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Spatiotemporal changes in
habitat quality and driving factors
in South Hunan mining urban
agglomerations, China
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Yonghong Liu?**

The development of urban agglomerations driven by the mining industry inevitably impacts regional
habitat quality. Understanding how habitat quality evolves over time and space, as well as identifying
the key driving factors in mining urban agglomerations, is essential for developing sustainable policies
and maintaining ecological security. This study evaluates the spatiotemporal changes in habitat quality
from 1990 to 2020 via the INVEST model, forecasts habitat quality in 2040 under various development
scenarios via the PLUS model, and investigates the factors contributing to these changes. The results
revealed that from 1990 to 2020, areas of forestland, cultivated land, and grassland initially increased
before declining, whereas areas of construction land and water bodies continuously expanded, with
construction land primarily replacing cultivated land and forestland. The average habitat quality
ranged from 0.72 to 0.82 during this period, showing an overall increase followed by a decline,

with lower habitat quality found in the central areas and higher quality in the surrounding regions.
Additionally, habitat quality exhibited significant spatial autocorrelation, with a slow expansion of
low-habitat-quality clusters. Under all three development scenarios for 2040, the region is expected

to remain dominated by cultivated land and forest, but with a notable expansion of built-up areas
compared with that in 2020. Habitat quality is predicted to decrease by 2040, with an increase in
worst-grade areas. On the basis of random forest and geodetector analyses, the main drivers of habitat
quality are elevation, slope, and population density, with the most significant interactions occurring
between population density and elevation, followed by interactions between nighttime light intensity
and elevation and between population density and slope. These results suggest that habitat quality in
the region is influenced primarily by the interplay of topography, human development, and economic
activities. This study provides valuable insights for the construction of an ecological security framework
for mining urban agglomerations.

Keywords Habitat quality, Trend analysis, Future scenario modeling, Key drivers, Mining urban
agglomerations

The global surge in resource extraction hasintensified ecological changes in mining regions, prompting widespread
scholarly focus on habitat quality (HQ)!. The mining sector, while pivotal for economic advancement, has
concurrently caused profound ecological challenges®. Studies indicate that mining-centric urban clusters exhibit
distinctive aggregation effects, where the intensive extraction of minerals leads to an expansion of associated
industrial and residential land, consequently diminishing agricultural land, reducing wildlife habitats, and
posing threats to biodiversity®. Globally, mining centers such as the Amazon Basin and the Witwatersrand Basin
are already experiencing similar problems, where uncontrolled exploitation has led to irreversible ecological
damage*”. In light of increasing ecological conservation awareness, global attention to HQ has intensified. This
focus is driven by the understanding that HQ not only is critical for species survival and reproduction but
also directly influences human health and quality of life®. Consequently, examining the changes in HQ within
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mining cities, understanding their spatial and temporal dynamics, and identifying their underlying drivers
are essential. Such research can inform the creation of evidence-based strategies for sustainable development,
thereby bolstering biodiversity conservation, ecological balance, and stability in these regions.

HQ indicates a region’s capacity to offer appropriate living conditions for species and populations’. High-
quality habitats can increase ecological stability and resilience to external disturbances®’. Current methods
for assessing HQ at the regional scale involve primarily field surveys and ecological assessment models'C.
Field surveys are mainly applicable to small-scale regional assessments!'but they are time-consuming and
labor-intensive, and obtaining long-term species data poses a significant challenge!?often making it difficult
to evaluate the spatiotemporal dynamics of ecological functions such as biodiversity'®. In order to overcome
these limitations, ecological assessment models that utilize multi-source remote sensing data for spatial and
visual representation of HQ have emerged as powerful tools to characterize spatial and temporal variations
in HQ in a vivid way!'*'®. These models include SolVES, HSI, and InVEST, among others!®~!%. Notably, the
InVEST model boasts advantages such as ease of data acquisition, high accuracy, and strong spatial expression
capabilities'’enabling the reflection of habitat distributions and degradation patterns in different landscape types,
and thus has garnered widespread attention?’. Unfortunately, the application of the model in HQ assessments
of mining urban agglomerations where mining development, rapid urbanization and fragile ecosystems coexist
is still limited.

Mine HQ is influenced by a combination of economic, social, and natural geographic factors at various
scales?!. Economic and social factors include land use, population density, gross domestic product (GDP),
industrial activities, and commercial operations, whereas natural geographic factors include elevation, slope,
vegetation, temperature, precipitation, and others?>?’. Studies have shown that changes in land use significantly
affect HQ, with the expansion of construction land for industry, commerce, and residential areas leading to
shifts in land use patterns that result in habitat degradation, particularly the decline of ecological forests and
grasslands?*. However, owing to the complexity of ecosystems, HQ is shaped not only by land use changes but
also by multiple interrelated factors!®?°. In natural environments, HQ is heavily influenced by topography, with
higher elevations in mountainous regions generally associated with better HQ?. Social factors, such as high
population density and intensive mining activities, further exacerbate pressures on native species, resulting in
habitat fragmentation and a prolonged decline in HQ?. Thus, natural geographic factors establish the spatial
variation in HQ, whereas economic and social factors drive temporal trends®®. Although previous studies have
investigated these drivers individually, few have holistically examined their synergistic impacts over extended
periods. Understanding the key drivers of HQ remains critical for formulating sustainable strategies in ecological
planning and biodiversity conservation.

Against this backdrop, this study focuses on South Hunan, a region emblematic of China’s resource-driven
growth-ecology dilemma. In the past 30 years, the region has experienced considerable influxes of population,
capital, and industry, driven by its abundant reserves of rare earth, manganese, and iron ores?’. This has led to
the emergence of a resource-driven urban agglomeration, where mining and related chemical industries play
a central role. However, as a critical source for multiple water systems and characterized by widespread hilly
terrain, the region also has a highly sensitive and fragile ecological environment®. The excessive extraction
and mismanagement of mineral resources have caused severe damage to local natural habitats, leading to
fragmentation and degradation. In response, local governments and enterprises have started regulating mining
activities and implementing ecological restoration measures®!. Nevertheless, balancing mining development
with the improvement of HQ remains a pressing challenge because of the long-standing dominance of the
mining economy. This study aims to (1) investigate the spatiotemporal patterns and dynamic trends of HQ in
the South Hunan Mining Urban Agglomeration over the past 30 years; (2) predict future HQ scenarios for the
region; and (3) analyze the primary drivers of HQ changes in the area. These analyses generate novel datasets
and actionable insights to advance ecological planning in mining city clusters. This study not only addresses
critical gaps in regional ecological security but also establishes a transferable framework for reconciling resource
extraction with habitat conservation in global mining hotspots.

Materials and methods

Research area

The research area is situated in the southern portion of the middle Yangtze River Basin in China (Fig. 1), with
geographical coordinates spanning from 109° 15’ to 114° 40’ E and 24° 25’ to 27° 50" N, covering a total area
of approximately 1.06 x 10> km?. The region comprises 59 county-level cities and is characterized by terrain
dominated by mountains and hills, serving as the source of multiple river systems. The region’s climate is
classified as a subtropical monsoon climate, with an annual precipitation of approximately 1200-1800 mm?>2. The
South Hunan region is rich in mineral resources, including colored metals and nonmetallic minerals, with many
deposits (such as tungsten, bismuth, rare earth, manganese, microcrystalline graphite, and fluorite) ranking
among the top in the country in terms of reserves and grade®. The primary industries in the region include the
extraction and processing of colored metals and nonmetallic minerals, mineral smelting and extension, and the
manufacture of chemical raw materials and products.

Data sources and processing

This study relies primarily on the following data sources: (1) Land use data were obtained from the Resource and
Environment Science Data Center, Chinese Academy of Sciences (http://www.resdc.cn). This land use dataset
adopts a two-level classification system, with the first level categorizing land into six types and the second level
dividing land into 19 types (Table S1). (2) DEM data were sourced from the NASA-released SRTM global DEM
(https://lpdaac.usgs.gov/), and the study area DEM was extracted via ArcGIS 10.8 software. (3) Meteorological
data were obtained from the China Meteorological Data Network (http://data.cma.cn/), and the raster data
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Fig. 1. Overview map of the study area. Generated in the ArcGIS 10.8 sofware (www.esri.com).

Data type Original resolution | Processing Data source
Land use data 30m Data for 1990, 1995, 2000, 2005, 2010, 2015, and 2020 The Resource and Environment Science Data Center,
Chinese Academy of Sciences (http://www.resdc.cn)
DEM 30 m The study area DEM was extracted via ArcGIS 10.8 software Il'he NASA-released SRTM global DEM (https://
pdaac.usgs.gov/)
Precipitation . . .
P Point data Data for 1990, 1995, 2000, 2005, 2010, 2015, and 2020 ghe China Meteorological Data Network (http://
Temperature ata.cma.cn/)
River distribution 100 m Data for 2000, 2005, 2010, 2015, and 2020
Road distribution 100 m Data for 2000, 2010, and 2020
Soil type data 1000 m The study area soil type data was extracted via ArcGIS 10.8 | The Resource and Environment Science Data Center,
P software Chinese Academy of Sciences (https://www.resdc.cn)
Population density 1000 m
Data for 1990, 1995, 2000, 2005, 2010, 2015, and 2020
GDP 1000 m
L . The statistical yearbooks of the study area’s
Mining industry data Point data Data for 1990-2020 municipalities and counties for the years 1990-2020
Nighttime light brightness | 500 m Data for 1990, 1995, 2000, 2005, 2010, 2015, and 2020 The National Tibetan Plateau Environment Data
Center (https://data.tpdc.ac.cn)

Table 1. Data types, processes and sources.

were spatially interpolated by ArcGIS 10.8 software. (4) River distribution, road distribution, soil type data,
population density and GDP data were sourced from the Resource and Environment Science Data Center,
Chinese Academy of Sciences (https://www.resdc.cn). (5) Mining industry data were sourced from the statistical
yearbooks of the study area’s municipalities and counties for the years 1990-2020. (6) Nighttime light brightness
data were obtained from the National Tibetan Plateau Environment Data Center (https://data.tpdc.ac.cn). Data
types, original resolution, processes and sources are detailed in Table 1. Following preprocessing, all grid data
were standardized to a 100 m x 100 m resolution and projected in the WGS_1984_Albers coordinate system.

Research framework

This study employed a systematic research framework (Fig. 2) integrating spatial analysis, scenario simulation,
and statistical modeling to investigate the spatiotemporal dynamics of HQ and its drivers in the South Hunan
Mining Urban Agglomeration. The workflow comprised four stages: (1) land use change analysis, (2) HQ
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Fig. 2. Research framework.

assessment and trend quantification, (3) future scenario projections, and (4) driver identification. Below, we
elaborate on each component, with justifications for model selection and parameterization.

Land use transition analysis

The land use transfer matrix is used to quantify the dynamic transitions and quantitative variations among land
use categories*. Theoretically grounded in Markov chain principles, this matrix formulation characterizes the
state transition process of quasi-stable systems between discrete temporal intervals (from time K to K + 1), thereby
providing spatiotemporal visualization of land use dynamics within the study area®*. This investigation employs
the land use transfer matrix methodology to conduct a comprehensive analysis of land use transformations
occurring in the study region during the 1990-2020 period.

The concept of the “center of gravity”, originating from physics, represents the equilibrium point of an
object’s mass distribution®®. This principle has been extended to geographical studies to quantify the spatial
concentration and dynamic shifts of land-use types”’. The gravity model can provide some insight into the
distributional characteristics of spatial changes in land use types by analyzing the direction and distance of the
shift in the center of gravity of each land use type®. In this study, we employ centroid migration analysis of
construction land to delineate the spatiotemporal evolutionary trajectory of urbanization patterns within the
research area. By tracking the shifting coordinates of the center of gravity, we elucidate the directional bias and
intensity of the expansion of mining city clusters.

Habitat quality assessment
We applied the InVEST model to evaluate HQ. The HQ index, which ranges from 0 to 1, reflects the ecological
quality of an area, with higher values indicating better quality*. The formula is as follows:

o, (- (52

where HQ,, j represents the HQ of pixel x in land use type j; H . denotes the habitat suitability of pixel x in land
use type j; z is'a normalization constant; k is the half-saturation constant, typically set to 0.5; and D,; indicates
the degree of habitat degradation of pixel x in land use type j. The formula is as follows:
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where i is the effect of threat factor r in image y on image x, w, is the weight of the threat factor, r  is the
intensity of the threat factor, f8_is the resistance of the habitat to interference, and S, is the sensitivity of the
different habitats to the different threat factors.

In this study, on the basis of the InVEST guidelines, which refer to the research of related scholars
and synthesize the opinions of experts in the field of ecology for optimization, the final selection of cultivated
land, urban land, rural settlements, other construction land, and unutilized land as threat factors, the weights
of the factors and the distances of the impacts are shown in Table 2, and the suitability of the habitats and their
sensitivity to the factors are shown in Table S2.

To more accurately describe the spatiotemporal changes in HQ in the South Hunan Mining Urban
Agglomeration, we categorized the HQ grades into worst (0-0.2), worst (0.2-0.4), moderate (0.4-0.6), good (0.6
0.8), and excellent (0.8-1.0) grades on the basis of the actual situation of the study area via the reclassification tool
of the ArcGIS 10.8 software platform.

26,39-41

Trend analysis

The Theil-Sen median trend analysis and Mann-Kendall test are commonly used to identify trends in long-
term time series data*’. The Theil-Sen method is a reliable nonparametric approach for trend estimation and is
calculated via the following formula:

B = median (H;:f{> (1990 < i < j < 2020) 3)

where H. and H, represent the HQ values in years j and i, respectively, and 8 represents the trend of
change in H]Q; when >0, it indicates a decreasing trend in HQ; conversely, it indicates an increasing trend.
The Mann-Kendall test is a nonparametric statistical test suitable for testing the significance of trends via the
following formula??:

S = Z = Z j=iv18gn (H; — H;) (4)
].7 Hj—Hi>0
1, Hj —H; <0
Vszn(nfl)(2n+5) ©)
18
=, 5>0
Z = 0, S=0 ™)
S+1
N S<0

where sgn represents the sign function, » is the number of data points in the time series, and V. is the variance
of the S statistic. At the « level, a significant trend in HQ is indicated if Z>Z - a/2, with a commonly set at 0.05.
If|Z] > 1.96, the trend is considered statistically significant at the 95% confidence level; otherwise, it is not*.

Spatial autocorrelation

HQ has a certain regularity in spatial distribution, and spatial autocorrelation modeling can respond to the
correlation between variables in a region and can be used to describe whether HQ has a clustering effect on the
whole study area®. In this study, the global Moran’s I index was used to estimate the degree of clustering of HQ
via the following formula:

ny i1y jeiwij (z —T) (¢ — T)

I =
S W ®

Threat factors Maximum influence distance (km) | Relative weight | Types of spatial decline

Cultivated land 1 0.7 Linear

Urban land 10 1.0 Exponential

Rural settlements 5 0.6 Exponential

Other construction land | 8 0.7 Exponential

Unutilized land 1 0.5 Linear

Table 2. Maximum influenced distance and weight of threat factors.
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where # represents the total number of grids, w;;is the spatial weight matrix, and x; and x. are the HQ values
of grids i and j, respectively. where 7 is the average HQ value. Morans I index quantifies spatial dependence
by evaluating whether HQ are clustered (positive autocorrelation), dispersed (negative autocorrelation), or
randomly distributed (no autocorrelation). A value closer to 1 indicates strong clustering of similar HQ values
(e.g., hotspots of high HQ or coldspots of low HQ), while a value closer to — 1 suggests spatial dispersion (e.g.,
alternating high and low HQ patches).

Cold hotspot analysis mainly uses the Getis-Ord Gi* (G coefficient) provided by the Arc GIS platform to
perform local statistics of spatial heterogeneity“®. This method helps identify statistically significant high and low
values in the HQ distribution. Significantly positive Gix values indicate high aggregation and hotspots, whereas
significantly negative Gix values suggest low aggregation and cold spots.

Future scenario projections

The PLUS model is an advanced land-use change simulation model developed on traditional cellular automata*’
and is composed of two major modules: the land expansion analysis strategy module and the Cellular Automata
model, which is based on multiclass random seed blocks*®, The study simulated the land use situation in 2020.
The overall simulation accuracy is 0.904, and the kappa coefficient is 0.863, indicating that the model parameters
are reasonable (Table S3 and Fig. S1). On the basis of feasible conditions and future development requirements,
this study subsequently establishes three distinct future scenarios for 2040:

Natural development scenario: This scenario simulates the South Hunan Mining Urban Agglomeration
via the PLUS model, which is based on land use changes from 1990 to 2020, without considering additional
constraints.

Ecological Protection Scenario: In this scenario, the South Hunan Mining Urban Agglomeration pursues
green development and builds an ecologically friendly city group. The focus is on ecological protection, reducing
resource development, and conserving regional biodiversity.

Economic development scenario: In this scenario, the South Hunan Mining Urban Agglomeration aims for
economic growth and expansion of the industrial scale. It innovates and develops mining and related deep
processing industries to drive economic development.

Random forest

The random forest model is based on decision tree classifiers and is capable of effectively handling various data
typesand assessing the importance of variables, thereby exhibiting strong predictive power**C. This study selected
several environmental factors influenced by natural processes and human activities, including precipitation,
temperature, DEM, slope, soil type, mineral distribution density, river distance, mining development index, road
distance, population density, GDP, and nighttime light brightness. Using R software, a random forest analysis
was conducted to identify the key drivers impacting the spatiotemporal changes in HQ within the study area.

Geodetector model
The geodetector model is a statistical approach used to identify the similarity in spatial differentiation among
geographic elements and the factors driving the spatial variation in the dependent variable®'. Its interaction
detection module can further examine how different drivers interact to influence the spatial differentiation of
HQ within a specific area®2. In this study, we applied the interaction detection module of Geodetector to explore
the roles and interactions of factors.

The factor detector quantifies the explanatory capacity of spatial determinants in accounting for HQ variance,
operationalized through the g-value (0,1). This parametric metric demonstrates strict monotonicity, where
higher values indicate greater explanatory power®*. The formula is as follows:

. Y KeNwoi . SSW 9
¢=1 No 2 1= Sor ©)
SSW = Z hlehO' h (10)

SST = Ng 2 (11)

where  is a specific type, h=1, 2, ., L is the number of categories of variable Y or factor X; N, A and N represent
the number of h-category and the number of region-wide, respectively; and o 7 and o * represent the h-
category and intra-region variance, respectively. SSW and SST are the sum of the variances of the L-categories
and the total regional variance, respectively. The interactive detector identifies the interactions among different
independent variables X, responding to whether the influence of two factors on Y is correlated or independent
when acting together, and is derived from the g-value [ q (X1N X2)]**as shown in Table 3.

Results

Evolution of Spatial and Temporal patterns of land use types

The South Hunan Mining Urban Agglomeration exhibits diverse and complex land use patterns. From 1990 to
2020 (Table 4), forestland (over 66%) and cultivated land (approximately 26-28%) were the predominant land
use types. Collectively, forestland and cultivated land occupied 93% of the study area, significantly influencing
the overall landscape. Conversely, construction land, water bodies, and unutilized land constituted a minor
fraction, only 7% of the total area. A key trend during this period was the decline in forestland, cultivated
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Criterion of interval Interaction

q(X1NX2) < Min[q(X1),q (X2)] Nonlinear weakening

Min [q (X1) ,q (X2)] < g (X1N X2) < Max [q (X1),q(X2)] | Unilinear reduction

q(X1NX2) > Max[q(X1),q(X2)] Bilinear enhancement
q(X1NXs) =q(X1) +q(X2) Mutual independence
q(X1NnXs) > q(X1) +q(X2) Nonlinear enhancement

Table 3. Model driving force size criterion of interval and interaction.

:‘;;eds - Cultivated land | Forestland | Grassland | Water body | Construction land | Unutilized land
Area | 2954431 71260.78 3226.10 1146.12 933.87 10.61
19% Ratio 27.84 67.15 3.04 1.08 0.88 0.01
Area | 29151.66 71430.58 3183.65 1273.46 1061.22 21.22
1993 Ratio 27.47 67.31 3.00 1.20 1.00 0.02
Area | 29342.67 71101.60 3194.27 1390.20 1071.83 21.22
2000 Ratio 27.65 67.00 3.01 1.31 1.01 0.02
Area | 29215.33 71112.21 3183.65 1400.81 1188.56 21.22
2003 Ratio 27.53 67.01 3.00 1.32 1.12 0.02
Area | 28801.45 71218.33 3003.25 1432.64 1655.50 21.22
2010 Ratio 27.14 67.11 2.83 135 1.56 0.02
Area | 28652.88 71133.43 2971.41 1432.64 1910.19 21.22
2018 Ratio 27.00 67.03 2.80 1.35 1.80 0.02
Area | 28419.41 70984.86 2939.57 1453.87 2313.45 10.61
2020 Ratio 26.78 66.89 2.77 1.37 2.18 0.01

Table 4. Area (km?) and ratio (%) of land use types in mining urban agglomerations from 1990-2020.

land, and grassland within the region, while construction and water body areas steadily increased. Notably, the
construction land area expanded considerably, from 933.87 km? in 1990 to 2313.45 km? in 2020.

Figure 3 illustrates the dynamics of land use changes in the South Hunan Mining Urban Agglomeration. From
1990 to 1995, alterations predominantly occurred between cultivated land, grassland, and forestland, with the
largest reciprocal exchange observed between cultivated land and forestland, followed by a 277.90 km? transfer
from grassland to forestland. In the subsequent periods from 1995 to 2000 and from 2000 to 2005, the transfer
between cultivated land and forestland continued to exhibit the most significant changes, with the inflow and
outflow of these two land types largely balanced. From 2005 to 2010, the areas converted from cultivated land to
forestland and from forestland to cultivated land were 2015.01 km? and 1940.23 km?respectively. Additionally,
638.10 km? of both cultivated land and forestland were converted to construction land, indicating a crucial shift
in resource availability. From 2010 to 2015, the area of mutual transfer between cultivated land and forestland
exceeded 3000 km?highlighting substantial fluctuations in these resources within the region. Finally, from 2015
to 2020, the conversions of cultivated land and forestland to construction land reached 501.71 km? and 369.83
km?respectively, highlighting a pivotal phase for construction land expansion. Therefore, the expansion of
construction land has originated primarily from reductions in cultivated and forest lands, with the decline in
forestland largely driven by reciprocal changes with cultivated land.

Analyzing the spatial changes in construction land reveals the urbanization pattern of the South Hunan
Mining Urban Agglomeration. We examined the distribution of the center of gravity of construction land in
the study area from 1990 to 2020 via the standard deviation ellipse method. As shown in Fig. 4, the center of
gravity followed a recurring southeast-northwest movement, with the ratio of the long axis to the short axis
of the standard deviation ellipse initially decreasing and then increasing. Specifically, in 1990, 1995, and 2000,
the center of gravity was concentrated in the middle, with long-to-short axis ratios of 1.615, 1.617, and 1.609,
respectively. By 2005, it had shifted northwestward, with the ratio reaching 1.617. In 2010, the center moved
southeast again, causing the ratio to decrease to 1.575. In 2015 and 2020, the center shifted back northwest,
with the ratio increasing to 1.631 and 1.646, respectively. This suggests that the mining urban agglomeration is
transitioning toward a more dispersed development model.

Evolution of spatial and temporal patterns of HQ

Figure 5 shows that the average HQ in the South Hunan Mining Urban Agglomeration ranged from 0.72 to
0.82 between 1990 and 2020, indicating that an overall high level of ecological quality was sufficient to support
biodiversity. However, a significant trend of initial increase followed by a sustained decline (R*=0.897) was
observed. The maximum was recorded in 1995 (0.794), whereas the minimum was observed in 2020 (0.749).
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Fig. 3. Land use transfer in mining urban agglomeration from 1990 to 2020. Changes in the color scale of the
figure indicate the area transferred between different land-use types.

The area of different grades of HQ in the South Hunan Mining Urban Agglomeration from 1990 to 2020
also underwent large temporal changes (Fig. 5). The results revealed that the area proportion of the excellent
grade of HQ was as high as 63.8% and 63.71% in 1990 and 1995, respectively, in the South Hunan Mining Urban
Agglomeration; however, the area proportion of the excellent grade continued to decrease over time, and the
area proportion of the excellent grade decreased to 54.80% in 2020. In addition, the greatest change was in the
proportion of good-grade HQ areas, which increased in volatility from 6.62% in 1980 to 12.63% in 2020. In
contrast, the proportion of areas in the moderate, poor, and worst grades only slightly increased between 1990
and 2020.

The spatial distribution of HQ in the South Hunan Mining Urban Agglomeration from 1990 to 2020 revealed
an overall distribution pattern of lower HQ in the center and higher HQ in the surrounding areas (Fig. 6).
Specifically, the central part of Hengyang, the central part of Loudi, and the northern part of Shaoyang have
a spatial distribution pattern of lower HQ and are clustered. On the other hand, high HQ were distributed
mainly in Huaihua, southern Shaoyang, and central and southern Yongzhou but with a decentralized spatial
distribution. In addition, after 2010, patches with lower HQ in central Hengyang, central Loudi, and northern
Shaoyang showed an expanding distribution trend, indicating that habitat fragmentation and degradation in
these areas gradually increased.

The trend analysis of HQ in the South Hunan Mining Urban Agglomeration from 1990 to 2020 revealed
(Fig. 7) that 93.58% of the area of the study area tended to degrade HQ, among which a serious degradation
trend occurred in the central part of Hengyang, Chenzhou, the northern part of Shaoyang, and Yongzhou, which
accounted for 0.80% of the area of the study area. Moreover, the area with improved HQ is only 6815.40 km?
which is distributed mainly in the intersection area of Huaihua, Yongzhou, and Loudi, among which the HQ
of approximately 19.71 km? in the central part of Huaihua has a strong trend of improvement, accounting for
0.02% of the study area.

Spatial correlation characteristics of HQ

We employed the global Moran’s I index to analyze the spatial association features of the HQ in the South Hunan
Mining Urban Agglomeration (Table 5). We established a 4 x 4 km grid for the study area and allocated the HQ
within each grid cell on the basis of the average values. The results revealed that the annual global Moran’s I
indices for the study area from 1990 to 2020 ranged from 0.296 to 0.365, all of which were significantly greater
than 0. This indicated that there was positive spatial autocorrelation and agglomeration of HQ, reflecting the
continued aggregation of degraded habitats in the central region and high-quality habitats in the surrounding
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Year 1990 | 1995 | 2000 |2005 |2010 |2015 |2020

MoransI | 0.296 | 0.301 | 0.305 | 0.317 | 0.344 | 0.339 | 0.365
Z score 33.643 | 34.210 | 34.691 | 35.986 | 39.103 | 38.507 | 41.464
Pvalue 0.000 | 0.000 | 0.000 | 0.000 | 0.000 | 0.000 | 0.000

Table 5. Moran’s I index values of HQ in mining urban agglomerations from 1990-2020.
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Fig. 8. Hotspots analysis of HQ in mining urban agglomeration from 1990 to 2020. Generated in the ArcGIS
10.8 sofware (www.esri.com).

mountains. Furthermore, the Z scores were consistently above 2.58, and the P values were below 0.01, confirming
that the global Moran’s I index is significant at the 1% confidence level. Moreover, the index increased from 0.296
in 1990 to 0.365 in 2020, indicating that habitat degradation is increasingly concentrated in specific areas under
the pressure of urbanization and industrial and mining development.

Figure 8 shows the spatial distributions of HQ hotspots and coldspots in the South Hunan Mining Urban
Agglomeration from 1990 to 2020. During this period, the hotspots of HQ in the study area were primarily
concentrated in the Huaihua, southern Shaoyang, and southeastern Yongzhou and Chenzhou regions. These
areas are rich in mountainous forest resources and have good ecological environments, serving as the main
sources of high HQ for the South Hunan Mining Urban Agglomeration. In contrast, the cold spots of HQ
were located mainly in the plains and low hill areas of central and northern Shaoyang, Loudi, Hengyang, and
Yongzhou. Frequent mining activities, expansion of construction land, and agricultural cultivation in these areas
may have contributed to the clustering of low HQ zones. Furthermore, over the past 30 years, the proportions of
cold spots in the study area were 14.69% (1990), 14.87% (1995), 14.79% (2000), 15.14% (2005), 15.50% (2010),
14.99% (2015), and 15.08% (2020), indicating a gradual increase in the extent of low HQ clusters.

Future scenario projections of HQ
As shown in Fig. 9, under the three development scenarios, the spatial distribution of land use in the South
Hunan Mining Urban Agglomeration in 2040 is consistent with the characteristics of 2020 and is still dominated
by cultivated land and forestland, with forestland being the most extensive. Under the natural development
scenario, construction land expanded significantly beginning in 2020, with an increase of 872.90 km? and a
significant decrease in the area of cultivated land and grassland. Under the ecological protection scenario,
forestland expanded significantly beginning in 2020, with an increase of 1283.49 km?whereas the area of
construction land increased by only 69.77 km?. Under the economic development scenario, construction land
expanded significantly from 2020, with an increase of 1229.78 km?and the areas of cultivated land and grassland
decreased by 130.82 and 1116.04 km?respectively.

Under the three development scenarios, the HQ of the South Hunan Mining Urban Agglomeration exhibited
a distribution pattern characterized by lower quality in the center and higher quality in the surrounding areas,
which was consistent with the observations from 2020 (Fig. 9). Under the natural development scenario, the
average HQ was 0.738, with the area of the worst-grade patches increasing by 875.35 km? compared with that
in 2020. These patches were located primarily in the central cities and surrounding townships of Shaoyang,
Hengyang, and Yongzhou, indicating that the unchecked expansion of construction land has led to habitat
degradation. Conversely, under the ecological protection scenario, which prioritized ecological conservation
and limited resource development, the average HQ improved slightly to 0.743. In this scenario, the area of
the worst grade patches increased by only 84.05 km? compared with that in 2020, suggesting that ecological
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management measures effectively mitigated habitat degradation. Under the economic development scenario, the
average HQ declined to 0.726, with the area of the worst grade patches increasing significantly by 1240.26 km?
relative to the other two scenarios, whereas the area of the excellent grade patches decreased markedly.

Drivers of spatial and temporal patterns of HQ

We utilized the mean decrease accuracy (MDA) method to obtain the importance ranking of the influencing
factors of the random forest classification. The results are shown in Fig. 10. The three drivers influencing the
spatiotemporal patterns of HQ in the South Hunan Mining Urban Agglomeration were DEM, slope and Popu
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(population density). Specifically, topographic and geomorphic factors such as elevation and slope significantly
drove the spatial and temporal distributions of HQ in the study area, followed by anthropogenic factors such as
population concentration (Popu) and industrial and mining development (MDI).

The Geodetector factor interaction (Fig. 10) revealed that the driver interaction in the study area mainly
exhibited nonlinear enhancement and bilinear enhancement, with no instances of mutual independence or
reduction observed. Among them, the interaction between Popu and the DEM was the most obvious, with an
explanatory power of 0.335, indicating that the interaction between the two significantly affected the spatial
pattern of HQ in the study area. Moreover, the explanatory power of the interaction between the NLB and
the DEM, Popu and Slope was also high, at 0.333 and 0.327, respectively. Furthermore, the explanatory power
of the interaction between the NLB and slope, slope and DEM, and road and DEM was >0.320. Notably, the
interaction between the MDI and DEM reached an explanatory power of 0.317. These results suggest that
the spatial variation in HQ in the South Hunan Mining Urban Agglomeration was influenced mainly by the
interaction of factors such as topography and geomorphology, human growth, and economic activities.

Discussion

This study employed a suite of analytical methods, including the InVEST model, PLUS model, random forests,
and geodetector, to comprehensively assess the spatial and temporal dynamics of HQ within the South Hunan
Mining Urban Agglomeration. We analyzed both historical trends and projected future scenarios. Furthermore,
we investigated the key drivers influencing HQ. These findings are crucial for informing ecologically sound land-
use policies and promoting the sustainable development of mining urban agglomerations.

Response of HQ to land use type change

The InVEST model evaluates the spatial and temporal changes in regional HQ, primarily using land-use data
as its input source®. The results of studies in the Loess Hilly Gully region and the Swiss Alps have shown
that land use change affects ecosystem dynamics®**’and that land use type is a key factor in determining the
ecological carrying capacity of a region and influences the distribution patterns of different ecosystems®®. Thus,
the spatiotemporal pattern of HQ mirrors the process of land use transformations driven by socioeconomic
development!?. Similar to the findings on landscape fragmentation in traditional orchard systems of central
Germany, where urban construction land expansion has been shown to disrupt multi-functional ecological
pattern, our study highlights that construction land expansion in the South Hunan Mining Urban Agglomeration
acts as a critical pressure axis, reducing regional ecological carrying capacity®®*°. The primary land-use types
in the South Hunan Mining Urban Agglomeration are cultivated land and forestland, which significantly affect
the overall landscape (Table 2). However, since 1990, forested land and cropland have decreased by 148%. In
contrast, the area of construction land continued to increase with economic development and urban expansion
(Fig. 3), which was basically consistent with the temporal trend of the HQ of the study area increasing and then
continuing to decrease from 1990 to 2020 and the continuous expansion of patches of lower HQ (Fig. 5).

HQ exhibited a strong spatial correlation with land use patterns (Figs. 6, 7 and 8). High HQ was observed
in the northwestern and southwestern portions of the study area, largely attributed to the predominance of
forested land, complex forest ecosystem structure, and relatively low human impact. Conversely, the central
and northeastern areas displayed significant habitat degradation, characterized by a dense distribution of low-
quality patches. This degradation is likely driven by the concentration of urban and rural settlements, which
primarily consist of construction land and cultivated land. The aggregation of cultivated land and the growth of
construction areas have decreased habitat connectivity, intensifying habitat fragmentation®similar to findings
in other landscapes®!'62. Furthermore, agricultural settlements, population density, and industrial activities such
as mining and chemical production consume significant amounts of natural resources and generate substantial
pollution, causing ecosystem damage and resulting in HQ decline®>¢%,

In addition, projections for all three future scenarios (Fig. 9) indicated a decline in HQ compared with
that in 2020, with varying increases in the areas of very poor-quality patches. This is consistent with research
that generally recognizes that sprawling development tends to lead to habitat degradation®>. This highlights
the region’s vulnerability to habitat degradation. Future expansion of construction land and encroachment on
forests and farmland are likely to accelerate this decline, particularly given the status of the study area as a
typical industrial-mining urban agglomeration. Within this context, the development of the mining, smelting,
and chemical industries poses a significant threat to HQ, exceeding the impact of agricultural resettlement and
cultivated land expansion.

Drivers of spatial and temporal changes in HQ

This study employed random forest and geodetector analyses to investigate the drivers of spatial and temporal
HQ dynamics within the South Hunan Mining Urban Agglomeration (Fig. 10). Our findings revealed that
elevation (DEM), slope, population density, GDP, and the mining development index (MDI) all exhibited
relative importance values exceeding 9.4%, and significant interactions with other factors were observed.

The southern Hunan mining urban agglomeration is located in the hilly region of south-central China, where
elevation and slope are major constraints to human activities and have a strong influence on HQ, consistent
with global studies correlating elevation gradients and habitat resilience!**’. For example, a study in Ontario,
Canada, found that elevation factors significantly influenced Dynamic habitat index®®similar to what we found in
southern Hunan, where high elevation maintained high HQ despite pressure from mining development. Human
settlements and economic development in the South Hunan Mining Urban Agglomeration are concentrated in
low-elevation, gently sloping areas, resulting in lower HQ. Conversely, steeper areas maintain relatively higher
HQ due to reduced human impact and prevalent forest cover, highlighting the direct influence of topography
on spatial HQ variation.
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The population density, GDP, mining development index, and nighttime light intensity showed
significant nonlinear positive interactions with topographic factors, which highlights the compound effect of
industrialization and topography in mountainous mining areas. High population density, high GDP, and intense
nighttime lighting result in intensive human activity, potentially leading to habitat loss, pollution, and reduced
ecosystem functioning within parts of the cluster®-7!. The mining development index, in particular, directly
reflects the negative impacts of the mining, smelting, and processing industries on land use, soil erosion, and
heavy metal contamination’’thus contributing to a decreased HQ. As an urban agglomeration dominated by
the mining industry, we observed that the mining development index had a less significant effect than did the
interactions between population density and GDP. This could be attributed to the fact that open-pit and shallow
mineral extraction may negatively affect surface habitat quality, whereas deep underground mining tends to have
a more direct impact on deep groundwater and soil, with a slower influence on surface habitats’>. However, we
note that this possibility phenomenon has been relatively understudied in existing mining habitat conservation
frameworks and deserves further in-depth exploration. Additionally, as mining and smelting technologies
advance, the implementation of precision mining methods, mine reclamation efforts, and pollutant control
measures could help mitigate fluctuations in habitat quality, reducing their overall impact'®’%. In addition, we
observed significant interactions of temperature, precipitation, and mineral distribution density with elevation
and slope that showed a bilinear enhancement, reflecting the fact that the quality of mountain mining habitats
may also be protected and limited by the coupling of climate, resource distribution, and topographic factors.

In conclusion, our results suggest that the spatial and temporal patterns of HQ in the South Hunan Mining
Urban Agglomeration are mainly directly influenced by topographic factors such as DEM and slope. Meanwhile,
the interactions between anthropogenic factors, including population density, GDP, and mining development
index, and topographic factors further reflect that urbanization and industrialization development have
exacerbated habitat pressure in fragile terrain, and thus we emphasize the need for spatially targeted habitat
conservation.

Innovations and shortcomings of this study

This study investigated the evolutionary dynamics of land use and HQ in the South Hunan Mining Urban
Agglomeration from 1990 to 2020. We employed a suite of methods, including land use transfer matrices, the
InVEST model, trend analysis, and spatial autocorrelation, to analyze spatial and temporal patterns. Furthermore,
we projected land use and HQ for 2040 under three scenarios via a combined PLUS-InVEST model. The
driving factors of HQ dynamics were explored via random forests and geo-probes. By explicitly considering
the region’s unique characteristics as an industrial and mining urban agglomeration and integrating data on
mineral distribution and industrial development into our driver assessment model, our findings provide a more
comprehensive understanding of HQ changes and a more robust scientific basis for sustainable development
planning in the South Hunan Mining Urban Agglomeration.

However, this study has several limitations. First, data acquisition in the South Hunan Mining Urban
Agglomeration, a region with potentially high ecological risk, presented challenges. The scarcity of long-term,
continuous environmental monitoring and socioeconomic data potentially limits the accuracy and reliability of
our results. Second, future projections, which are based on scenario simulations, inherently involve assumptions
and parameters subject to uncertainty, potentially introducing bias. The influence of future policy changes and
socioeconomic developments on HQ is significant but difficult to fully incorporate into scenario simulations,
leading to model imperfections. In addition, the reliance on 100 m resolution raster data may overlook fine-
scale fragmentation, a limitation highlighted in a study in the Zagros Mountains where 10 m resolution raster
data better resolved landscape function indices”>. Therefore, future research should focus on extending the
modeling framework, refining parameters, enhancing the indicator system, and finer resolution raster data to
more robustly explore spatial and temporal patterns and driving mechanisms of HQ at multiple spatial and
temporal scales.

Suggestions

By coupling the PLUS and InVEST models, we established a dynamic framework to simulate HQ under
contrasting development scenarios, addressing gaps in mining urban agglomeration studies that often overlook
spatially explicit interactions between industrial expansion and habitat degradation. While prior research
emphasized land use change as the primary HQ driver, our geodetector analysis revealed that topography
moderates human impacts particularly population density that exacerbates habitat loss at low elevations. This
refines theoretical models of ecological vulnerability in mountainous mining regions. The findings advocate
for zoning policies that restrict construction land expansion in ecologically sensitive low-elevation plains.
Scenario projections suggest prioritizing the ecological protection scenario, which limits HQ decline to 0.743,
offering a viable pathway to balance mining economies with habitat integrity. Local governments should enforce
stricter mining reclamation regulations and incentivize agroforestry in degraded areas. Urban planners must
integrate HQ hotspots into ecological redlines to prevent fragmentation. Researchers should focus on long-term
monitoring of the interactive effects of nighttime light intensity, slope and other factors to refine the complete
assessment of HQ.

Conclusions

This study examined the spatial and temporal changes in land use and HQ from 1990 to 2020 in the South
Hunan Mining Urban Agglomeration, projected future HQ scenarios for 2040, and identified key drivers of HQ
dynamics. The key findings: (1) From 1990 to 2020, forestland and cultivated land dominate (93% combined), but
construction land increases by 148%, with construction land replacing mainly forestland and cultivated land. At
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the same time, the trajectory of the centre of gravity of construction land shows a trend of “southeast-northwest”
movement, and a shift from centralized mining-driven clusters to decentralized urban sprawl, reflecting
intensifying pressures of industrialization and urbanization. (2) Over the period from 1990 to 2020, the average
HQ in the study area ranged from 0.72 to 0.82, with an initial increase followed by a decline. HQ was generally
lower at the center of the study area and higher at the periphery, with high-quality habitats being dominant.
However, the area of low-quality habitats gradually expanded. Notably, global Moran’s I indices (0.296-0.365)
confirmed strong spatial autocorrelation, highlighting persistent clustering of degraded habitats. (3) By 2040,
all scenarios (natural development, ecological protection, economic development) predict further HQ declines.
Under the economic development scenario, worst-grade habitats will increase by 1240.26 km*underscoring
the ecological cost of unregulated mining and urban expansion. (4) Topography (DEM, slope) and human
activities (population density, nighttime light intensity) synergistically shaped HQ. Interactions between
population density and elevation (explanatory power: 0.335) dominated, emphasizing the compounded effects
of anthropogenic pressures on fragile ecosystems. Our findings provide critical guidance for sustainable land-use
planning and ecological management in the South Hunan Mining Urban Agglomeration. Prioritizing ecological
conservation measures is vital to mitigate degradation and enhance habitat quality. We urge policymakers to
integrate these insights into strategies that balance economic growth with biodiversity preservation. Meanwhile,
future studies could incorporate high-resolution pollution data on heavy metal concentrations, socio-economic
survey data combined with macro-ecological modeling, which may enhance the realism of the HQ assessment
and simulation scenarios, and thus better predict the HQ changes in mining city clusters.

Data availability
The data that support the findings of this study are available from the corresponding author upon reasonable
request.
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