
spatial stability index represents the resilience and self-repair capacity of spatial units and
corresponds to the risk effect dimension. In this framework, higher spatial complexity,
greater vulnerability, and lower stability indicate a higher intensity of spatial conflict.

Following the conflict assessment framework proposed by Peng et al. [20] and sub-
sequent related studies [34], equal weights were assigned to the three dimensions in this
study. This approach was adopted because no definitive theoretical or empirical evidence
currently indicates that any single dimension is inherently more important than the others
in characterizing spatial conflict intensity. Equal weighting also improves methodological
transparency and facilitates comparison with previous studies. Consequently, the Spatial
Comprehensive Conflict Index (SCCI) is conceptualized as a composite metric, derived
by aggregating the spatial complexity and vulnerability dimensions, and subsequently
deducting the spatial stability component:

SCCI = LCI + LFI − LSI (4)

where SCCI is the combined PLES conflict score; LCI represents the spatial complex-
ity index; LFI represents the spatial vulnerability index; LSI represents the spatial
stability index.

1. Spatial complexity index [35]:

LCI =
m

∑
i=1

n

∑
j=1

[
2ln

(
0.25pij

)
ln aij

×
( aij

A

)]
(5)

where pij denotes the boundary length of patch i; aij is the area of patch j of spatial type i;
A is the total area of the spatial unit; m is the total number of PLES types; and n is the total
number of landscape patches.
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To ensure comparability, the index values were normalized [36]. The normalization
formula is as follows:

LCI =
LCI∗ − LCI∗min

LCI∗max − LCI∗min
(6)

2. Spatial vulnerability index [37]:

LFI =
n

∑
i=1

Fi
ai
A

(7)

where Fi is the assigned vulnerability score for spatial type i; ai represents the area of
spatial type i within the spatial unit; A represents the total area of the spatial unit; and n
represents the total number of spatial types. The vulnerability values assigned to different
spatial types reflect their relative capacity to resist degradation and recover from natural
and anthropogenic disturbances, rather than their areal extent or functional importance. A
higher value indicates greater vulnerability and lower post-disturbance recovery potential.
Drawing on the relevant literature and the specific conditions of the study area [38,39], the
vulnerability values were assigned as follows: urban living space = 1, rural living space = 1,
forest ecological space = 2, grassland ecological space = 2, agricultural production space = 3,
water ecological space = 4, industrial production space = 5, and other ecological space = 6.

Urban and rural living spaces were assigned the lowest value because they are domi-
nated by artificial built environments and are subject to continuous human management
and maintenance, which provide relatively strong buffering capacity against external en-
vironmental disturbances. Forest ecological space and grassland ecological space were
assigned a value of 2, reflecting their relatively high self-regulation capacity, although they
remain affected by land-use pressure from adjacent production activities. Agricultural
production space was assigned a value of 3 because it depends on stable soil and water
conditions and is exposed to encroachment from nearby industrial expansion in Shenmu
City. Water ecological space was assigned a value of 4 because it is highly sensitive to up-
stream land-use change and pollution and acts as a cumulative recipient of watershed-scale
disturbances. Industrial production space was assigned a value of 5. Although it plays
a dominant role in the local economy, it functions as both a major source and a recipient
of land-use conflicts in this resource-based city, and its disturbances tend to have cumu-
lative and compound effects. Other ecological spaces, including sandy land, saline-alkali
land, and bare land, were assigned the highest value. This category has a fragile baseline
condition and low ecological carrying capacity, and its natural recovery potential after
disturbance is extremely weak. This feature is particularly evident along the margin of the
Mu Us Desert, where Shenmu City is located.

To ensure comparability, the index values were normalized [36]. The normalization
formula is as follows:

LFI =
n
∑

i=1
Fi

ai
A

LFI∗ =
LFI∗ − LFI∗min

LFI∗max − LFI∗min
(8)

3. Spatial stability index [40]

PD = ni
A

LSI = 1 − PD
(9)

where PD is the patch density; the variables ni and A quantify the total patch volume of land-
scape type i and the macroscopic area of the corresponding spatial framework, respectively.

This index was again normalized for cross-unit comparability [36]. The normalization
formula is as follows:

LSI = LSI∗−LSI∗min
LSI∗max−LSI∗min

(10)
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FRAGSTATS 4.2 (University of Massachusetts, Amherst, MA, USA) was used to
calculate the conflict indices using a grid-based method. In view of the size of the research
zone, the spatial resolution of the datasets, and the requirements of the assessment, and
referring to grid sizes commonly used in PLES conflict and landscape ecological risk
studies [41], Shenmu City was divided into 1 km × 1 km grids. This grid size was selected
because a 500 m × 500 m grid may contain too few pixels in individual units, leading
to unstable landscape index calculations, whereas a 2 km × 2 km grid may over-smooth
spatial heterogeneity and obscure the fine-scale distribution of local conflicts. By contrast,
the 1 km × 1 km grid provides a sufficient number of pixels within each grid cell and
ensures the statistical stability of landscape index calculations. Boundary grid cells that did
not fully cover the study area were excluded, leaving 7152 valid units for analysis. To make
conflict intensity comparable across the three time points, the normalized conflict index,
ranging from 0 to 1, was classified using the equal interval method [13]. The frequency
distribution of the conflict index across all 7152 grid units showed a unimodal pattern, and
the selected breakpoints of 0.2, 0.4, 0.6, and 0.8 did not coincide with abrupt changes in the
frequency distribution. This supports the suitability of the selected intervals. Consistent
with previous conflict assessment studies [42], five equal-width classes of 0.2 were used:
weak [0.0, 0.2), relatively weak [0.2, 0.4), moderate [0.4, 0.6), relatively strong [0.6, 0.8),
and strong [0.8, 1.0). Because all conflict indices were normalized to the same range, the
equal interval classification method allows for direct comparison of conflict levels across
different years and avoids potential inconsistencies caused by data-dependent classification
methods, such as natural breaks.

2.3.4. Spatial Autocorrelation Analysis

Global Moran’s I was used to evaluate the overall spatial autocorrelation of spatial
conflict [43]:

Moran’s I =
n

∑n
i=1 ∑n

j=1 Wij
·

∑n
i=1 ∑n

j=1 wij(xi − x)
(
xj − x

)
∑n

i=1(xi − x)2 (11)

where n is the count of spatial units; xi and xj represent the conflict index values at locations
i and j, respectively; x represents the mean conflict index; and Wij represents the spatial
weight matrix. Values of Moran’s I exceeding zero signify a positive spatial dependency
(clustering), while values below zero denote a negative spatial association (dispersion). An
index of exactly zero implies a random spatial distribution, devoid of significant correlation.

The local indicator of spatial association (LISA) was further used to identify local
clustering characteristics [44]:

LISA =
n(xi − x)(

∑i(xi − x)2
)∑

j
Wij(xi − x) (12)

where xi is the conflict index value observed at location i; x represents the mean conflict
index; and Wij represents the spatial weight matrix. LISA > 0 indicates that similar values
are spatially clustered, whereas LISA < 0 indicates that dissimilar values are spatially
clustered. When LISA = 0, no spatial clustering relationship exists.

The spatial weight matrix (Wij) used to calculate Global Moran’s I and LISA was
constructed based on the Queen contiguity criterion (CONTIGUITY_EDGES_CORNERS).
Under this criterion, grid cells sharing either an edge or a vertex are defined as spatially
adjacent. The weight matrix was then row-standardized to ensure that the sum of the
spatial weights for each geographic unit equals 1.
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3. Results
3.1. Spatiotemporal Evolution of PLESs
3.1.1. Changes in the Spatial Pattern of PLESs

As illustrated in Table 2 and Figure 2, the PLES landscape of Shenmu City between 2000
and 2020 was characterized by the overarching dominance of grassland ecological space and
agricultural production space. The former exhibited a pervasive footprint citywide, with
particularly dense clustering across the northern and west–central territories. Urban living
space was mainly concentrated around the city center, while industrial production space
showed a point-like and linear distribution along transportation corridors and resource-rich
areas. Other ecological space was mainly located in the western part of the study area.

Table 2. Area and proportion of PLESs in Shenmu City from 2000 to 2020.

Category

2000 2010 2020

Area (ha) Proportion
(%) Area (ha) Proportion

(%) Area (ha) Proportion
(%)

Production
space

Agricultural production space 209,990.34 28.10 188,064.66 25.16 184,245.50 24.66
Industrial production space 125.55 0.02 5053.99 0.68 26,754.64 3.58

Living
space

Urban living space 320.85 0.04 1341.15 0.18 843.73 0.11
Rural living space 1362.60 0.18 2056.51 0.28 1677.08 0.22

Ecological
space

Forest ecological space 23,709.15 3.17 26,762.27 3.58 26,014.29 3.48
Grassland ecological space 410,906.61 54.98 426,322.19 57.05 411,242.11 55.03

Water ecological space 18,362.52 2.46 16,678.57 2.23 17,603.74 2.36
Other ecological space 82,584.99 11.05 81,058.93 10.85 78,907.68 10.56

Figure 2. Spatial distribution patterns of PLESs in Shenmu City from 2000 to 2020.

Industrial production space expanded more rapidly than any other category, with
its share increasing from 0.02% in 2000 to 0.68% in 2010 and further to 3.58% in 2020. By
contrast, agricultural production space declined steadily, with its proportion decreasing
from 28.10% to 24.66%. Among ecological spaces, forest ecological space and grassland
ecological space increased slightly, whereas other ecological space continued to decrease,
with its share falling from 11.05% to 10.56%.

3.1.2. Changes in the Dynamic Degree of PLESs

Temporal shifts were most striking within the industrial production space during the
evaluated period, with its single dynamic degree peaking at 4.98% (Table 3). This result
reflects the important role of coal resource development in reshaping the spatial structure
of Shenmu City. Living space showed an overall increasing trend, with urban living space
recording the highest dynamic degree among living-space types at 3.10%. In contrast,
agricultural production space and some ecological spaces experienced negative changes.
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Table 3. Single dynamic degree of PLESs in Shenmu City from 2000 to 2020 (%).

Category 2000–2010 2010–2020 2000–2020

Production space Agricultural production space −1.17% −0.21% −0.70%
Industrial production space 9.75% 8.11% 4.98%

Living space Urban living space 7.61% −5.90% 3.10%
Rural living space 3.37% −2.26% 0.94%

Ecological space

Forest ecological space 1.14% −0.29% 0.44%
Grassland ecological space 0.36% −0.37% 0.00%

Water ecological space −1.01% 0.53% −0.22%
Other ecological space −0.19% −0.27% −0.23%

From 2000 to 2010, PLESs generally showed an increasing trend. Industrial production
space and urban living space expanded rapidly, with dynamic degrees of 9.75% and 7.61%,
respectively. Agricultural production space showed a negative dynamic degree, indicating
a gradual weakening of traditional agricultural functions during the development of this
resource-based city. From 2010 to 2020, the rate of change slowed across all spatial types.
Industrial production space continued to expand, although at a reduced rate. During the
same period, living space decreased noticeably, in contrast to its increase from 2000 to 2010.
Among ecological spaces, water ecological space showed a positive dynamic degree of
0.53%, whereas the other three ecological space types showed negative dynamic degrees.

The comprehensive dynamic degrees of PLESs were 0.86%, 0.78%, and 0.61%, respec-
tively (Figure 3), indicating a gradual downward trend. This indicates that land-use change
in Shenmu City followed a pattern of rapid transformation in the early period and gradual
stabilization in the later period.

Figure 3. Comprehensive dynamic degree of PLESs in Shenmu City from 2000 to 2020 (%).

3.1.3. Analysis of the Transfer Characteristics of PLESs

The transfer matrix for 2000–2010 (Table 4) shows that bidirectional conversions
between production space and ecological space were the dominant transition pattern.
The largest transfer occurred from agricultural production space to grassland ecological
space, reaching 28,927.45 ha, while a substantial reverse transfer was also observed. The
expansion of industrial production space was mainly supported by conversions from
grassland ecological space, other ecological spaces, and agricultural production space.
Forest ecological space increased primarily by absorbing agricultural production space
and grassland ecological space, which was consistent with the implementation of the
Grain-for-Green Program during this period.
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Table 4. Transfer matrix of PLESs in Shenmu City from 2000 to 2010 (ha).

2000

2010

Total
Outflow

Production Space Living Space Ecological Space

Agricultural
Production

Space

Industrial
Production

Space

Urban
Living
Space

Rural
Living
Space

Forest
Ecologi-

cal Space

Grassland
Ecologi-

cal Space

Water
Ecologi-

cal Space

Other
Ecologi-

cal Space

Production
space

Agricultural
production

space
175,885.16 302.32 804.65 531.85 2800.26 28,927.45 304.93 400.96 209,957.59

Industrial
production

space
2.36 118.67 0.78 0.27 0.33 1.34 0.94 0.85 125.54

Living
space

Urban
living space 0.62 0.00 319.33 0.34 0.33 0.23 0.00 0.00 320.85

Rural living
space 178.87 0.00 3.14 1113.37 4.77 48.74 12.53 0.90 1362.33

Ecological
space

Forest
ecological

space
207.03 70.66 9.04 32.97 22,491.19 822.80 9.55 58.36 23,701.59

Grassland
ecological

space
10,284.45 3960.88 38.73 221.04 1328.14 390,456.97 174.09 4355.39 410,819.69

Water
ecological

space
845.51 44.71 165.47 151.41 78.03 861.49 16,086.37 75.88 18,308.88

Other
ecological

space
636.34 555.86 0.00 5.00 52.79 5123.05 42.64 76,152.69 82,568.36

Total inflow 188,040.34 5053.11 1341.15 2056.25 26,755.83 426,242.08 16,631.05 81,045.03 747,164.82

From 2010 to 2020 (Table 5), inflows into industrial production space increased sub-
stantially, reaching 26,752.50 ha. The main sources were grassland ecological space and
agricultural production space, which contributed 14,768.05 ha and 3484.67 ha, respectively.
This indicates that the continued expansion of the energy industry had a strong influence
on land-use patterns. The results also highlight the need to establish spatial boundaries
for industrial expansion in order to protect the remaining agricultural and ecological
land. Compared with the previous period, inflows into living space decreased, while
outflows increased.

Over the full study period from 2000 to 2020 (Table 6), the long-term structural changes
in PLESs in Shenmu City were closely related to the development pattern of a resource-
dependent economy. Industrial production space showed continuous and substantial net
expansion, making it the most rapidly growing land-use type. This reflects a structural
transition from an agriculture-oriented land-use pattern toward more intensive industrial
development. Agricultural production space played a dual role: it served as an important
land source for industrial expansion while also providing land for ecological restoration.
Within ecological space, grassland ecological space showed marked fluctuations and func-
tioned as an important spatial buffer between productive and ecological functions. By
contrast, living space remained relatively stable, with only limited structural fluctuations
and relatively small cross-category conversions.
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Table 5. Transfer matrix of the PLESs in Shenmu City from 2010 to 2020 (ha).

2010

2020

Total
Outflow

Production Space Living Space Ecological Space

Agricultural
Production

Space

Industrial
Production

Space

Urban
Living
Space

Rural
Living
Space

Forest
Ecologi-

cal Space

Grassland
Ecologi-

cal Space

Water
Ecologi-

cal Space

Other
Ecologi-

cal Space

Production
space

Agricultural
production

space
173,291.97 3484.67 4.01 181.21 241.86 9692.64 686.82 460.26 188,043.44

Industrial
production

space
406.83 2666.65 0.02 7.09 48.10 1712.66 27.31 184.99 5053.64

Living
space

Urban
living space 394.80 65.96 818.53 5.12 9.24 38.25 9.25 0.00 1341.15

Rural living
space 226.65 57.88 4.36 1395.87 34.34 182.72 149.41 5.08 2056.33

Ecological
space

Forest
ecological

space
248.20 580.84 0.69 4.56 24,796.21 771.05 14.75 341.63 26,757.92

Grassland
ecological

space
9043.99 14,768.05 14.62 69.90 800.59 396,622.32 908.82 4042.57 426,270.87

Water
ecological

space
224.86 457.06 1.51 12.47 9.18 174.00 15,701.77 49.86 16,630.70

Other
ecological

space
394.10 4671.38 0.00 0.73 70.80 2011.73 87.24 73,813.46 81,049.44

Total inflow 184,231.40 26,752.50 843.73 1676.94 26,010.32 411,205.37 17,585.37 78,897.84 747,203.49

Table 6. Transfer matrix of PLESs in Shenmu City from 2000 to 2020 (ha).

2010

2020

Total
Outflow

Production Space Living Space Ecological Space

Agricultural
Production

Space

Industrial
Production

Space

Urban
Living
Space

Rural
Living
Space

Forest
Ecologi-

cal Space

Grassland
Ecologi-

cal Space

Water
Ecologi-

cal Space

Other
Ecologi-

cal Space

Production
space

Agricultural
production

space
171,055.54 3738.23 514.05 380.45 2814.40 30,464.86 582.13 396.98 209,946.64

Industrial
production

space
2.50 117.87 0.41 0.00 0.01 0.96 1.83 1.97 125.54

Living
space

Urban
living space 0.39 0.00 318.87 0.20 0.19 1.20 0.00 0.00 320.85

Rural living
space 108.22 8.18 1.50 1200.09 7.14 25.64 9.53 1.92 1362.21

Ecological
space

Forest
ecological

space
267.54 592.94 1.17 5.10 21,513.33 952.04 17.94 350.53 23,700.59

Grassland
ecological

space
11,474.57 16,695.15 4.00 84.44 1520.72 374,016.16 313.97 6692.33 410,801.35

Water
ecological

space
691.43 602.75 3.74 5.43 76.21 268.97 16,541.41 87.29 18,277.23

Other
ecological

space
617.36 4994.47 0.00 1.02 75.83 5426.99 89.94 71,359.88 82,565.50

Total inflow 184,217.56 26,749.59 843.73 1676.72 26,007.83 411,156.82 17,556.76 78,890.90 747,099.91
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3.2. Conflict Assessment of PLESs
3.2.1. Analysis of the Evolution of Conflicts Among PLESs

From 2000 to 2020, conflicts among PLESs in Shenmu City generally shifted from
strong spatial conflict toward moderate and relatively weak spatial conflict, indicating a
gradual improvement in spatial configuration (Table 7). Moderate spatial conflict remained
the dominant category throughout the study period and continued to increase, rising from
33.46% in 2000 to 42.18% in 2020. Weak and relatively weak spatial conflict also increased,
reaching 15.44% and 28.72%, respectively. In contrast, relatively strong and strong spatial
conflict decreased sharply, falling to 13.45% and 0.21%, respectively. This indicates a
substantial reduction in the most severe conflict levels. In future spatial governance,
attention should therefore shift from the elimination of extreme conflict to the management
of the widespread accumulation of moderate spatial conflict.

Table 7. Spatial conflict index of PLESs in Shenmu City from 2000 to 2020.

Spatial Conflict Category

2000 2010 2020

Number Proportion
(%) Number Proportion

(%) Number Proportion
(%)

Weak spatial conflict 951 13.30 1089 15.23 1104 15.44
Relatively weak spatial

conflict 1405 19.65 1671 23.37 2054 28.72

Moderate spatial conflict 2393 33.46 2625 36.71 3016 42.18
Relatively strong spatial

conflict 2103 29.41 1656 23.16 962 13.45

Strong spatial conflict 299 4.18 110 1.54 15 0.21

As shown in the spatial distribution of conflicts from 2000 to 2020 (Figure 4), the
conflict pattern shifted from a concentrated distribution of high-intensity conflicts in the
southeastern part of the city to a more balanced distribution across the study area by 2020.

Figure 4. Spatial conflict patterns of PLESs in Shenmu City from 2000 to 2020.

Strong spatial conflict was mainly concentrated in the southeast, where eastern townships
such as Wanzhen Town and Hejiachuan Town are located along the Yellow River and contain
large-scale mining areas supported by abundant coal resources. In 2000, intensive coal
extraction accelerated the expansion of industrial production space, causing substantial
disturbance to soil and vegetation and triggering intense conflicts with agricultural production
space and ecological space. At the same time, the Shendong Highway and the Baoshen
Railway further intensified spatial conflicts through transport-related noise and landscape
fragmentation. In 2010, the area of strong spatial conflict had decreased, but conflict intensity
remained high in the core mining areas. By 2020, areas of strong spatial conflict had further
contracted into scattered patches within the core mining districts, and most formerly strong-
conflict areas had been transformed into areas of moderate spatial conflict.
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The southern part of Shenmu City is mainly characterized by loess hills and gullies,
where fragmented terrain and severe soil erosion are prominent. Agricultural production
space is interwoven with forest ecological space and grassland ecological space, and
the dominant conflict types are relatively strong and moderately strong spatial conflicts.
Between 2000 and 2020, with continued urbanization, moderate spatial conflict expanded
from isolated points to broader areas. The northwestern region is dominated by sandy
grasslands with relatively flat terrain. From 2000 to 2010, forest and grassland ecological
spaces were dominant, and conflict levels were mainly weak or relatively weak. From 2010
to 2020, ecological conditions improved further, and spatial conflict decreased accordingly.

To further examine the relative contributions of the three component indices to the
SCCI, this study calculated the mean and standard deviation (SD) values of LCI, LFI, and
LSI for 2000, 2010, and 2020 (Table 8). In terms of mean values, LSI was consistently
higher than both LCI and LFI across all three periods. Since LSI is a subtractive term in
the calculation of SCCI, its higher mean value had the strongest mitigating effect on the
overall magnitude of SCCI. This suggests that LSI had the greatest influence on the overall
numerical level of SCCI. In terms of standard deviation, LCI showed the largest variation
among the three indices in all periods, remaining higher than both LFI and LSI. Because
SCCI is calculated through the direct addition and subtraction of these three normalized
indicators, the standard deviation of each component reflects its relative contribution to the
spatial heterogeneity of SCCI. Therefore, LCI contributed most strongly to the variation
in conflict index values among individual grid cells. Overall, LSI mainly determined the
overall magnitude of SCCI, whereas LCI primarily shaped its spatial differentiation pattern.

Table 8. Contribution analysis of individual conflict component indices to PLES conflicts in Shenmu
City from 2000 to 2020.

Year Mean of LCI SD of LCI Mean of LFI SD of LFI Mean of LSI SD of LSI

2000 0.43 0.24 0.32 0.18 0.70 0.19
2010 0.41 0.23 0.32 0.18 0.73 0.17
2020 0.40 0.22 0.33 0.19 0.70 0.18

3.2.2. Conflict Differentiation Characteristics of PLESs

Clear differences in conflict characteristics were observed among different PLES types
in Shenmu City (Figure 5), although all spatial types generally showed a tendency to shift
from high-intensity conflict toward moderate spatial conflict. Within production space,
agricultural production space accounted for a relatively high proportion of moderately
strong spatial conflict in 2000 (11.18%), indicating that construction land had clearly en-
croached on agricultural production space under the influence of resource exploitation.
By 2020, strong spatial conflict had nearly disappeared, while moderate spatial conflict
had become the dominant type, rising to 12.33%. Although agricultural production space
gradually stabilized, spatial competition remained evident. Industrial production space
showed relatively low conflict levels in the early study period. However, as mining areas
expanded and developed, spatial conflicts began to emerge around 2010. By 2020, the
proportion of moderate spatial conflict had increased substantially to 1.73%.

The overall conflict level in living space remained low. Urban living space was
dominated by weak and relatively weak spatial conflict throughout the three periods,
indicating strong structural stability. Rural living space showed slightly higher conflict
levels than urban living space, but it still remained at a generally low conflict level. From
2000 to 2010, the proportions of relatively weak and moderate spatial conflict increased,
suggesting an increase in spatial functional mixing. However, the conflict structure became
more stable in the subsequent period.
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Conflict differentiation was most pronounced within ecological space. Forest ecologi-
cal space and water ecological space maintained generally weak spatial conflict with limited
fluctuations, mainly under the influence of natural constraints and ecological protection
policies. Grassland ecological space showed relatively high conflict sensitivity. In the
early period, moderate and relatively strong spatial conflicts accounted for relatively large
proportions because of coal resource exploitation. Subsequently, relatively strong spatial
conflict declined significantly, whereas moderate spatial conflict continued to accumulate
and became dominant by 2020, accounting for 19.14%. Other ecological space was domi-
nated by moderate spatial conflict throughout the study period. Although relatively strong
spatial conflict accounted for a certain proportion in the early stage, it decreased from 3.28%
to 1.45% by 2020.

  
(a) (b) 

  
(c) (d) 

  
(e) (f) 

  
(g) (h) 

Figure 5. Changes in spatial conflict levels among different spatial types in Shenmu City from 2000
to 2020. (a) Agricultural production space; (b) industrial production space; (c) urban living space;
(d) rural living space; (e) forest ecological space; (f) grassland ecological space; (g) water ecological
space; (h) other ecological space.
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3.2.3. Spatial Autocorrelation Characteristics of Conflicts in PLES

The results of the global spatial autocorrelation analysis (Table 9) show that the
p-values for all three periods from 2000 to 2020 were less than 0.01, indicating that the
significance tests were passed and that the spatial autocorrelation results were statistically
reliable. Global Moran’s I values were 0.623537, 0.522040, and 0.492283 in the three
years, respectively. All values were positive, confirming the presence of significant spatial
clustering. However, the values showed a downward trend, with the largest decrease
occurring between 2000 and 2010. This weakening of spatial clustering suggests that
conflict management should not rely solely on a few concentrated high-conflict zones, but
should adopt a more spatially distributed governance approach.

Table 9. Results of global spatial autocorrelation of conflicts in PLESs in Shenmu City from 2000
to 2020.

Year 2000 2010 2020

Moran’s I 0.623537 0.52204 0.492283
Z 103.501362 86.656906 81.719622
P 0 0 0

Local spatial autocorrelation further identified the locations of conflict clusters and
the aggregation effects among different conflict units (Figure 6). High–High and Low–Low
clusters were the dominant types, while High–Low and Low–High clusters appeared
only sporadically. High–High conflict clusters were mainly concentrated in Hejiachuan
Town and Wanzhen in the southeastern part of the city, as well as Daliuta Town and
Jinjie Town in the central area. In these areas, frequent resource extraction and intensive
land use generated strong spatial competition. From 2000 to 2010, driven by the rapid
expansion of coal development, High–High cluster areas expanded markedly toward the
southwest, although their spatial continuity weakened. By 2020, these areas had become
more fragmented and increasingly patchy, with a decline in overall concentration. In
contrast, Low–Low conflict clusters were mainly distributed in ecological space types in
the northwestern part of the city, including Erlintu Town, Zhongji Town, and the marginal
zone of the Mu Us Desert. These areas showed a contiguous spatial distribution pattern,
and their spatial stability improved gradually over time.

Figure 6. Local spatial autocorrelation of conflicts in PLESs in Shenmu City from 2000 to 2020.

4. Discussion
As a core component of the Northern Shaanxi Energy and Chemical Industry Base,

Shenmu City provides a representative case for understanding the stage-specific evolution
of PLES conflicts under the combined influence of resource exploitation and environmental
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governance. Resource-based cities, in their early years, tend to rely heavily on extractive
industries to drive economic growth—a choice that can erode ecological stability and
sharpen human–land conflict [45]. The period from 2000 to 2010 reflects this process.
During this stage, the rapid expansion of industrial production space led to the pronounced
clustering of high-intensity spatial conflicts. This pattern is consistent with the single land-
use dynamic degree results: industrial production space increased rapidly, with a dynamic
degree of 9.75%, indicating that coal extraction expanded strongly during the early energy-
driven development stage. Although industrial production space continued to expand
after 2010, its growth rate slowed compared with the previous decade, and the dynamic
degree over the whole 2000–2020 period was 4.98%. This change suggests that standardized
industrial zoning and ecological regulation under the 12th Five-Year Plan helped internalize
some ecological externalities that had previously affected surrounding agricultural and
ecological landscapes. Meanwhile, the continued contraction of agricultural production
space reflects two concurrent pressures on the same land base: encroachment by mining
activities and ecological conversion under the Grain for Green Project. Grassland ecological
space, which first expanded and then gradually stabilized, indicates that afforestation and
ecological restoration reached the limits of suitable land conversion over time. As a result,
grassland ecological space functioned as a dynamic spatial buffer that absorbed part of the
tension between production and ecological functions before the regional spatial system
moved toward a new equilibrium.

As extractive activities entered a more mature stage, spatial governance and ecological
regulation became increasingly institutionalized, guiding regional development toward
structural optimization [46]. Since 2010, stricter environmental policies have promoted
green mine remediation and ecological restoration programs. The fragmented distribution
of restored areas suggests that mine restoration was implemented selectively rather than
uniformly, with priority given to key mining areas such as Daliuta and Hejiachuan Towns.
This localized focus helps explain why high-conflict hotspots contracted into isolated
patches rather than declining evenly across the entire landscape. After Shenmu was
transformed from a county into a county-level city in 2017, land-use stability was further
strengthened, and conflict dynamics shifted from extensive expansion to a more balanced
pattern of structural optimization. The finding that the landscape complexity index (LCI)
was the main factor explaining grid-level variation in conflict intensity further supports
this spatial pattern, as conflict hotspots remained highly localized. This indicates that local
differences in landscape fragmentation were an important driver of spatial conflict. These
results provide empirical support for differentiated spatial zoning as a key strategy for
reducing land-use conflicts in resource-based cities.

Compared with studies of PLES conflicts in other regions, Shenmu City shows distinc-
tive stage-specific characteristics associated with resource-based urban development. In
urbanization-driven cities such as Qianjiang City, PLES conflicts generally show a continu-
ous upward trend, with intense spatial conflicts gradually becoming dominant [47]. Such
conflicts mainly result from the planar and incremental expansion of construction land into
agricultural and ecological land, and they tend to increase as urbanization progresses. In
contrast, conflicts in Shenmu City are driven primarily by intensive coal extraction. Indus-
trial production space expanded in a point-like and linear pattern along transportation
corridors and resource-rich zones, with high disturbance intensity but a more concentrated
spatial distribution. This difference explains why targeted ecological policies, such as
the Grain for Green Program and green mine construction, led to a clear reduction in
severe conflicts and a corresponding accumulation of moderate conflicts in Shenmu City.
This finding suggests that spatial conflicts in resource-based cities are highly responsive
to targeted ecological governance policies. At the provincial scale, the expansion of in-
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dustrial production space in Shanxi Province was far greater than that in Shenmu City,
with urban living space expanding nearly fourfold and rural living space increasing by
1.6 times [48]. By comparison, changes in living space in Shenmu City were relatively
moderate, indicating that conflict dynamics at the county scale are more directly shaped
by local governance and ecological restoration policies. A similar contrast can be ob-
served in spatial clustering. While spatial clustering in Shenmu City weakened steadily,
the Xiamen–Zhangzhou–Quanzhou urban agglomeration showed the opposite pattern,
with Global Moran’s I for PLES conflicts increasing from 2000 to 2020 and High–High
clustering becoming more pronounced during the same period [49]. This contrast further
confirms the different evolutionary mechanisms of PLES conflicts in resource-based cities
and urbanization-driven cities. Resource-based cities may benefit more directly from tar-
geted ecological governance policies, which can guide conflict patterns toward a more
dispersed and balanced distribution. By contrast, urbanization-driven cities often experi-
ence more centralized and cumulative conflict dynamics because of sustained population
pressure and continued economic development. Therefore, the pattern identified in this
study, characterized by the reduction in severe spatial conflicts and the accumulation of
moderate spatial conflicts, should not be regarded as a universal rule. Rather, it reflects
the specific developmental stage of a resource-based city under the combined influence
of ecological governance policies, highlighting the importance of fine-grained empirical
research at the county scale.

Optimizing the spatial layout of PLESs is an important practical approach for reducing
spatial conflicts and promoting sustainable territorial development [50]. Based on the
findings of this study, three governance directions are proposed. First, localized spatial
zoning and differentiated governance measures should be implemented according to con-
flict intensity [51]. Spatial hotspots characterized by High–High clustering, particularly
Daliuta Town, should be treated as priority intervention zones. The traditional approach of
“degrade first, remediate later” should be replaced by an integrated extraction–reclamation
model. This model can support the restoration of exhausted open-pit mining sites, rebuild
local ecological chains, promote green mining infrastructure, and maintain a functional
balance between environmental disturbance and ecological rehabilitation [52]. At the same
time, Low–Low conflict clusters in the northwestern arid grassland and wind-blown sand
zone should continue to be protected through the Grain for Green Program in order to
consolidate existing ecological resources and strengthen the regional ecological barrier. For
moderate spatial conflict, which is currently the dominant conflict type in Shenmu City,
governance should avoid indiscriminate suppression. Instead, moderate conflict should be
managed as a transitional condition in the evolution of resource-based cities. A long-term
monitoring framework based on a 1 km × 1 km spatial grid should be established to track
peripheral ecotones where weak conflicts may develop into moderate conflicts, thereby
preventing further deterioration into severe spatial conflicts. Second, the protection of
ecological matrices should be strengthened to build a coherent regional ecological security
pattern. Multifunctional greenway networks can be used to connect ecological corridors,
hydrological systems, core agricultural zones, and post-mining landscapes. Integrating
degraded mining areas into the broader greenway network can provide an adaptive frame-
work for ecological restoration and help improve landscape connectivity [53]. Third, the
green restructuring of the industrial sector should be promoted to address land-use con-
flicts at their source. The structural driver of PLES conflicts in resource-based cities lies
in institutional path dependence on a single resource-based economy, together with the
depletion risks associated with long-term extraction [54]. The observed slowdown in the
growth of industrial production space indicates that Shenmu City has entered an important
period for economic transition, during which its dependence on raw resource extraction
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is gradually weakening. Policy measures should therefore accelerate the reduction in
coal-industry lock-in effects by developing alternative economic drivers, such as strategic
emerging industries and modern service sectors. This would help reduce the continued
expansion of mining land into agricultural and ecological spaces. In addition, a spatial con-
flict early-warning and continuous assessment mechanism should be established. Spatial
conflict indices could be incorporated as quantitative thresholds in spatial planning deci-
sions. Such institutional integration would support responsive and dynamic adjustment of
functional layouts, prevent conflict accumulation in newly developed areas, and enable
early intervention before moderate spatial conflicts escalate into severe conflicts.

5. Conclusions
Set against the backdrop of intensive energy development in Shenmu City, Shaanxi

Province, this study drew on land-use data spanning 2000–2020 and combined transfer-
matrix analysis, a purpose-built PLES conflict assessment model, and spatial autocorrelation
analysis to trace how PLESs and their associated spatial conflicts evolved.

Ecological space and agricultural production space together accounted for most of
the PLES pattern in Shenmu City, while industrial production space expanded rapidly.
Agricultural production space continued to decline, serving both as a land source for
industrial expansion and as an area for ecological conversion. Living space increased
slightly, and grassland ecological space functioned as an important transitional space that
helped stabilize the overall spatial structure. The intensity of spatial conflicts among PLESs
generally shifted from high levels to moderate levels. Moderate spatial conflict remained
the dominant category and continued to increase, whereas strong spatial conflict nearly
disappeared. Although this indicates a marked decline in extreme conflicts, it also suggests
a transfer of conflict intensity rather than a complete resolution of conflicts. The growing
concentration of moderate spatial conflict in transitional zones among production, living,
and ecological spaces represents a potential risk that requires continued monitoring and
adaptive intervention, rather than being interpreted as evidence of full spatial coordination.
Spatially, high-conflict areas changed from a concentrated distribution in the southeastern
mining region to a fragmented and patch-like pattern, while the northwestern ecological
region maintained a consistently stable low-conflict configuration. Conflict responses also
varied significantly among spatial types. Grassland ecological space showed the high-
est sensitivity, whereas conflicts within industrial production space intensified to some
extent. The conflict pattern showed significant positive spatial autocorrelation, mainly
characterized by High–High and Low–Low clusters. Global Moran’s I continued to decline,
indicating that the spatial clustering of conflicts weakened over time and gradually shifted
from concentration toward a more balanced pattern. This study identifies an evolutionary
trend in resource-based cities characterized by the attenuation of severe spatial conflicts
and the accumulation of moderate spatial conflicts. This pattern provides a new scenario
for PLES conflict research that differs from urbanization-driven mechanisms. The findings
emphasize that an overall decline in conflict intensity does not necessarily indicate the
fundamental resolution of conflicts; instead, it may reflect an emerging risk associated
with the accumulation of moderate conflicts. This contributes to a better understanding of
the phased characteristics of conflict evolution. Methodologically, this study integrates a
conflict assessment model and spatial autocorrelation analysis with key stages of ecolog-
ical governance policy implementation, providing a replicable framework for empirical
research on similar resource-based cities and linking quantitative evaluation with policy
mechanism analysis.
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This study mainly assessed spatial conflicts based on land-use patterns using 30 m
resolution data. However, it did not fully incorporate socioeconomic driving factors, and the
assessment framework relied primarily on landscape ecological indicators. Future research
should adopt approaches such as geographic detector models to identify multidimensional
driving mechanisms and integrate ecosystem service value (ESV) assessment, thereby
enabling a more comprehensive evaluation of the ecological impacts of spatial conflicts. In
addition, this study used three time points, namely 2000, 2010, and 2020, to characterize
long-term evolutionary trends over the past two decades. This temporal design may
not fully capture nonlinear changes and short-term policy responses within each decadal
interval. Future research could incorporate multi-temporal data with higher temporal
resolution to more precisely identify the nonlinear processes of conflict evolution and
the stage-specific effects of individual policies. Furthermore, this study did not conduct
a systematic sensitivity analysis of model parameters, such as the weights of the three
dimensions, vulnerability scores, and classification thresholds. Future research could test
alternative weighting schemes and classification parameters to further assess the robustness
of the conflict measurement results and strengthen the reliability of the conclusions.
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