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Abstract

Extensive coal mining activities can exert substantial negative impacts on surface ecosys-
tems. Vegetation indices are widely recognized as effective indicators of land ecological
conditions and provide valuable insights into long-term ecological changes in mining areas.
In this study, the Zhaogu mining area of the Jiaozuo Coalfield was selected as the study
site. Using the Google Earth Engine (GEE) platform, the Kernel Normalized Difference
Vegetation Index (kNDVI) was constructed to generate a vegetation dataset covering the
period from 2010 to 2024. The temporal dynamics and future trends of vegetation coverage
were analyzed using Theil-Sen median trend analysis, the Mann-Kendall test, the Hurst
index, and residual analysis. Furthermore, the relative contributions of climatic factors
and human activities to vegetation changes were quantitatively assessed. The results
indicate that: (1) vegetation coverage in the Zhaogu mining area exhibits an overall im-
proving trend, affecting approximately 77.1% of the study area, while slight degradation is
mainly concentrated in the southeastern region, accounting for about 15.2%; (2) vegetation
dynamics are predominantly characterized by low and relatively low fluctuations, cover-
ing approximately 78.5% of the region, whereas areas with high fluctuations are limited
and mainly distributed in zones with intensive mining activities; although the current
vegetation trend is generally increasing, future projections suggest a potential decline in
approximately 55.8% of the area; and (3) vegetation changes in the Zhaogu mining area are
jointly influenced by climatic factors and human activities, with climatic factors promoting
vegetation growth in approximately 70.6% of the study area, while human activities exert
inhibitory effects in about 24.2%, particularly in regions affected by mining operations and
urban expansion.

Keywords: kNDVI; vegetation coverage; temporal and spatial changes; residual analysis;
Zhaogu mining area

1. Introduction

Vegetation, as the primary producer in terrestrial ecosystems, plays a crucial role in
sustaining ecological processes and regulating biogeochemical cycles. Vegetation coverage
is widely regarded as a key indicator for characterizing ecosystem conditions and assessing
changes in the regional ecological environment [1]. It not only reflects ecosystem health directly
but also supports essential ecological functions, including wind erosion control, sand fixation,
water conservation, soil stabilization, and climate regulation [2]. In addition, vegetation
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provides habitats for diverse organisms and forms the structural foundation of terrestrial food
webs. Consequently, investigating the spatiotemporal dynamics of vegetation coverage is
fundamental to regional ecological conservation, ecosystem restoration, the construction of
ecological security barriers, and the optimization of territorial spatial patterns [3].

Mining areas, as regions subjected to intensive anthropogenic disturbance, often face
particularly severe ecological and environmental challenges [4]. Long-term coal resource
exploitation has made surface vegetation highly vulnerable to degradation, resulting in a
series of environmental problems such as land degradation, surface subsidence, and soil
erosion, which substantially constrain the sustainable development of mining regions [5].
Vegetation dynamics in mining areas tend to exhibit stage-dependent characteristics, typically
involving rapid degradation during the initial mining phase, followed by fluctuating decline
during continued exploitation, and partial recovery through natural succession or artificial
restoration after mine closure. Spatially, vegetation degradation commonly displays a radial
pattern centered on mining sites, with its extent closely related to mining intensity, topographic
conditions, and vegetation types. Notably, artificial restoration measures may alter natural
successional trajectories and give rise to new vegetation distribution patterns [6].

Vegetation growth is jointly regulated by natural environmental factors and human
activities [7]. Climate change exerts a profound influence on vegetation species composition,
community structure, and geographical distribution patterns [8], with climatic variables
such as radiation, temperature, and precipitation directly affecting vegetation growth and
spatiotemporal dynamics through their impacts on ecosystem resource availability. In
parallel, inappropriate land-use practices—including coal mining, land reclamation, and
urban expansion—have accelerated vegetation degradation across many regions [9]. In
recent years, the implementation of ecological restoration initiatives, such as programs
converting farmland to forests and grasslands, has provided favorable conditions for
vegetation recovery in mining areas [10].

Remote sensing has become an indispensable tool for monitoring and assessing vege-
tation dynamics in mining regions owing to its macroscopic, multi-temporal, and spatially
continuous observation capabilities [11]. Among various remote sensing indices, the Nor-
malized Difference Vegetation Index (NDVI) has been extensively applied to characterize
spatiotemporal variations in vegetation coverage [12]. However, NDVI suffers from several
well-recognized limitations, including its nonlinear relationship with green biomass and
saturation effects under high vegetation coverage conditions [13]. In addition, NDVI is sen-
sitive to soil background conditions and atmospheric disturbances, which restricts its ability
to accurately discriminate dense vegetation canopies [14]. To overcome these limitations,
Camps-Valls et al. proposed the Kernel Normalized Difference Vegetation Index (kNDVI)
in 2021 [15], which incorporates kernel-based machine learning concepts into vegetation
index construction. Compared with NDVI and the near-infrared reflectance of vegetation
(NIRv), kNDVI has demonstrated superior performance in alleviating saturation effects
and capturing complex phenological and seasonal variations [16]. For instance, Wang
etal. [17] compared NDVI, kNDV]I, and SIF, highlighting the advantages of KNDVI in detect-
ing vegetation stress under dense canopy conditions. Wu et al. [18] further demonstrated
that kNDVI enhances sensitivity to gradual vegetation changes through nonlinear kernel
transformation. As a result, kKNDVI is considered more suitable for representing gradual
vegetation changes and monitoring vegetation dynamics in highly disturbed environments
such as mining areas.

Although vegetation dynamics in mining regions have been widely investigated
using traditional vegetation indices, long-term spatiotemporal assessments employing
advanced indices such as kNDVI remain relatively scarce, particularly in coal mining
subsidence areas. Moreover, existing studies have often focused on short-term changes or
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single analytical perspectives, while comprehensive analyses integrating vegetation trends,
stability characteristics, future change potential, and driving mechanisms are still limited.
Addressing these gaps is essential for improving the understanding of vegetation evolution
processes and for supporting effective ecological restoration and management strategies in
mining regions.

In this context, this study adopts kNDVI as the core indicator to systematically investi-
gate the spatiotemporal evolution of vegetation coverage in the Zhaogu mining area using
the Google Earth Engine (GEE) platform. The specific objectives of this study are to:

(1) analyze the spatiotemporal variations and long-term trends of vegetation coverage in
the study area;

(2) assess the stability characteristics of vegetation dynamics under prolonged
mining disturbance;

(38) evaluate the future persistence and potential evolution of vegetation coverage; and

(4) quantify the relative contributions of climatic factors and human activities to observed
vegetation changes.

Based on the objectives outlined above, this study puts forward the following hypotheses:

Hypothesis 1. The kernel Normalized Difference Vegetation Index (kNDVI) provides a more
accurate representation of vegetation dynamics in highly disturbed mining environments than
traditional NDVI, particularly in areas with dense vegetation or complex spatial patterns.

Hypothesis 2. Vegetation dynamics in mining areas exhibit stage-dependent patterns, driven
jointly by climatic factors and human activities.

Hypothesis 3. Comprehensive long-term spatiotemporal analyses can elucidate vegetation stability,
potential future trajectories, and the underlying driving mechanisms, thereby offering critical
insights for ecological restoration and environmental management.

Testing these hypotheses will provide a robust scientific foundation for monitoring veg-
etation, guiding ecological restoration initiatives, and promoting sustainable environmental
management in mining regions.

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

The geographical location and basic physical characteristics of the study area are
shown in Figure 1. Figure 1a illustrates the location of the Zhaogu mining area within China
and Henan Province, while Figure 1b depicts the administrative boundaries, topographic
features, and spatial extent of the mining region. The Zhaogu mining area is situated in the
eastern part of the Jiaozuo coalfield in Henan Province, China (113°35'50” E-113°36'36" E,
35°24/24" N-35°25'11" N), and administratively belongs to Xinxiang City. The area is
located at the foothills of the Taihang Mountains, with a terrain characterized by higher
elevations in the northwest and lower elevations in the southeast.

The study area experiences a typical warm temperate continental monsoon climate,
with an annual mean temperature ranging from 14.1 to 14.9 °C and an average annual
precipitation of approximately 580-600 mm, most of which falls during July and August [16].
Soil types in the region are diverse and include brown soil, fluvo-aquic soil, black soil,
paddy soil, aeolian sandy soil, and marsh soil. These soils are further classified into
13 subcategories, 29 soil groups, and 62 specific soil types [19]. In terms of land use,
the area is predominantly occupied by cultivated land and construction land. However,
prolonged coal mining activities and mining-induced surface subsidence have resulted in a

https://doi.org/10.3390/app16020681


https://doi.org/10.3390/app16020681

Appl. Sci. 2026, 16, 681

40f18

34°39'0"N 48°30'0"N

20°48'0"N

83°28'0"E 97°200"E

continuous reduction in cultivated land, accompanied by an increase in water bodies and
unused land [20].

1HI°120°E 125°40°E

(@)

[T Henan Province
0 1500

ii
48°30'0"N

113°3530"E

}

34°300'N

20°48'0"N

T km \ 0
83°28'0"E 97°200"E 111°12'0"E 125°4'0"E - -
110°40'0"E 113°20'0"E 116°0'0"E ﬁ ! §
& '_{b) . N |z 5
£/Henan Province A g
% 2
o L]
=
2
Z Z &
o e &
<7 (=]
& &
o on
;g. AStudy area ;g
al oo 140 ]
[ lkm
110°40'0"E 113°20'0"E 116°0'0"E

Figure 1. Geographical Overview Map: (a) Location of Henan Province in China; (b) Location of the
mining area in Henan Province; (c) Altitude of the Zhaogu Mining Area.

As an important anthracite production base in Henan Province, the Zhaogu mining
area comprises two major mining units, namely Mine One and Mine Two, both of which
are indicated in Figure 1b. Coal extraction activities in these mining units have contributed
substantially to local economic development, while simultaneously exerting considerable
pressure on regional ecological conditions and land-use patterns.

2.2. Data Source

The data used in this study were derived from the USGS Landsat Tier 1 Level-2 (T1_L2)
surface reflectance products, accessed via the Google Earth Engine (GEE) platform [21,22].
The dataset comprises multispectral imagery acquired by the Landsat 5 TM, Landsat 7 ETM+,
and Landsat 8 OLI/TIRS sensors, covering the period from 2010 to 2024 [23]. All Landsat
images have a spatial resolution of 30 m and a nominal temporal resolution of 16 days.

The Landsat Level-2 products provide atmospherically corrected surface reflectance
data generated using standardized USGS processing algorithms [21]. To ensure data quality,
images with cloud cover exceeding 20% were excluded from further analysis. Additional
preprocessing procedures were implemented within the GEE platform, including radio-
metric calibration, cloud and cloud-shadow masking, and image mosaicking. For Landsat
7 ETM+ imagery, striping artifacts caused by the Scan Line Corrector (SLC) failure were
corrected using the gap-filling and striping correction functions available in GEE [23].

Based on the preprocessed surface reflectance data, NDVI and kNDVI were calculated
for each image. To reduce the influence of residual clouds, atmospheric noise, and viewing
geometry effects, the maximum value composite (MVC) method was applied to generate
annual NDVI and kNDVI datasets. In addition, the quality mosaic algorithm was employed
during image compositing and spatial clipping to further minimize the impacts of clouds,

https:/ /doi.org/10.3390/app16020681


https://doi.org/10.3390/app16020681

Appl. Sci. 2026, 16, 681

50f18

haze, and sensor-related disturbances. All data processing and analysis were conducted on
the GEE platform, and the final datasets were retrieved in 2024 [22].

Climate variables, including monthly mean air temperature and monthly precipitation,
were obtained from two independent gridded datasets with a spatial resolution of 1 km,
developed by Peng Shouzhang and distributed by the National Tibetan Plateau/Third Pole
Environment Data Center [24,25]. Specifically, the China Monthly Mean Temperature Dataset
(1 km, 1901-2024) and the China Monthly Precipitation Dataset (1 km, 1901-2024) were used.
These datasets were generated through the spatial downscaling and fusion of meteorological
station observations with auxiliary environmental variables and have been widely applied in
climate change and ecological studies across China. The climate datasets were resampled and
spatially aligned with the vegetation indices to facilitate subsequent statistical analyses.

2.3. Research Method

Based on the kNDVI data of 15 periods from 2010 to 2024 in the Zhaogu mining
area, the Theil-Sen Median slope estimation and Mann-Kendall trend test methods were
used to determine the vegetation change pattern. The Hurst index was used to evaluate
the sustainability of the vegetation dynamics. Finally, the residual analysis method was
adopted to quantify the relative contribution of human activities and climate change to the
vegetation in the mining area.

2.3.1. Calculation of kNDVI Vegetation Index

kNDVI, an improved form of NDV]I, is a normalized vegetation index based on kernel
functions derived from machine learning. It aims to resolve the challenges related to scale
conversion and nonlinear behavior of traditional NDVI. By introducing nuclear technology,
kNDVI can provide more robust and accurate vegetation information at different scales
and with nonlinear variations [15]. KNDVI is calculated as:

2 2
kNDVI:tanh<<NIR_R3d> ) :tanh((NDVI> ) o
20 2T

where o is a length scale parameter linearly proportional to the average values of the

near-infrared and red-light reflectance of the obtained remote sensing image. At t= 0.5,
there is a good compromise between accuracy and simplicity [16]. When o = T(NIR + Red),
the derivative can be obtained as:

dkNDVI 1 )

N (1—kNDVI2)NDVI 2

ANDVI ~ 272 ( ) @
kKNDVI = tanh (NDVIZ) 3)

2.3.2. Vegetation Trend Analysis of Sen + Mann—Kendall

Theil-Sen Median trend analysis (Sen trend analysis) is a robust non-parametric statis-
tical trend calculation method. Compared with linear regression trend analysis, Sen trend
analysis can avoid the influence of missing time series data and data distribution patterns,
and eliminate the interference of outliers on the time series [26]. The calculation formula of
the Sen trend degree is shown in Formula (4).

kNDVI]' — kNDVI;
>,vz~ 4)

j—i
where kNDVI; and kNDV]; are time series data. A BkNDVI value greater than 0.0005 indicates
an increasing trend in kNDVI, whereas a value below 0.0005 signifies a decreasing trend.

Brnpvi = mediun(
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The Mann-Kendall test (MK test) is usually used in combination with Sen trend
analysis. This method is robust to missing values and outliers and does not require the
sample data to conform to any specific distribution [27]. The statistical test methods are
shown in Formulas (5)—(8).

f/;rl(S) (S 0)
Z= 0 (S=0) ()
f/;rl(S) (S 0)
n=1 n
S= sign(kNDVI]- —kNDVI;) (6)
j=1i=j+1
Var(s) = n(n—11)é2n+5) %
1 (6 >0)
sign(0) =< 0 (6 =0) 8)
-1 (6 <0)

here kNDVI; and kNDVI; are time series data, “sign” denotes the sign function; S is the test
statistic; Z is the standardized test statistic; and n is the sample size. At a given significance
level , | Z| > Z1 — /2 indicates the existence of a significant trend change. In this study,
a significance level of o = 0.05 was adopted to assess the statistical significance of trends in
the KNDVI time series.

2.3.3. Sustainability Analysis of Vegetation Changes

The Hurst index is based on the rescale range (R/S) analysis. The indicator is com-
monly employed to assess whether time series data adhere to a random walk or a biased
random walk process, particularly in the domains of hydrology, geology, and climate [28].
In this study, the Hurst index is used to describe the future pixelwise variation trend in the
study area as:

For the given time series {kNDVI (t), 1,2,... n, the mean sequence is defined as:

. 1L
kNDVI(T) = ?t;kNDVI(T) T=12,---,n 9)
With the cumulative deviation as:

t

X1 = t_Z% (kNDVIy —kNDVI(p) 1<t<T (10)
Range:
Ry = maxX 7y — minX 1) T=12-,n 11)

Then, the standard deviation is obtained as:

17 21
Sery = [T;(kNDVI(t) ~ kNDVI(7) ) ] T=12,n (12)

Finally, according to the above formula, one can obtain:

R(n)

5(1)

~

R
3 13)
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R/SecTH indicates the existence of the Hurst phenomenon in the analyzed sequence. Here,
H is the Hurst index, which can be obtained by fitting a log(R/S)n =R/S ()n = « + H x log (n)
using the least squares method. If 0 < H < 0.5, it indicates that the kKNDVI time series exhibits
anti-persistent behavior, meaning that future trends tend to oppose past patterns. Values of H
closer to 0 indicate a stronger anti-persistence in the series. Similarly, if 0.5 < H < 1, it indicates
that kNDVI has a positive correlation in this time series. This implies that future trends follow
past patterns. An H value approaching 1 indicates a strong positive temporal correlation in
the series. When H = 0.5, it indicates that the changing trend of KNDVI is a random sequence
within the time series and there is no obvious correlation.

2.3.4. Residual Analysis

Residual analysis is used to quantify the individual contributions of climate change
and human activities to vegetation change. A multiple regression model was constructed
using climate factors at various lag periods to estimate the predicted NDVI (CNDVI), while
the observed NDVI (ANDVI) was derived from remote sensing imagery. The residual
value (VNDVI), calculated as the difference, represents the influence of human activities
on vegetation change. Based on the change slopes (8) of VNDVI, ANDVI and CNDV]I,
the driving factors were categorized and their relative contributions quantified [29], as
presented in Table 1.

Table 1. Classification of Driving Mechanism Types and Calculation of Relative Contribution Rates @,

Relative Contribution Rate %

0. Oy 0. Driving Mechanism

Climate Change Human Activities

Improvement driven by
>0 >0 both climate change 10c 1/(18: 1+16y 1) x 100 10 1/(16: 1+16y 1) x 100
and human activities
Improvement primarily

>0 >0 <0 influenced by human 0 100
activities
Improvement primarily
<0 >0 influenced by climate 100 0
change
Degradation driven by
<0 <0 both climate change 10c 1/(18: 1+16y 1) x 100 10c1/(10: 1+16y 1) x 100

and human activities
Degradation primarily

<0 <0 >0 influenced by human 0 100
activities
Degradation primarily
>0 <0 influenced by climate 100 0
change

M g,, 8, and 6. are the slopes of Vinpvi, Axnpvi and Cinpyr, respectively.

3. Results

3.1. Spatiotemporal Variations in Vegetation in the Zhaogu Mining Area
3.1.1. Temporal Variations

The spatial distribution of mean kNDVI in the Zhaogu mining area during 2010-2024
(Figure 2a) shows clear interannual fluctuations, ranging from approximately 0.39 to 0.53. A
linear regression indicates a slight increasing trend (slope = 0.00359), though the low coefficient
of determination (R? = 0.18) suggests that most variability is driven by factors beyond a simple
temporal trend, such as climatic variation and mining activities. Overall, the KNDVI demon-
strates moderate but persistent vegetation recovery, with the lowest and highest mean values
observed in 2010 (~0.395) and 2020 (=20.535), respectively, and 2024 (~0.530) also reaching a
high level. This trend aligns with greening patterns reported for other coal mining regions in
northern China, albeit lower than areas with more intensive restoration initiatives [30-32].
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Figure 2. The mean temporal variation trend and the stacked area chart of kNDVI in Zhaogu
mining area from 2010 to 2024 (a) Mean trend of kNDVI (b) Statistical analysis of vegetation
coverage classification.

With respect to vegetation coverage composition, the proportion of low vegetation cov-
erage remained relatively stable throughout the study period, accounting for approximately
10% of the total area. Moderate vegetation coverage generally fluctuated between 10% and
20%, exhibiting limited interannual variability. In contrast, high and extremely high vegetation
coverage classes showed pronounced temporal dynamics. The proportion of high vegetation
coverage typically ranged from 20% to 40%, reaching a local maximum of 33% in 2016, while
extremely high vegetation coverage varied between 40% and 60%, peaking at 66% in 2024.
Spatially, areas characterized by higher kKNDVI values were predominantly concentrated in
zones less directly affected by mining activities, whereas lower kNDVI values were mainly
distributed in proximity to active or historically disturbed mining sites.

3.1.2. Spatial Variations

From a spatial perspective, KNDVI values in the Zhaogu mining area were predominantly
concentrated within the range of 0.50-0.64, indicating a moderately high level of vegetation
coverage and accounting for approximately 55% of the total area. Areas with extremely low
kNDVI values (0-0.20) were sparsely distributed in isolated patches across the study region.
The intermediate kNDVI classes (0.20-0.30, 0.30-0.40, and 0.40-0.50) exhibited a clear concentric
spatial pattern, which was particularly evident in two central parts of the mining area. This
pattern reflects a gradual spatial transition in vegetation conditions from severely disturbed
zones toward surrounding areas with relatively higher vegetation coverage.

To characterize both the temporal trends and spatial patterns of vegetation dynamics,
Sen’s slope estimator was combined with the Mann—Kendall (MK) trend test [33]. Sen’s slope
values were classified into three categories: stable regions (—0.0005 to 0.0005), improvement
areas (>0.0005), and degradation areas (<—0.0005) [34]. MK test results at the 0.05 significance
level were categorized as significant change (Z > 1.96 or Z < —1.96) and non-significant change
(—1.96 < Z <1.96). By overlaying Sen’s slope and MK test results at the pixel level, a spatially
explicit map of vegetation change trends was generated, dividing the study area into five
vegetation trend categories. Detailed classification criteria are provided in Table 2.

Table 2. Statistical analysis of KNDVI trend patterns.

Sen’s Z Value Trend of kKNDVI
>0.0005 >1.96 Significantly Improved
>0.0005 —1.96-1.96 Slightly Improved

—0.0005-0.0005 —1.96-1.96 Stable
<—0.0005 —1.96-1.96 Slightly Degraded
<—0.0005 <-1.96 Severely Degraded

https:/ /doi.org/10.3390/app16020681
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As shown in Figure 3, vegetation dynamics in the Zhaogu mining area from 2010 to
2024 were dominated by improvement, although pronounced spatial heterogeneity was
observed. Areas of significant improvement were mainly distributed in the western part
of the study area, accounting for approximately 33.7% of the total area, with particularly
concentrated improvement in the southwestern corner. In contrast, areas of severe degrada-
tion exhibited a clustered spatial pattern, covering about 4.5% of the study area, and were
commonly surrounded by zones of slight degradation. Slightly degraded areas were largely
contiguous and primarily concentrated in the southeastern portion of the mining area,
comprising approximately 15.2% of the total area. Stable areas accounted for only a small
proportion of the region. Slightly improved areas constituted the largest category, covering
approximately 43.4% of the study area, indicating that gradual vegetation improvement
was the dominant trend across most of the mining area.
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Figure 3. Spatial variation characteristics of vegetation kNDVI in Zhaogu Mining Area (a) Spatial
distribution of KNDVI (b) Trend analysis of kKNDVI.
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3.2. Characteristics of Vegetation Stability in Zhaogu Mining Area

To further characterize the variability of vegetation conditions in the Zhaogu mining
area, the coefficient of variation (CV) of kNDVI was calculated [35]. Using the natural
breaks classification method, the study area was divided into five fluctuation categories:
low, relatively low, moderate, relatively high, and high fluctuation. As shown in Figure 4,
CV values during the period 2010-2024 ranged from 0.03 to 1.13, with a mean value of
0.17, indicating that overall vegetation variability across the mining area was relatively low.
Areas characterized by low and relatively low fluctuation accounted for approximately
78.5% of the total area, suggesting that vegetation conditions remained generally stable
throughout the study period.
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Figure 4. Spatial distribution of vegetation CV in the Zhaogu mining area.

In contrast, areas exhibiting relatively high and high fluctuation represented approxi-
mately 9.1% of the study area and displayed a distinctly clustered spatial pattern. These
areas were mainly concentrated in zones subject to more intensive mining disturbance.
Regions with lower fluctuation were predominantly distributed in the southeastern part of
the study area, forming continuous and compact spatial patches, whereas low-fluctuation
areas were more widely distributed across the mining region. Overall, the spatial distri-
bution of CV values indicates that vegetation dynamics in the Zhaogu mining area were
largely characterized by stable conditions, with pronounced variability confined to a limited
number of localized areas.

3.3. Future Trend of Vegetation Changes

The Hurst exponent was employed to characterize the persistence of vegetation dy-
namics and the temporal continuity of kNDVI trends, with a value of 0.5 used as the
threshold distinguishing persistent from anti-persistent behavior. As shown in Figure 5,
areas with relatively high Hurst values were mainly distributed in localized and contiguous
patches, indicating strong persistence in vegetation dynamics. In contrast, areas with lower
Hurst values were more widely scattered across the study area, suggesting weaker per-
sistence and a greater likelihood of future trend reversal. Overall, the spatial distribution
of the Hurst exponent reveals pronounced heterogeneity in the temporal continuity of
vegetation changes across the Zhaogu mining area.
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Figure 5. Spatial distribution of the Hurst index in Zhaogu Mining Area.

Based on the combined classification of current kNDV1I trends and Hurst exponent
values, future vegetation change potential in the study area was categorized into four
types (Figure 6). The dominant category, accounting for approximately 55.8% of the study
area, comprised regions exhibiting a current increasing trend but a potential future decline,
indicating limited persistence of recent vegetation improvement. Areas characterized
by a current declining trend but a potential future increase accounted for approximately
23.0% of the total area and were mainly distributed in regions with relatively high kKNDVI
variability. Areas showing continuous degradation represented about 6.9% of the study
area, while areas exhibiting continuous improvement accounted for approximately 14.3%.
These results indicate that future vegetation dynamics in the Zhaogu mining area are
spatially differentiated, with a substantial proportion of areas showing a tendency toward
trend reversal.
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Figure 6. Future variations in kKNDVI in the Zhaogu Mining Area.
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3.4. Impact of Climate and Human Activities on Vegetation Coverage

In this study, residual analysis was employed to distinguish and quantify the relative
contributions of climatic factors and human activities to vegetation dynamics (Figure 7).
Contribution rates are represented using a color scale, where dark blue (—100% to —50%) and
blue (—50% to 0%) indicate strong and moderate inhibitory effects, respectively, while green
(0% to 50%) and yellow (50% to 100%) represent moderate and strong promoting effects.
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Figure 7. Spatial distribution of the contribution of climate factors and human activities to vegetation
changes (a) The contribution of human activities to vegetation changes; (b) The contribution of
climate change to vegetation changes.

The contribution patterns of key climatic factors—particularly precipitation and air
temperature—exhibit a pronounced east-west spatial differentiation. The southeastern
and parts of the central regions are dominated by green and yellow tones, suggesting
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that relatively abundant precipitation and favorable thermal conditions exert a positive
influence on vegetation growth. In contrast, blue and dark blue areas are mainly dis-
tributed in the western and parts of the central regions, indicating that limited precipitation
and/or elevated temperatures, which enhance evapotranspiration demand, negatively
affect vegetation dynamics. Overall, areas with positive climatic contributions account for
approximately 70.8% of the study area, including 47.1% characterized by strong promoting
effects and 23.7% by moderate promoting effects. Regions with negative climatic contri-
butions represent about 29.2% of the total area, primarily exhibiting moderate inhibitory
effects (approximately 26.0%), while areas with strong inhibitory effects are limited to 3.2%.

The spatial influence of human activities displays a highly fragmented pattern, forming
a mosaic of small and discontinuous patches. The western and central parts of the study
area are predominantly characterized by green and yellow colors, indicating that human
activities in these regions generally promote vegetation growth. This positive influence
is likely associated with ecological restoration initiatives, land reclamation efforts, and
vegetation management practices. In contrast, numerous blue and dark blue patches
are observed in the eastern and certain localized areas, suggesting that human activities
have exerted inhibitory or damaging effects on vegetation. These negative impacts are
closely related to intensive mining operations, urban expansion, and other anthropogenic
disturbances.

Quantitatively, areas where human activities exert a positive influence on vegetation
change account for approximately 63.6% of the study area, with strong promoting effects
covering 25.3% and moderate promoting effects accounting for 38.1%. Regions exhibiting
negative human-induced impacts comprise about 36.4% of the total area, among which
strong inhibitory effects represent approximately 24.2%. In addition, about 12.2% of the
study area experiences pronounced inhibitory influences from human activities.

4. Discussion

Using the Google Earth Engine (GEE) platform and the kernel Normalized Difference
Vegetation Index (kNDVI)—which effectively mitigates the saturation effect inherent in
traditional NDVI—this study systematically examined the spatial patterns, interannual
variability, and future trajectories of vegetation dynamics in the Zhaogu mining area
from 2010 to 2024. This approach addresses a critical gap in prior mining-area vegetation
research, which has largely relied on NDVI and may therefore underestimate vegetation
dynamics in regions with moderate to high vegetation coverage.

Over the past 15 years, vegetation kNDVI in the Zhaogu mining area exhibited a
gradual upward trend, with a coefficient of determination (R?) of 0.18. While this trend
indicates a general improvement in vegetation conditions, the relatively low R? value high-
lights pronounced interannual variability and weak temporal persistence. This suggests
that although ecological governance, land reclamation, and regional environmental protec-
tion policies have positively contributed to vegetation recovery, their cumulative effects
remain limited and unstable. Compared with other mining regions, vegetation restoration
in Zhaogu appears relatively modest. For example, Jia Zhian reported a higher annual
vegetation growth rate (~0.01 a~!) and stronger temporal consistency (R? = 0.367) in typical
mining areas of Shanxi Province, demonstrating the effectiveness of sustained ecological
governance [36]. Similarly, Yang Zi-heng documented significant vegetation improvement
in Huainan, a resource-exhausted city, following green mine construction and ecological
restoration initiatives [37]. These comparisons suggest that although vegetation recovery
has occurred in Zhaogu, the intensity, continuity, and long-term effectiveness of restoration
measures remain insufficient relative to better-managed mining areas.
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The pronounced kNDVI fluctuations observed in the study area can be attributed to the
combined effects of mining disturbances and natural environmental variability. Coal min-
ing has led to extensive surface subsidence and waste accumulation, fundamentally altering
local topography and severely damaging both agricultural and natural vegetation [38,39].
Situated at the foothills of the Taihang Mountains, the study area features relatively flat
terrain with a southeastward slope, making vegetation particularly sensitive to surface
deformation. Climatic factors further regulate vegetation dynamics. Precipitation—a dom-
inant driver of vegetation growth in coal mining regions—exhibits strong interannual
variability in the study area [40]. Years with higher precipitation generally correspond to
increased kNDVI values, whereas drought years result in marked declines [41]. Addition-
ally, the relatively high mean annual wind speed (2.37 m s~!) may exacerbate secondary
degradation on already disturbed surfaces, intensifying vegetation damage and amplify-
ing kKNDVI variability [42]. These findings are consistent with previous studies indicat-
ing that, although climate change may promote vegetation growth at broader regional
scales, vegetation responses in mining areas are substantially more complex due to strong
anthropogenic disturbances [43].

From a spatial perspective, vegetation dynamics in the Zhaogu mining area are gener-
ally characterized by relative stability. Low-fluctuation kNDVT areas account for approxi-
mately half of the study area and are predominantly associated with higher kNDVI values,
reflecting recent progress in land reclamation and vegetation restoration [44]. In contrast,
areas exhibiting high and very high fluctuations—though covering less than 10% of the total
area—are primarily concentrated in severely degraded zones directly affected by mining
activities [45]. Despite their limited spatial extent, these areas experience intense ecological
disturbance and therefore require targeted management and continuous monitoring.

This study also distinguishes between short-term vegetation recovery and long-term
sustainability. Although most low-fluctuation areas currently exhibit increasing kNDVI
trends, future projections indicate potential declines. In the short term, vegetation re-
covery may be driven by residual soil nutrients and the rapid establishment of pioneer
species. Over longer timescales, however, soil degradation, water stress, and constraints on
vegetation succession may limit sustained recovery [41]. Human activities play a critical
role in this process. Certain reclamation measures may temporarily enhance vegetation
greenness, whereas ongoing or future mining expansion may induce secondary distur-
bances. Low-fluctuation areas are often located in transitional zones between reclaimed
land and actively exploited sites, where increasing dynamic pressures heighten ecosys-
tem vulnerability [46]. Moreover, combined effects of climatic variability—particularly
shifts in temperature and precipitation regimes—may further weaken vegetation re-
silience. The observed “increase—decline” pattern therefore reflects the potential unsus-
tainability of current restoration strategies, underscoring the need for adaptive, long-term
ecological management.

Vegetation dynamics in the Zhaogu mining area are jointly influenced by climatic
factors and human activities. While both drivers exert an overall positive contribution
to vegetation change, meteorological factors appear to have a stronger promoting effect
due to generally favorable temperature and precipitation conditions. In contrast, the
negative impacts of human activities—particularly intensive mining, land subsidence,
and infrastructure expansion—are more pronounced at local scales [29]. This interaction
produces strong spatial heterogeneity and complex underlying driving mechanisms.

Nevertheless, several uncertainties remain, including the selection of climatic variables,
potential lagged vegetation responses to climate forcing, and uncertainties associated with
residual trend decomposition and future projections. Furthermore, this study has several
limitations. First, it relies on remotely sensed kNDVI data, which may be influenced by
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atmospheric conditions, sensor inconsistencies, and spatial resolution constraints. Second,
the assessment of human activity impacts is primarily inferred from land-use changes and
mining intensity, lacking detailed socio-economic or management data. Third, the study
focuses on a single mining region, limiting the generalizability of the findings to other coal
mining areas with different climatic and geological settings.

Future research should address these limitations by incorporating multi-source datasets,
including higher-resolution satellite imagery, ground-based observations, and socio-economic
information, to better quantify anthropogenic effects. Comparative studies across multiple
mining regions are also warranted to generalize observed patterns and driving mechanisms.
Moreover, integrating process-based ecosystem models with remote sensing analyses could
improve predictions of long-term vegetation dynamics and support the evaluation of adaptive
restoration strategies under varying climatic and management scenarios.

Collectively, despite these limitations, the present findings provide valuable insights
into vegetation dynamics under combined climatic and anthropogenic pressures and offer
a robust scientific basis for designing more effective, site-specific ecological restoration and
management strategies in mining regions.

5. Conclusions

Firstly, vegetation in the Zhaogu mining area exhibits pronounced interannual fluc-
tuations but an overall increasing trend, and is generally characterized by relatively high
spatial vegetation coverage. Overall vegetation conditions have shown a gradual improve-
ment during the study period. The proportion of areas with high vegetation coverage
varies considerably from year to year, typically ranging between 40% and 60%. Spatially,
significant vegetation improvement is mainly concentrated in the southwestern part of the
study area, accounting for approximately 33.7% of the total area, whereas areas experienc-
ing slight degradation are primarily distributed in the southeastern region, comprising
about 15.2%.

Secondly, over the past fifteen years, vegetation conditions in most parts of the Zhaogu
mining area have remained relatively stable. Areas characterized by low and relatively low
fluctuations account for approximately 78.5% of the study area, while highly fluctuating
regions are limited in extent and are predominantly located in zones subject to more
intensive mining activities. Although the current vegetation trend is generally upward,
future projections indicate a potential decline in approximately 55.8% of the area. These
regions therefore require priority attention in ecological monitoring and management under
ongoing restoration policies.

Thirdly, changes in vegetation coverage in the Zhaogu mining area are jointly influ-
enced by climatic factors and human activities. Climatic factors exert a positive effect on
vegetation growth in approximately 70.6% of the study area. Owing to ecological restora-
tion, land reclamation, and environmental governance measures, human activities have
predominantly promoted vegetation growth across about 63.6% of the area. In contrast, in
the eastern part of the study area, human activities show a dominant inhibitory effect on
vegetation, accounting for approximately 24.2%, mainly associated with intensive mining
operations, urban expansion, and related anthropogenic disturbances.
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