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Abstract: This study aims to provide a comprehensive analysis of the impacts of high-intensity
coal mining on vegetation in Liangbei Town, a typical deep coal mining area in central of China.
Using Landsat remote sensing data from 2000 to 2023, processed by the Google Earth Engine (GEE)
platform, the study calculates the Normalized Difference Vegetation Index (NDVI). Temporal and
spatial distribution patterns of vegetation were assessed using LandTrendr algorithm, Sen’s slope
estimation, the Mann–Kendall test, the coefficient of variation, and the Hurst index. Vegetation
growth dynamics were further analyzed through transfer matrix and intensity analysis frameworks.
Driving factors influencing vegetation trends were evaluated using local climate data and surface
deformation variables from SAR imagery. Temporal Dimension: From 2000 to 2023, the annual NDVI
in Liangbei Township showed an upward trend with a growth rate of 0.0894 (10a)−1, peaking at
0.51 in 2020. Spatial Dimension: The NDVI distribution in Liangbei Township displayed a pattern of
being lower in the center and higher around the edges, with values concentrated between 0.4 and
0.51, covering 50.34% of the total area. Trend of Change: Between 2000 and 2023, 83.28% of the area in
Liangbei Township experienced significant improvement in the NDVI, with vegetation growth trends
shifting primarily from slight to significant improvement, encompassing a total area of 10.98 km².
This shift exhibited a marked tendency. Driving Factors: Deep mining in Liangbei Township is
concentrated in the eastern part, with SAR imagery indicating a maximum surface subsidence of
0.26 m. As surface subsidence increases, the NDVI significantly decreases. The findings suggest that
in the future, 91.13% of the vegetation in Liangbei Township will display an antipersistent change
trend. The study offers critical insights into the interaction between mining activities and vegetation
cover can serve as a reference for environmental evolution and management in similar mining areas.

Keywords: deep mining; ecological monitoring; Mann–Kendall test; intensity analysis framework

1. Introduction

The central and eastern regions of China are currently witnessing a shift toward deep
mining, with underground coal resources being extracted from depths reaching up to a
kilometer [1,2]. While the continuous, large-scale extraction of these deep underground
resources has significantly contributed to regional economic growth, it has also exacerbated
ecological degradation, particularly affecting surface vegetation and local ecosystems [3,4].
Previous research has established a clear link between underground mining and ecological
disruption. For instance, Wang Shuangming et al. [5] introduced the concept of ecolog-
ical water level to elucidate the impact of mining activities on surface vegetation, while
Li Shuzhi et al. [6] provided ecological restoration strategies tailored for high groundwater-
level plain mining areas. Similarly, Yue Hui et al. [7] utilized remote sensing ecological
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indices to reveal the spatiotemporal dynamics of ecological changes in the Shendong min-
ing area, and Hu Haifeng et al. [8] examined the degradation characteristics in coal mining
subsidence regions within the loess hilly areas of Shanxi, proposing restoration techniques
specific to these fragile environments. These studies collectively highlight the multifaceted
impacts of deep coal mining on surface ecosystems and outline various approaches for
reducing these effects.

Vegetation serves as a critical indicator of surface ecological health, making it a valu-
able proxy for assessing the environmental consequences of underground mining activi-
ties [9–11]. Traditional vegetation monitoring methods in mining areas, typically reliant
on field sampling, have proven to be limited in scope due to their labor-intensive, time-
consuming nature and their inherent inability to cover large geographic areas [12–14].
In contrast, remote sensing technology offers a superior alternative, characterized by its
extensive spatial coverage [15], capability for all-weather observation [16], and long-term
temporal monitoring capacity [17,18]. Remote sensing-derived vegetation indices, such
as the Normalized Difference Vegetation Index (NDVI), have been extensively employed
by researchers to quantitatively evaluate changes in vegetation cover within mining re-
gions [19–21]. However, conventional analysis techniques predominantly focus on mono-
tonic trends and smooth transitions within long-term time series data, often employing
transition matrices to understand vegetation dynamics [22]. These methods typically assess
area-based changes [23–25], but they fail to account for the intensity and variability in
vegetation growth trends, thereby overlooking the nuanced effects of ecological restoration
efforts and the resilience of vegetation in response to mining-induced disturbances.

Given these limitations, this study addresses the need for a more comprehensive
approach by incorporating an intensity analysis framework alongside conventional meth-
ods. The framework not only captures the shifts in vegetation growth trends but also
identifies the ways in which this transformation presents itself. By doing so, it provides a
more nuanced understanding of the relationship between mining activities and ecological
outcomes, specifically in the context of ecological restoration projects.

To achieve this, Liangbei was selected as a case study, representing a typical area under-
going deep mining in central of China. Utilizing the Google Earth Engine (GEE) platform,
this research constructs a detailed NDVI dataset spanning from 2000 to 2023. Analytical
techniques such as the LandTrendr algorithm, Sen’s slope estimation, the Mann–Kendall (MK)
test, coefficient of variation, and the Hurst index are employed to explore the spatiotemporal
evolution of vegetation under deep mining conditions. Additionally, the intensity analysis
framework is introduced to examine shifts in vegetation growth trends across two distinct
periods: 2000–2012 and 2012–2023. This study also incorporates D-InSAR technology to assess
the impact of underground mining activities on surface vegetation, thereby providing critical
insights into the driving mechanisms behind these changes.

2. Materials and Methods
2.1. Study Area

Liangbei Township is located southwest of Yuzhou City in Henan Province, China.
covering the mines of China Xinliang Mining Company Limited, China Shenhuo Wenyu
Mining Company Limited, China Pingyu Coal and Electricity Company Limited's four
mines, China Henan Shenhuo Group Company Limited and many other deep mining
mines. The geographical coordinates are 113◦24′0′′~113◦28′0′′E and 34◦4′0′′~34◦8′0′′N,
with a total area of about 43.8 km2. It is situated in the southern foothills of the Taihang
Mountains system, north of the Huaihe River Plain, characterized by higher elevations
in the west and lower elevations in the east. The climate is warm temperate continental
semi-arid, with moderate temperatures and distinct seasons (Figure 1). The main soil type
in this area is drab soil. The region holds proven coal reserves of 290 million tons. The
coal seams are simple and stable, with a mining depth exceeding 500 m. The thickness of
the coal seams ranges from 2.8 to 7 m, with an average thickness of 5.04 m. The mining
operations employ single-level uphill mining, fully mechanized mining techniques with
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large mining heights, and long-wall coal mining technology, using the caving method for
roof management.
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2.2. Data Sources and Preprocessing

The remote sensing data utilized in this study were sourced from the Landsat 5, 7, and
8 satellites, provided by the United States Geological Survey (USGS). The data, spanning
from 2000 to 2023, were obtained as Landsat T1_L2 products by the Google Earth Engine.
The images have a spatial resolution of 30 m [26] and a temporal resolution of 16 days [27].
The images passing atmospheric correction, radiometric calibration, and cloud removal
during preprocessing [28]. For the striping data loss issue inherent to Landsat 7 images,
a destriping function was employed to process the data. Subsequently, the Normalized
Difference Vegetation Index (NDVI) was computed online, and the images were synthesized
using a median composite algorithm [29]. The image cropping was also performed online
using the Quality Mosaic algorithm to further mitigate adverse effects caused by clouds,
atmospheric conditions, and satellite sensor angles.

The Sentinel-1 twin-satellite system is part of the Copernicus program, launched
by the European Commission (EC) and the European Space Agency (ESA). This system
consists of the Sentinel-1A and Sentinel-1B polar-orbiting satellites, which are in the same
orbit with a 180◦ phase difference. This study utilized Sentinel-1A SAR SLC data, which is
available from NASA’s website, to obtain surface deformation measurements. The spatial
resolution of this data is 5 m × 20 m [30] and a revisit period of 12 days [31]. A total of
120 SAR SLC images were acquired from 2018 to 2023. The D-InSAR technique was used
to process the images to derive surface subsidence values. The processing steps included
baseline estimation, interferogram generation [32], removal of topography and flat-earth
phase [33], interferogram filtering, phase unwrapping, phase-to-deformation conversion,
and geocoding [34].
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2.3. Technological Route

This research aims to investigate the spatiotemporal evolution of vegetation cover
in Liangbei, China, a deep coal mining subsidence area, from 2000 to 2023. Using NDVI
data processed on the GEE platform, this study identifies trends and drivers of vegetation
changes under the influence of mining activities. The analysis is structured into the
following steps (Figure 2):

(1) Data Collection and Preprocessing: Compile Landsat 5, 7, 8 and Sentinel-1 data for
Liangbei Township. Calculate NDVI values using the Google Earth Engine (GEE)
platform. Acquisition of surface deformation values by processing Sentinel-1 data with
SARscape_v560 software. Address missing data through interpolation techniques to
ensure continuity.

(2) Trend Analysis: Calculate the coefficient of variation (CV) to evaluate the stability of
vegetation cover across the study period. Apply LandTrendr algorithm, Sen’s slope
estimator, and Mann–Kendall trend test to determine trends in NDVI data. Use the
transition matrix and intensity analysis framework to examine shifts in vegetation
growth patterns over time.

(3) Driving Factor Analysis: Correlate NDVI trends with meteorological data and ground
subsidence data derived from SAR imagery. Identify the key drivers of vegetation
change, emphasizing the role of deep coal mining and its associated environmen-
tal impacts.
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2.4. Method
2.4.1. Normalized Difference Vegetation Index

The Normalized Difference Vegetation Index (NDVI) is a crucial parameter reflecting
vegetation growth and nutritional status [35]. This index can indicate the influence of the
plant canopy’s background, including soil, wet ground, snow, dead leaves, and roughness,
all of which are related to vegetation cover. The calculation formula for NDVI is as follows:

NDVI =
ρNIR − ρR
ρNIR + ρR

(1)

where ρNIR represents the spectral reflectance in the near-infrared band and ρR represents
the spectral reflectance in the red band. The resulting NDVI values range from [−1, 1], with
higher values indicating more vegetation cover on the surface [36].

2.4.2. LandTrendr Algorithm

This study employs the LandTrendr algorithm to identify disturbances and recovery
patterns in the NDVI time series for typical land cover in Liangbei Town. The LandTrendr
algorithm is designed to capture both gradual and abrupt changes within the time series
by using fitting or smoothing techniques to minimize background noise [37]. This process
generates a trajectory of time series imagery that accurately reflects temporal changes in the
landscape. The algorithm is particularly effective in detecting subtle differences, capturing
abrupt events, and performing per-pixel analysis of time series spectral data, which helps
extract detailed information regarding changes in land cover characteristics.

By analyzing the sequence and duration of disturbances and recovery, the LandTrendr
algorithm provides valuable insights into the resilience of vegetation and the long-term
effects of anthropogenic activities, such as mining [38]. This capability is crucial for un-
derstanding how different land cover types respond to environmental changes over time,
especially in regions like Liangbei, where intensive land use practices significantly influence
the landscape.

2.4.3. Coefficient of Variation

In this study, the coefficient of variation (CV) for each pixel was calculated using NDVI
time series data from 2003 to 2022. The CV is a statistical measure used to describe the
degree of dispersion in data [39]. A higher CV value indicates greater dispersion in the
data series. The calculation method is as follows:

CV =
σ

µ
(2)

where σ is the standard deviation of the NDVI values and µ is the mean of the NDVI
values over the time series. The classification criteria are as follows: 0–0.1 indicates stability;
0.1–0.2 indicates relative stability; 0.2–0.3 indicates instability; and values above 0.3 indicate
extreme instability.

2.4.4. Theil–Sen Slope Estimation and Mann–Kendall Test

The trends in NDVI changes in Liangbei Town were analyzed using the Theil–Sen
estimator and Mann–Kendall test. The Theil–Sen slope estimator is a robust non-parametric
statistical method for trend analysis [40], suitable for long-term time series data [41]. The
calculation formula is as follows:

β = Median
( xj − xi

j − i

)
∀j > i (3)

where Median () represents the median value. If β > 0, it indicates an increasing NDVI trend,
and if β < 0, it indicates a decreasing NDVI trend.
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The Mann–Kendall test, also known as the MK test, can test not only the trend of the
time series [42], but also whether the time series has experienced a mutation [43]. The
calculation formula is as follows:

sgn(x − x) =


+1 xj − xi > 0
0 xj − xi = 0
−1 xj − xi < 0

(4)

S =
n−1

∑
i=1

n

∑
j=i+1

sgn
(
xj − xi

)
(5)

Z =


S√

Var(S)
(S > 0)

0 (S = 0)
S+1√
Var(S)

(S < 0)
(6)

Var =
n(n − 1)(2n + 5)

18
(7)

where xj and xi refer to NDVI time series; sgn represents the sign function; S denotes the
test statistic; Z is the standardized test statistic; n is the number of data points. At a given
significance level a, if |Z| > Z1−α/2, it suggests the presence of a significant trend change.
In this study, a is set as to 0.05, implying the evaluation of the significance of NDVI time
series changes at a 0.05 significance level.

2.4.5. Hurst Exponent

The Hurst exponent is used in this study to describe the future pixel-wise change
trends in Liangbei. The Hurst exponent is based on the rescaled range (R/S) analysis
method [44] and serves as an indicator to determine whether a time series follows a
random walk or a biased random walk process [45]. The calculation method is as follows:

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

NDVI(T) =
1
T

T

∑
t=1

NDVI(T) . . . T = 1, 2, . . . , n (8)

The cumulative deviation is:

X(t,T) =
t

∑
t=1

(
NDVI(t) − NDVI(T)

)
. . . 1 ≤ t ≤ T (9)

The standard deviation is:

S(T) =

[
1
T

T

∑
t=1

(
NDVI(t) − NDVI(T)

)2
]1

2
. . . T = 1, 2 . . . , n (10)

Then, based on the above formulas, we obtain:

R(t)
S(t)

∝ TH (11)

If the sequence to be analyzed exhibits the Hurst phenomenon, the Hurst exponent H
can be estimated using the relationship:

log(
R(t)
S(t)

) = α + Hlog(t) (12)

The least squares method is used for fitting to obtain H
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If 0 < H < 0.5, it indicates antipersistence in the NDVI time series of Liangbei Town,
meaning the future trend is opposite to the past trend [46]. The closer H is to 0, the stronger
the antipersistence.

If 0.5 < H < 1, it indicates persistence in the NDVI time series, meaning the future
trend is similar to the past trend [47]. The closer H is to 1, the stronger the persistence.
H = 0.5, it suggests that the NDVI changes in Liangbei Town follow a random process with
no apparent persistence within the time series.

2.4.6. Intensity Analysis Framework

The intensity analysis in this study is focused on assessing changes in vegetation
growth trends over different time intervals. Two key measures are used: absolute intensity
and relative intensity.

Absolute intensity reflects the absolute quantity of vegetation growth trend changes
over a specified time interval. It analyzes the transition of one type of vegetation growth
trend to another and vice versa. For the time interval [Tt, Tt + 1], the absolute transition
intensity AIin is the area where an initial vegetation growth trend type i changes to a final
growth trend type n (Equation (13)). The mean absolute transition intensity MAIn is the
average of all transitions to type n from other types (Equation (14)).

AIin =
Cin
Cnn

(13)

MAIn =
1

I − 1∑i ̸=n AIin (14)

where i represents the initial vegetation growth trend code, n represents the final vegetation
growth trend type code, Cin is the area of vegetation growth trend i transitioning to trend n
during the interval [Tt, Tt + 1], Cnn is the area of trend n that remains unchanged during
the interval [Tt, Tt + 1], t represents the initial time node code, Tt represents the year
corresponding to the initial time node, Tt + 1 represents the year corresponding to the final
time node, and I is the number of initial vegetation growth trend types.

Relative intensity further analyzes the intensity of transitions between vegetation
growth trends based on absolute intensity. The relative transition intensity RIin is the
proportion of the initial vegetation growth trend i transitioning to the final growth trend n
during the interval [Tt, Tt + 1] (Equation (15)). The mean relative transition intensity MRIn
is the average proportion of all transitions to trend n from other types (Equation (16)).

RIin =
Cin

∑j ̸=n Cij
(15)

MRIn =
1

I − 1∑i ̸=n RIin (16)

where Cij represents the area of the initial vegetation growth trend type i transitioning to
the final growth trend type j during the interval [Tt, Tt + 1] and Cnj represents the area of
the vegetation growth trend type n transitioning to the final growth trend type j.

Equation (17) calculates the relative transition out intensity ROmj for an initial vegeta-
tion growth trend type m transitioning to a final growth trend type j during the interval [Tt,
Tt + 1] (for m ̸= j). Equation (18) calculates the mean relative transition out intensity MROm
for trend m transitioning to other types.

ROmj =
Cmj

∑i ̸=m Cmi
(17)

MROm =
1

I − 1∑j ̸=m ROmj (18)
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where Cim represents the area of the initial vegetation growth trend i transitioning to the
final growth trend type m.

3. Results
3.1. Spatiotemporal Variability of Vegetation Cover
3.1.1. Temporal Variation Characteristics

The annual average NDVI values for Liangbei Town from 2000 to 2023 were calculated
and denoted as the annual NDVI of Liangbei Town. A trend chart depicting the annual
NDVI changes from 2000 to 2023 was created, as shown in Figure 3.
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From Figure 3, it can be observed that the NDVI of Liangbei Town ranged between
0.24 and 0.52 during the period from 2000 to 2023, with an average value of 0.38. The linear
expression for the time series trend analysis of NDVI in Liangbei Town from 2000 to 2023 is
y = 0.00894x − 17.59. This indicates an overall increasing trend in the annual NDVI, with a
change rate of 0.0894 per decade.

During the period from 2000 to 2023, the years with an increasing NDVI trend include
2000–2001, 2001–2002, 2002–2003, 2003–2004, 2005–2006, 2007–2008, 2011–2012, 2013–2014,
2014–2015, 2018–2019, 2021–2022, and 2022–2023. Notably, the year 2005 to 2006 exhibited
the highest growth amplitude (0.231) and growth rate (140%). Conversely, the years with a
decreasing NDVI trend include 2004–2005, 2006–2007, 2008–2009, 2010–2011, 2012–2013,
2015–2016, 2016–2017, 2017–2018, and 2020–2021. Among these, the period from 2004 to
2005 experienced the highest decline amplitude (0.246) and a reduction rate of 59.8%.

The LandTrendr algorithm was employed to model the time series curves of NDVI
spectral values across three typical land cover types in Liangbei agricultural land, industrial
land, and residential land. The results are presented in Figure 4. The “folds” fitted by
the LandTrendr algorithm capture sudden changes in the NDVI spectral values at specific
points in time within the long-term series.
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For instance, in the spectral curve for industrial land, the fitted line exhibits significant
bends in 2001 and 2009, indicating abrupt changes in the NDVI spectral values at these
times. Specifically, the trend shifts from a decrease to an increase after 2001, followed by a
deceleration in the rate of increase after 2009. Similarly, the spectral curve for agricultural
land shows a significant bend in 2004, reflecting a sudden change in spectral values,
accompanied by a subsequent slower growth trend. In contrast, the spectral curve for
residential land does not show any abrupt changes, and the trend consistently increases
over time.

To further pinpoint significant change points in the annual NDVI values for Liangbei
from 2000 to 2023, a Mann–Kendall (MK) test was conducted. As illustrated in Figure 5, the
test results indicate a critical change point in 2012. The UF curve, representing a standard
normal distribution calculated sequentially from the annual NDVI, intersects with the
UB curve, derived from the inverse sequence, at this year. Since the intersection occurs
within the confidence interval defined by α = ±1.96, the data pass the 95% significance test,
confirming a statistically significant mutation point in 2012.
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3.1.2. Spatial Distribution Characteristics

The average NDVI values for Liangbei Town from 2000 to 2023 were calculated on
a per-pixel basis, referred to as the annual mean NDVI of Liangbei Town. A spatial
distribution map of the annual mean NDVI was then generated, as shown in Figure 6.

According to Figure 6, the annual mean NDVI of Liangbei Town from 2000 to 2023
ranges between 0.12 and 0.51, with an average value of 0.38. The spatial distribution shows
significant variability, characterized by higher values on both sides and lower values in the
middle. Based on this result, the annual mean NDVI of Liangbei Town from 2000 to 2023
was reclassified into distinct classes with thresholds set at 0.2, 0.3, and 0.4, as illustrated in
Figure 6b. The statistical results are presented in Table 1.

Table 1. Area and percentage of NDVI classes.

Class NDVI Range Area (km²) Area Percentage (%)

I 0.12–0.2 0.58 1.24
II 0.2–0.3 7.04 15.15
III 0.3–0.4 15.47 33.28
IV 0.4–0.51 23.41 50.34

Classes I and II combined account for 16.39% of the area, corresponding to 7.62 km2.
These areas are mainly located in the central construction land, including residential areas,
roads, and deep mining areas, which have relatively low NDVI values. Class III covers an
area of 15.47 km2, making up 33.28% of the study area. These regions include the green belts
around the main channel of the South-to-North Water Diversion Project, parks, and forested
areas surrounding arable land. Class IV, with an area of 23.41 km2 and an area percentage
of 50.34%, is the most extensive among all classes. These regions are agricultural land.



Remote Sens. 2024, 16, 3204 11 of 24Remote Sens. 2024, 16, 3204 11 of 25 
 

 

 
(a) (b) 

Figure 6. Spatial distribution and classification of annual mean NDVI in Liangbei Town. (a) NDVI 

spatial distribution. (b) NDVI classification distribution. 

According to Figure 6, the annual mean NDVI of Liangbei Town from 2000 to 2023 

ranges between 0.12 and 0.51, with an average value of 0.38. The spatial distribution shows 

significant variability, characterized by higher values on both sides and lower values in 

the middle. Based on this result, the annual mean NDVI of Liangbei Town from 2000 to 

2023 was reclassified into distinct classes with thresholds set at 0.2, 0.3, and 0.4, as illus-

trated in Figure 6b. The statistical results are presented in Table 1. 

Table 1. Area and percentage of NDVI classes. 

Class NDVI Range Area (km²) Area Percentage (%) 

I 0.12–0.2 0.58 1.24 

II 0.2–0.3 7.04 15.15 

III 0.3–0.4 15.47 33.28 

IV 0.4–0.51 23.41 50.34 

Classes I and II combined account for 16.39% of the area, corresponding to 7.62 km2. 

These areas are mainly located in the central construction land, including residential areas, 

roads, and deep mining areas, which have relatively low NDVI values. Class III covers an 

area of 15.47 km2, making up 33.28% of the study area. These regions include the green 

belts around the main channel of the South-to-North Water Diversion Project, parks, and 

forested areas surrounding arable land. Class IV, with an area of 23.41 km2 and an area 

percentage of 50.34%, is the most extensive among all classes. These regions are agricul-

tural land. 

3.1.3. Spatial Variation Characteristics 

The coefficient of variation (CV) of NDVI for Liangbei Town from 2000 to 2023 was 

calculated on a per-pixel basis. Based on the CV, the NDVI in the region was classified 

Figure 6. Spatial distribution and classification of annual mean NDVI in Liangbei Town. (a) NDVI
spatial distribution. (b) NDVI classification distribution.

3.1.3. Spatial Variation Characteristics

The coefficient of variation (CV) of NDVI for Liangbei Town from 2000 to 2023 was
calculated on a per-pixel basis. Based on the CV, the NDVI in the region was classified
into four categories: stable, relatively stable, unstable, and extremely unstable, as shown in
Figure 7.

The coefficient of variation for NDVI in Liangbei Town ranges from 0 to 0.87, with
an average value of 0.26. The area proportions of the four stability categories are in the
order of unstable > extremely unstable > relatively stable > stable. The extremely unstable
areas are primarily located in concentration of population and deep mining areas, where
human activities significantly influence NDVI fluctuations. The unstable areas are mainly
agricultural land, where changes in crop growth, variety, and area affect the NDVI.

By conducting a combined analysis using the Sen slope estimator and the Mann–
Kendall (MK) test on the NDVI time series trends for Liangbei Town from 2000 to 2023.
This analysis provided insights into the spatial distribution of NDVI trend changes, as
depicted in Figure 8.

The slope of the NDVI trend in Liangbei Town ranges from −0.17 to 0.024, with an
average value of 0.01, indicating a clear upward trend. The area exhibiting an increasing
trend is 42.98 km2, accounting for 92.42% of the total study area. Conversely, the area
showing a degradation trend is 2.86 km2, or 6.14% of the total area. This indicates that
the area with an increasing trend is 15 times larger than that with a degrading trend,
demonstrating a steady improvement in vegetation cover and growth in Liangbei Town
over the past 24 years.
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Based on the criteria sen < −0.0005, |Z| > 1.96; sen < −0.0005, |Z| < 1.96; −0.0005 <
sen < 0.0005, |Z| < 1.96; sen > 0.0005, |Z| > 1.96; sen > 0.0005, |Z| < 1.96, the NDVI trend
was classified into five categories: significant degradation, slight degradation, stable, slight
improvement, and significant improvement, respectively. The area and percentage of each
category are shown in Table 2.

Table 2. Area and percentage of NDVI trend classes.

Class Area (km²) Area Percentage (%)

Significant Degradation 0.99 2.12
Slight Degradation 1.87 4.02

Stable 0.67 1.43
Slight Improvement 4.25 9.14

Significant Improvement 38.73 83.28

The ranking of area proportions is significant improvement (83.28%) > slight im-
provement (9.14%) > slight degradation (4.02%) > significant degradation (2.12%) > stable
(1.43%). The areas of improvement are mainly agricultural lands, attributed to changes in
crop growth, increased planting area, and reclamation of wasteland. The degrading areas
are primarily in the northeast of Liangbei Town, where urbanization and deep mining have
led to significant vegetation degradation and a marked decrease in the NDVI.
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3.1.4. Future Trend Prediction

The future trend of the NDVI in Liangbei Town was predicted using the Hurst index,
and a spatial distribution map was generated, as shown in Figure 9a. The Hurst index
ranges from 0.15 to 0.72, with an average value of 0.38. According to the results, the
area percentage of regions with persistent change (0.5 < H < 1) is 7.31%, while the area
percentage of regions with anti-persistent change (0 < H < 0.5) is 91.13%. By overlaying
the NDVI trend with the Hurst index, a future trend map was produced, as illustrated in
Figure 9b, and the corresponding statistics are presented in Table 3.

Table 3. Future NDVI trend classes.

Sen Slope Hurst Index Future Trend Area (km²) Area Percentage (%)

<0
0.5 < H < 1 Continuous decrease 0.75 1.62%
0 < H < 0.5 Transition from decrease to increase 2.38 5.11%

>0
0 < H < 0.5 Transition from increase to decrease 40.73 87.58%
0.5 < H < 1 Continuous increase 2.64 5.69%

The analysis results in Figure 9b and Table 3 indicate that the future NDVI trend
in Liangbei Town is predominantly characterized by a transition from increase to de-
crease (87.58%) > continuous increase (5.69%) > transition from decrease to increase
(5.11%) > continuous decrease (1.62%). This suggests that the future NDVI of Liangbei
Town is expected to shift from increasing to decreasing.
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3.2. Analysis of Vegetation Intensity Changes
3.2.1. Analysis of Vegetation Growth Trend Changes

Based on the Mann–Kendall (MK) test results for the annual NDVI time series, 2012
emerged as a critical change point. Recognizing this mutation point, the study period
from 2000 to 2023 was divided into two distinct phases: 2000–2012 and 2012–2023. To
further analyze the vegetation evolution trends during these two phases, a transfer matrix
was generated using ArcGIS. The results of this transfer matrix, illustrating the shifts in
vegetation patterns between the two periods, are presented in Figure 10.

The transfer matrix illustrates the area transitions between different vegetation growth
trends across the two phases. During the transition from the first phase (2000–2012) to
the second phase (2012–2023), the trend of slight improvement exhibited the highest total
transition area of 18.65 km2. Among these transitions, the most prominent was the shift
from slight improvement to significant improvement, covering an area of 10.98 km2. The
overall transitions between vegetation growth trends were relatively straightforward,
primarily involving shifts between slight and significant improvement.

To gain deeper insights into these transitions and understand the underlying dynamics,
an intensity analysis framework was introduced. This framework allows for the exploration
of potential transfer relationships between vegetation growth trends, providing deeper
insights beyond the basic transitions observed in the transfer matrix.

Figure 11 illustrates the intensity changes in vegetation growth trends, where the
X-axis represents the initial vegetation growth trend, and the Y-axis represents the end
vegetation growth trend. Each cell contains four elements: absolute admission intensity,
absolute transfer intensity, relative admission intensity, and relative transfer intensity. The
filling rules are as follows: blue indicates Inhibitor, and red indicates Tendency.
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Specifically:
(1) If elements 1 and 2 within a cell are filled with red, it indicates an absolute inclination

for the initial vegetation growth trend to transform into the final vegetation growth trend.
(2) If elements 3 and 4 are filled with red, it indicates a relative inclination for the

transformation process.
(3) If all elements in a cell are filled with blue, the transformation process is systemi-

cally suppressed.
(4) If all elements are filled with red, the transformation process shows a systemic inclination.
This analysis framework helps in understanding the underlying patterns and tenden-

cies in vegetation growth trend transitions, providing a detailed view of how vegetation
cover changes over time and how these changes are interconnected. This understand-
ing is crucial for effective management and conservation strategies, especially in regions
experiencing significant environmental changes.

Relative Tendency: The transitions such as significant degradation to stable, significant
degradation to significant improvement, slight degradation to significant degradation,
slight degradation to stable, slight degradation to significant improvement, stable to severe
degradation, stable to slight degradation, stable to significant improvement, and significant
improvement exhibit relative inclination characteristics.

Absolute Tendency: The transitions such as slight improvement to slight degradation,
slight improvement to significant improvement, and significant improvement to slight
improvement show absolute inclination characteristics.

Systemic Inhibition: The transition from significant degradation to slight degradation
shows systemic suppression characteristics.
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Figure 11. Intensity changes in vegetation growth trends.

3.2.2. Analysis of Slight Improvement to Significant Improvement Change Pattern

The transfer intensity between vegetation growth trends was calculated based on the
transition area within the study area. The results are depicted in Figure 12. The red dashed
lines in the figure represent the average intensity of either admission or transfer transitions
as a percentage. If the transition intensity exceeds the average, it indicates a targeted gain
or loss in vegetation growth trend.

Absolute Intensity: (1) The average absolute admission intensity is 0.0056%. The slight
improvement trend tends to receive more area from the significant improvement trend at
an intensity greater than 0.0056% (Figure 12a). This suggests that the slight improvement
trend is more likely to gain area from the significant improvement trend while suppressing
gain from other categories. (2) The average absolute transfer intensity is 0.01%, with the
slight improvement trend tending to transition to the significant improvement trend at an
intensity higher than 0.01% (Figure 12c). This suggests that the slight improvement trend is
more inclined to transition to the significant improvement trend.
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Relative Intensity: (1) The average relative admission intensity is calculated to be
0.0335%. The slight improvement trend shows a strong tendency to gain area from the
significant improvement trend, with an admission intensity higher than the average. This
preference indicates that the transition of areas from significant improvement to slight
improvement has a relatively greater impact on the proportion of areas experiencing a slight
improvement (Figure 12b). (2) The average relative transfer intensity is calculated to be
0.567%. The slight improvement trend tends to transition into the significant improvement
trend with a transfer intensity of 0.061%, which is higher than the average transfer intensity.
This indicates a strong propensity for the slight improvement trend to convert into the
significant improvement trend, reinforcing the inclination observed in the absolute intensity
analysis (Figure 12d).

The combined analysis of absolute and relative intensities provides a comprehensive
understanding of the transition patterns between vegetation growth trends. The slight
improvement trend, in particular, shows a marked tendency to both receive area from
and transition into the significant improvement trend, highlighting a specific directional
dynamic within the study area. These insights are critical for developing targeted vegetation
management strategies, ensuring effective monitoring, and fostering sustainable land
use practices.

3.3. Analysis of Driving Factors
3.3.1. Climate Driving Factors

To explore the impact of climate change on the vegetation in Liangbei Town, we
plotted the interannual variation curves of the region’s average temperature and average
precipitation, as shown in Figure 13.
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Average Temperature: from 2003 to 2022, the multi-year average temperature was
14.76 ◦C. The highest temperature was 15.52 ◦C (2019) and the lowest was 13.78 ◦C (2003).
The temperature showed an increasing trend, with an average annual increase of 0.036 ◦C.

Annual Precipitation: The range of annual precipitation was between 600.2 mm and
1132.8 mm. Annual precipitation showed a decreasing trend, with an average annual
decrease of 1.22 mm.

The correlation between annual average temperature, precipitation, and the NDVI
was examined using the Pearson correlation coefficient. The results are as follows: (1) The
correlation coefficient between annual average temperature and annual average NDVI was
0.17 (p = 0.3). (2) The correlation coefficient between annual average precipitation and
annual average NDVI was 0.263 (p = 0.21).

A correlation coefficient value exceeding 0.5 with a p-value less than 0.01 indicates a
significant correlation; the larger the correlation coefficient, the stronger the correlation.
Neither the annual average temperature nor the annual average precipitation showed a
significant correlation with the annual average NDVI, suggesting that climate factors are
not the main drivers of NDVI changes in Liangbei Town. This lack of significant correlation
may be due to the region having sufficient sunlight and precipitation during the study
period, resulting in minimal impact on vegetation growth trends.

3.3.2. Underground Mining Driving Factors

An analysis of ground subsidence in Liangbei Town from 2018 to 2023 was conducted
using SAR data. The D-InSAR processing results are shown in Figure 14. For instance, the
monitoring focused on mining face 32051, located in the lower part of the east wing of the
32 mining area, near the DF3 fault protection coal pillar to the north. The working face had
a designed length of approximately 770 m and a dip of 224 m. The actual mining length
was 664 m, with an azimuth angle of 85◦33′25′′ and an average mining depth of 580 m.
Borehole data showed an average coal thickness of 5.04 m, a simple coal seam structure,
and a relatively stable coal seam with a dip angle of 6◦. Mining operations began in October
2020 and ended in October 2022.
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As shown in Figure 14, ground subsidence in Liangbei Town is predominantly con-
centrated in the eastern region. The maximum subsidence is 0.26 m, covering an area
of 15.66 km2 (13.67%). The area with ground subsidence between 0.15 m and 0.26 m is
0.32 km2 (0.69%), and the mining workfaces are mainly distributed in these regions. The
area with ground subsidence between 0.1 m and 0.15 m is 0.74 km2 (1.6%), and the area
between 0.01 m and 0.1 m is 2.95 km2 (6.36%). These areas are distributed around the
mining workfaces. The area with ground subsidence between 0 m and 0.01 m is 11.64 km2

(25.03%). Areas close to the mining workfaces are still affected, while those farther away are
mainly affected by surface construction subsidence. The NDVI values for each subsidence
range during 2018–2023 are shown in Figure 15.

In areas unaffected by subsidence, NDVI values remain at their highest. However,
as ground subsidence intensifies, NDVI values exhibit a gradual decline, reflecting the
impact of underground mining activities on surface vegetation. The analysis reveals a clear
relationship between subsidence levels and NDVI values:

0–0.01 m Subsidence: NDVI values range from 0.69 to 0.79, with an average of 0.75.
0.01–0.1 m Subsidence: NDVI values range from 0.67 to 0.74, with an average of 0.72.
0.1–0.15 m Subsidence: NDVI values range from 0.65 to 0.72, with an average of 0.69.
0.15–0.26 m Subsidence: NDVI values range from 0.59 to 0.69, with an average of 0.64.
The findings indicate that greater ground subsidence correlates with higher under-

ground mining intensity, leading to more pronounced surface damage and a corresponding
reduction in NDVI values. Notably, after the resumption of mining activities in 2020, a
decline in NDVI values was observed across all subsidence categories in 2021. The most
significant decrease occurred in areas with the highest subsidence, where NDVI values
dropped from 0.69 in 2020 to 0.57 in 2021. This trend underscores the substantial impact of
increased subsidence on vegetation health.
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4. Discussion
4.1. Ecological Restoration

Liangbei Town, a critical area for deep mining in central China, has experienced signifi-
cant surface subsidence due to ongoing extraction activities, especially in the 32051 working
face. From 2018 to 2023, the subsidence affected approximately 15.66 km2, predominantly
in the eastern region of the town. This study reveals that despite these substantial mining
activities, the annual vegetation dynamics in Liangbei Town exhibit a notable upward
trend, with a significant NDVI increase observed across 38.73 km2 between 2000 and 2023.

The upward trend in vegetation suggests that both natural and artificial ecologi-
cal restoration efforts have played crucial roles in mitigating the adverse effects of deep
mining on surface vegetation. These findings are consistent with previous research by
Xiao Wu et al. [48], which showed that the relationship between mining intensity and
ecosystem services is not linear. The flat terrain and favorable hydrothermal conditions
in Liangbei make it well-suited for crops such as wheat. This study shows that the in-
terplay between human intervention and natural recovery processes can contribute to
vegetation resilience, even under high-intensity coal mining activities. The combination of
natural succession and targeted restoration efforts may have prevented severe degradation,
underscoring the importance of integrated ecological management in mining regions.

4.2. Future Trends and Challenges

The areas of continuous NDVI decrease are mainly located in the northeastern part of
Liangbei, which are deep mining areas where continuous surface vegetation destruction
leads to persistent NDVI decline. Although the macro-level analysis shows no significant
decline in surface vegetation, the Hurst index analysis reveals that 91.13% of the vegetation
in Liangbei is projected to experience anti-persistent changes, suggesting potential future
instability. The saturation of crop planting conditions in agricultural areas is a primary
driver of this trend, indicating that the existing agricultural practices may have reached
their ecological capacity.

Areas with continuous NDVI decline, particularly in the northeastern part of Liangbei
Town, are closely associated with deep mining activities. These regions exhibit persistent
vegetation degradation, likely due to ongoing surface deformation and soil destabilization
caused by subsidence. Managing the delicate balance between mining activities and
environmental protection remains a critical challenge. In ecologically sensitive areas,
minimizing artificial intervention and allowing for natural recovery, as advocated by
Hu Zhenqi et al. [49], could offer a pathway toward achieving ecological equilibrium.
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4.3. Managing Mining-Induced Subsidence

The negative impacts of mining-induced subsidence on surface vegetation highlight
the need for carefully planned remediation measures. Effective ecological restoration
in subsidence areas should be informed by up-to-date land use planning, ensuring that
restoration activities align with local environmental conditions and socio-economic needs.
Afforestation, sustainable agriculture, or adaptive construction practices can help mitigate
the ecological damage caused by subsidence, but these approaches must be tailored to the
specific conditions of each affected area.

Previous studies [50] have emphasized the importance of controlling the width of
the working face and the rate of advance during mining operations, as these factors
significantly influence the extent of overburden damage. Optimizing these parameters can
reduce surface disturbance and promote more effective post-mining ecological restoration.
However, the focus on deep-seam mining raises questions about the broader applicability
of these findings. The surface environmental evolution observed in Liangbei Town may
differ from that in areas affected by shallow mining, where the dynamics of subsidence
and vegetation recovery could follow different patterns.

4.4. Study Advantages and Limitations

This research contributes to the understanding of vegetation dynamics in deep mining
areas, providing a detailed analysis of both temporal and spatial changes in NDVI. The in-
tegration of remote sensing data with advanced analytical techniques, such as LandTrendr
algorithm, Sen’s slope, the Mann–Kendall test, and intensity analysis, offers a compre-
hensive approach to monitoring vegetation in mining regions. However, this study is
limited by its focus on deep-seam mining, which may not fully capture the complexity of
vegetation responses in areas subjected to different mining intensities or methods. Future
research should consider comparative studies between deep and shallow mining regions to
enhance our understanding of the environmental impacts across varying mining contexts.

In conclusion, while this study underscores the resilience of vegetation in Liangbei
Town under deep mining pressures, it also highlights the ongoing challenges in balancing
resource extraction with ecological sustainability. The findings serve as a foundation for
future research and management strategies aimed at mitigating the environmental impacts
of mining in similar regions.

5. Conclusions

This study reveals a clear upward trend in vegetation cover in Liangbei from 2000 to
2023, despite high-intensity coal mining activities. Key findings include:

(1) Temporal Dimension: The annual NDVI increased at a rate of 0.0894 (10a)−1, peak-
ing at 0.51 in 2020, with the most rapid growth occurring between 2005 and 2006
(140% increase).

(2) Spatial Dimension: NDVI values were lower in the center and higher around the
edges, with cultivated land covering 50.34% of the area showing NDVI values between
0.4 and 0.51.

(3) Trend of Change: Significant NDVI improvement was observed in 83.28% of the
area, with a notable transition from slight to significant improvement over 10.98 km2,
indicating broad regional vegetation recovery.

(4) Driving Factors: Deep mining in the eastern region led to a maximum ground sub-
sidence of 0.26 m over 15.66 km2, corresponding to a decrease in the NDVI within
affected areas.

These results underscore the importance of balancing mining and environmental
protection for sustainable ecosystem development, with implications for future manage-
ment strategies.
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