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Revealing Large-Scale Surface Subsidence in Jincheng City's Mining Clusters Using MT-InSAR
and VMD-SSA-LSTM Time Series Prediction Model

Yang Fan'? , Menghui Zhi' , An Yan'
(1. School of Surveying, Mapping and Geoscience, Liaoning University of Engineering and Technology, Fuxin 123000;
2. Institute of Science and Technology, Liaoning University of Engineering and Technology, Fuxin 123000)

Abstract: Jincheng City's mining areas have long been plagued by surface subsidence, posing significant threats to local residents'
safety and impacting the region's economic and social stability. Understanding and effectively monitoring the driving factors and
mechanisms of surface subsidence are crucial for devising scientific prevention measures and promoting the sustainable
development of mining areas. This article aims to comprehensively reveal the large-scale surface subsidence phenomenon in
Jincheng City's mining clusters by utilizing advanced remote sensing technology and machine learning models, identifying its
main driving forces, and predicting future subsidence trends to provide scientific evidence for geological disaster prevention in
mining areas. The study employs Multi-Temporal Interferometric Synthetic Aperture Radar (MT-InSAR) technology, using both
Permanent Scatterer Interferometric SAR (PS-InSAR) and Small Baseline Subset Interferometric SAR (SBAS-InSAR) techniques
for cross-validation, to confirm the existence of surface subsidence. Further, by integrating Variational Mode Decomposition
(VMD), Singular Spectrum Analysis (SSA), and Long Short-Term Memory (LSTM) networks, a high-precision time series
prediction model (VMD-SSA-LSTM) was developed. The results indicate that from 2018 to 2021, the surface subsidence rates in
Jincheng City ranged from -34 to 34 millimeters per year, with significant variations in subsidence levels across different areas.
Gaoping City exhibited the highest subsidence, with rates ranging from -34 to 5 mm per year, while Yangcheng County showed
the most pronounced subsidence changes. These variations are primarily attributed to mining activities, land use changes, and
adverse geological conditions in Jincheng City. This study unveils the large-scale surface subsidence phenomenon in Jincheng
City's mining clusters, marking the first comprehensive ground deformation monitoring analysis of small mining clusters across
four cities in Jincheng. The development of a high-precision surface subsidence prediction model provides new insights for
scientifically understanding geological disasters in mining areas. These findings are significant for formulating effective geological
disaster prevention measures and land management policies.
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1 Introduction

Surface subsidence is a potential geological hazard resulting from the combined effects of natural processes and human
activities!'. Its severity has garnered widespread attention globally[?!. This phenomenon is particularly pronounced in mining
regions®4. Additionally, human activities such as groundwater extraction and national economic development have exacerbated
the trend of surface subsidencel’l. Surface subsidence poses threats to the safety of infrastructurel®! and can severely impact the
ecological environment!”-8 and socioeconomic stabilityl®). Therefore, monitoring, analyzing, and predicting surface subsidence in
mining areas are crucial for identifying potential geological hazards and ensuring their sustainable and stable development.

Traditional methods of monitoring surface subsidence, such as leveling surveys and Global Navigation Satellite Systems
(GNSS), are limited by their low resolution, limited coverage, and high costs. In contrast, Interferometric Synthetic Aperture Radar
(InSAR) technology, as a high-precision remote sensing monitoring method with high temporal and spatial resolution!'”), can

effectively measure large-scale ground deformation. InNSAR compensates for the shortcomings of traditional methods and plays a



key role in surface deformation monitoring. By utilizing the phase information of radar beams, InSAR can achieve centimeter-
and even millimeter-level surface deformation monitoring® !

PS-InSAR, one of the first techniques of MT-InSAR, aims to identify highly coherent Permanent Scatterers (PS) in urban
areas!'>13]. However, in low-coherence areas, such as suburbs or mountainous regions, the application of PS-InSAR is limited due
to the widespread presence of Distributed Scatterers (DS) such as pavements and vegetation. To address this issue, Distributed
Scatterer Interferometric SAR (DS-InSAR) was proposed as the second generation of MT-InSAR['*15], Typical algorithms include
SqueeSAR!'®!7 and Small Baseline Subset (SBAS)!'®!°], Compared to SqueeSAR, SBAS has broader applicability and can handle
various surface changes, including the complex geological conditions and diverse surface deformation mechanisms of mining
areas. The SBAS algorithm processes large amounts of radar image data efficiently, enabling large-scale monitoring.

Jincheng City, the study area, is characterized by rich coal and mineral resources, frequent geological disasters?”), and
significant socioeconomic status?!l. Surface subsidence caused by coal mining and other activities has become increasingly
prominent, impacting the local environment, infrastructure, and residents' safety(??l. Therefore, in-depth research on surface
subsidence in Jincheng City is essential for understanding the mechanisms of geological disasters in mining areas, maintaining
local economic and social stability, and promoting sustainable development!?>-24

InSAR technology has been applied to subsidence monitoring in mining areas, usually using InSAR technology alone for
monitoring. However, studies on large-scale cluster mining areas are relatively few. In this study, we take Jincheng City, China,
as an example and use a novel method combining MT-InSAR[?>2¢] technology and LSTM [?7-?!lneural networks to monitor and
analyze mining area subsidence. We aim to reveal the surface subsidence phenomenon in large-scale mining clusters. Cross-
validation of PS-InSAR and SBAS-InSAR results confirmed the existence of surface subsidence, and we used an LSTM model to
predict subsidence. Through time series deformation analysis, we explored the main driving forces and mechanisms of surface

subsidence.

2 Study Area and Data Set

2.1 Study Area
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Figure 1. Geographical location of Jincheng City
Jincheng City ,as shown in Figure 1,is located in the central part of Shanxi Province, China, situated at the eastern edge of
the Shanxi Basin, between latitudes 35°29" to 36°37’' N and longitudes 111°20" to 113°09" E. The city covers an area of

approximately 8,569 square kilometers. The topography is predominantly low hilly terrain with gentle undulations, and elevations



range from 400 to 1,000 meters. This topographical feature significantly influences the city's natural environment and urban
planning. Additionally, Jincheng City, located at the eastern edge of the Shanxi Basin, has complex geological structures with
various lithologies and structural forms. Rich in coal resources, it has become an important coal industry base in China, making
Jincheng a significant coal resource city. Numerous coal mines are distributed in and around the city, forming a prosperous coal
industry. The coal industry is a pillar of the city's economy, playing a crucial role in local economic development and social
stability. However, long-term coal mining activities have led to widespread surface subsidence in mining areas, posing significant
challenges to the local environment, infrastructure, and residents' safety and well-being. Therefore, in-depth research on surface

subsidence in mining areas is of great practical significance and scientific value.

2.2 Data Sets
2.2.1 SAR Data

Sentinel-1 SAR Data: The Sentinel-1 SAR data used in this study is provided by the European Space Agency (ESA) and can
be accessed through ESA’s Sentinel data access portal (https://scihub.copernicus.eu/). The data covers the period from January 1,
2018, to December 28, 2020, comprising a total of 81 scenes. It is acquired in single polarization mode (VV polarization) and
provided in Single Look Complex (SLC) format, featuring high spatial and temporal resolution suitable for surface deformation
monitoring and analysis.

2.2.2 Multi-Source Auxiliary Data for Studying Factors Influencing Surface Subsidence

Digital Elevation Model (DEM) Data: The DEM data used is the Shuttle Radar Topography Mission 1-second resolution
(SRTM1) Digital Elevation Model (DEM) provided by NASA. This data can be accessed via the USGS EarthExplorer portal
(https://earthexplorer.usgs.gov/). The SRTM1 data offers high spatial resolution and global coverage, providing essential baseline
information for the study area’s topographical characteristics.

Global Atmospheric Correction Service (GACOS) Data: The GACOS data, used for atmospheric correction of SAR
interferometry data to eliminate atmospheric effects on surface deformation monitoring, is available from the European Space
Agency’s website (https://earth.esa.int/web/guest/-/gacos-for-sentinel-1).

Precise Orbit Data: Precise orbit data can be obtained from the International Earth Rotation and Reference Systems Service
(IERS) website (https://www.iers.org/IERS/EN/DataProducts/EarthOrientationData/eop.html). This data provides accurate
satellite orbit information, crucial for precise geolocation and correction of SAR images, thereby enhancing the accuracy of surface
deformation monitoring.

Land Use Data: The land use/cover data set, provided by Professor Yang Jie’s team from Wuhan University, is accessible
through the research paper “30m annual land cover and its dynamics in China from 1990 to 2019 published in Earth System

Science Data.
3 Methodology

3.1 Time Series InSAR (TS-InSAR) Analysis

TS-InSAR is a surface deformation monitoring technique based on multi-temporal SAR images. By utilizing multiple
temporal SAR interferograms, it enables high-precision monitoring and analysis of surface deformation [7?°]. The principle relies
on the coherence of SAR technology and multi-temporal data overlay analysis. In this study, the SBAS-InSAR method is selected

for analysis.
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Figure 2. TS-InSAR Technical Process
Figure 2 illustrates the process of monitoring surface deformation using the SBAS-InSAR approach. The core principle
involves selecting SAR image pairs with short temporal and spatial baselines to perform differential interferometry and obtain

surface deformation information. The basic principle of SBAS-InSAR is as follows!!%3%:

Assume two SAR images acquired at times 7, and [, . For a pixel (X, y) in the images, the differential interferometric phase

§(D(X, y) can be expressed as:
54’(’0}’) = ‘D(tB,x;Y) - q)(tA'x!y) (1)

where 5D (x, y) andD(z , x, y) are the interferometric phases of the pixel at times 7, andf, , respectively.
A

Based on the basic principles of radar interferometry, the relationship between surface deformation d (x, y) and differential

interferometric phase S®(x, y) can be expressed as:

4
6D (x,y) = - d(x,y) -sin6 2)

where Ais the radar wavelength, and 0 is the radar beam’s incidence angle. This formula establishes the mathematical
relationship between surface deformation and differential interferometric phase.

The key to the SBAS-InSAR method is selecting SAR image pairs with short temporal and spatial baselines for differential
interferometry. By setting appropriate temporal and spatial baseline thresholds, eligible image pairs can be selected, and differential
interferograms generated. Subsequently, techniques such as multi-look processing and phase unwrapping are used to extract high-

coherence pixels and invert surface deformation information.

3.2 Land Use Change

The land use transition matrix reveals the mutual conversion of various land use types within a specific period. This matrix
is presented in a square format, with rows and columns representing different land use types. Each element in the matrix represents
the area or percentage of conversion from one land use type to another. The matrix not only shows the quantity of land use type
changes but also reveals trends and patterns in land use change by comparing transition matrices at different time

points?°. Expression:

[511 e Sy e S1n]
S=|Sa = Sij o Sm €))
Spi t Suj  Smn

where S is the transition matrix within the study period, Sj represents the area (km?) of land use/land cover type i converting
to type j within the study period, and # is the number of land use/land cover types.

Chord diagrams (also known as Sankey diagrams or energy flow diagrams) play an important role in land use change analysis.



Chord diagrams graphically display the energy flow or conversion relationships between different land use types. In chord
diagrams, different land use types are represented as nodes, and the lines between nodes represent the flow of energy or area, i.e.,
land use type conversion. The thickness and length of the lines indicate the rate or quantity of conversion. Chord diagrams visually
demonstrate the complex conversion relationships between land use types, aiding in understanding the dynamic processes of land

use change.

3.3 Multivariate Neural Network Prediction Model

The VMD-SSA-LSTM time prediction model combines the advantages of VMD, SSA, and LSTM techniques. It decomposes
the original data using VMD, optimizes the LSTM model using SSA, and finally uses LSTM for prediction?”3%], This combined
model exhibits high prediction accuracy and flexibility in handling complex time series data. The three components are introduced
below:

Variational Mode Decomposition (VMD): VMD is a signal processing technique used to decompose complex time series
signals into multiple intrinsic mode functions (IMFs)P!-32l, These modes reflect different frequency components and amplitude
variations within the signal. Compared to traditional decomposition methods like Empirical Mode Decomposition (EMD), VMD
better adapts to non-linear and non-stationary signals and has superior local feature extraction capabilities. Through VMD, the
original time series data is decomposed into multiple IMF components and residual components.

Sparrow Search Algorithm (SSA): SSA is an optimization algorithm typically used to search for the optimal parameters3].

In this model, SSA may be used to optimize the parameters of the LSTM or other prediction models to improve prediction accuracy.

Figure 3. Basic Structure of the LSTM Model

Figure 3 illustrates the basic structure of the LSTM model.Long Short-Term Memory (LSTM): LSTM is a specialized type
of Recurrent Neural Network (RNN) 34ldesigned to handle time series data. It introduces gating mechanisms (such as forget gates,
input gates, and output gates) to address the issues of gradient vanishing and gradient explosion in traditional RNNs[?7-33],

Input Gate: Controls the extent to which new information enters the cell state:

ir = oW - [heoq, x] + by) (5)
Where X, is the current input, /’ll_l is the hidden state from the previous time step, Wi is the weight matrix of the input

gate,bi is the bias vector of the input gate, and o is the sigmoid activation function, compressing output values to the [0, 1] range.
Forget Gate: Determines the extent to which old information is forgotten in the cell state:

fe = U(Wf [he—q,xe] + bf) (6)

Candidate Memory Cell: Generates new candidate memory values, processed by the tanh activation function, determining

which new information is added to the cell state:

Ce = tanh(W - [he_q, X¢] + bc) )
Cell State: The core of the LSTM, representing the storage of cell memory, updated as follows:
Co=fi Coox +ic- G (8)

where fl decides how much of the old memory C _; is retained, and it decides how much of the new memory Ct is

t

added.



For each IMF component and residual component, a separate LSTM model can be established for prediction.
4. Results Analysis

4.1 Validation of interferometric synthetic aperture radar ground settlement results

Figure 4. InSAR Cross-Validation and Mining Area Data Map

Figure 4 presents the distribution map of mining areas in Jincheng City, created using the 2021 version of the national mineral
distribution data downloaded from the National Geological Archives of China (left). To ensure the accuracy of the data, we
excluded non-operational and closed mines, retaining only the active mining areas. The right image displays the average
subsidence rate map for Jincheng City. By comparing the distribution map of mining areas in Jincheng City with the InSAR
subsidence rate map, a high degree of consistency between the two can be clearly observed.

First, there is a consistency in spatial distribution: the mineral distribution map shows the specific locations and extents of
the main mining clusters in Jincheng City, while the InSAR subsidence rate map reveals obvious signs of subsidence in these areas.
Second, there is a correlation between subsidence rates and mining activity intensity: areas with higher subsidence rates on the
InSAR subsidence rate map often correspond to areas with frequent mining activities or intensive mining operations on the mineral

distribution map.

Figure 5. Comparison of SBAS-InSAR and PS-InSAR Subsidence Rates in Gaoping City

Figure 5 compares the average subsidence rate maps of Gaoping City obtained using PS-InSAR and SBAS-InSAR methods.
The detected subsidence areas are highly consistent between the two methods, showing similar distribution characteristics of
higher subsidence rates. Notably, significant subsidence phenomena are detected in the northwest and southwest parts of Gaoping
City by both methods, indicating that the western region is the main subsidence area. The overall trend is consistent, suggesting
that these areas may experience strong mining activities or other geological events causing ground subsidence.

On the basis of consistent overall spatial distribution, the specific subsidence rate values also show good agreement. The
subsidence rate values obtained by PS-InSAR and SBAS-InSAR methods are similar in most areas, further proving the reliability

of both methods in monitoring ground subsidence.



4.2 Overall Deformation of Mining Area Clusters
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Figure 6. Spatial-temporal baselines configuration of the generated interferograms.
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Figure 7. the overall average deformation rate in Jincheng City.

Based on the principles of generating connection graphs, 326 interferogram pairs were generated, as shown in Figure 6, the
temporal and spatial baseline configuration of the generated interferograms, with the yellow point representing the reference image
(20190601). Subsequently, we used the synthetic aperture radar interferometry method to study the ground deformation of mining
clusters in Jincheng City. We extracted ground deformation data from January 1, 2018, to January 1, 2021, covering multiple small
mining clusters. As shown in Figure 7, detailed analysis reveals that the average deformation rate ranges from -34.08 mm/year to
31.48 mm/year. The green areas represent the most significant subsidence phenomena, with subsidence points mainly distributed
in the northwest of Gaoping City, the northwest corner of Zezhou County, and the northern part of Qinyuan County. These
concentrated subsidence points connect to form a large mining cluster in Jincheng City, showing a linear high-density distribution
along the borders of various counties. Compared to the mining cluster areas, most other regions exhibit relatively mild surface
deformation trends, particularly in the central Qinyuan County, central Gaoping City, and most parts of Zezhou County. It should

be noted that due to coherence loss, parts of the northern and southern edges of the study area in Jincheng City were not included

in further analysis.




4.3 Regional Mining Area Subsidence Deformation
4.3.1 Small Mining Area Clusters in Gaoping City

g A

Figure 8. the average deformation rate in Gaoping City.
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Figure 9: The two left images are cross-sectional analysis charts of average subsidence rates in two regions of Gaoping City.
The horizontal axis represents distance in degrees, and the vertical axis represents subsidence rate in mm/year(same below). The
upper left represents L2(Region 2), and the lower left represents L4(Region 4). The right side shows the subsidence time series
curves for randomly selected points in the Figure.

As shown in Figure 9,The 3D cross-sectional data of subsidence in Region 2 shows a funnel-shaped subsidence pattern,
consistent with the characteristics of mining subsidence, where the subsidence rate is linearly related to the distance from the
mining center. as shown in Figure 8, the subsidence map of Gaoping City, it can be observed that at the outermost distance, the
initial value is -13.11 mm/year, reaching a minimum of -24.51 mm/year at 0.01 degrees, then gradually recovering to -10.34
mm/year at 0.04 degrees. The subsidence rate decreases from -13.11 mm/year to -24.51 mm/year, indicating significant variation
within this interval, possibly due to the influence of underground structures and mining activities. Subsequently, the subsidence
rate gradually recovers, suggesting that the geological conditions in this area may become stable, reducing subsidence impacts.

For Region 4, the cross-sectional analysis shows that its subsidence rate varies significantly over time. The initial value is -
12.32 mm/year, reaching a minimum of -31.08 mm/year at 0.027 degrees, then gradually recovering to -4.09 mm/year at 0.047
degrees. The subsidence rate decreases from -12.32 mm/year to -31.08 mm/year, indicating significant variation within this interval,
possibly closely related to underground mining activities.

For the spatiotemporal subsidence values in Gaoping City from January 1, 2018, to January 1, 2021, three typical points were
selected for analysis. As shown in the Figure, the subsidence at the three mining points exhibits different trends: point a shows the
most significant subsidence, dropping from 0 mm to about -71 mm, with an accelerated subsidence after mid-2019; point b is
relatively stable, dropping from 0 mm to about -12 mm, showing a gradual subsidence trend; point c's subsidence lies between the
two, dropping from 0 mm to about -37 mm, with a significant increase in subsidence rate after mid-2019. Overall, point a has the

most severe subsidence, point b is the mildest, and point ¢ is intermediate.



4.3.2 Small Mining Area Clusters in Zezhou County
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Figure 10 the average deformation rate in Zezhou County.
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Figure 11: The upper left represents L1(Region 1), and the lower left represents L3(Region 3). The right side shows the
subsidence time series curves for randomly selected points.

As shown in Figure 10, both areas in Zezhou County are part of small mining clusters. As shown in Figure 11, The cross-
sectional analysis of Region 1 shows a funnel-shaped subsidence pattern, with higher subsidence rates towards the central part and
more stable conditions towards the edges, with almost no subsidence at the boundaries. Region 3, however, shows a nonlinear
subsidence trend, with subsidence rates varying with distance, peaking at -16 mm at 0.05 degrees. According to the subsidence
rate map of Zezhou County, this variation might be due to the mining clusters not existing as independent mining areas.

From January 1, 2018, to January 1, 2021, the subsidence data for the three monitoring points (a, b, ¢) in the small mining
area clusters of Zezhou County show a clear subsidence trend, with significant differences in subsidence magnitude and rate among
the points. Monitoring point b shows the most severe subsidence, dropping from 0 mm to about -84 mm, with a notable increase
in subsidence rate after mid-2019. Monitoring point a also shows significant subsidence, dropping from 0 mm to about -53 mm,
with an accelerated subsidence rate after 2020. Monitoring point ¢ shows the least subsidence, dropping from 0 mm to about -18
mm, but its subsidence rate also increases after 2020. Overall, monitoring point b shows the most severe subsidence, followed by
point a, and point ¢ shows relatively mild subsidence, indicating significant spatial differences in subsidence within the area.

Further monitoring and mitigation measures are needed for areas with severe subsidence.



4.3.3 Small Mining Area Clusters in Qinyuan County
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Figure 12 shows the average deformation rate in Qinyuan County.
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Figure 13: The upper left represents L1, and the lower left represents L2. The right side shows the subsidence time series
curves for randomly selected points.

In Figure 12, Qinyuan County, both regions 1 and 2 show a similar trend in subsidence, initially increasing and then decreasing,
both showing a funnel shape. However, As shown in Figure 13,the maximum subsidence rate for Region 1 is 30 mm/year, whereas
for Region 2 it is only 20 mm/year. Analyzing the subsidence rate map, the difference in subsidence rates might be due to different
mining times and geological structures.

The ground subsidence in the small mining area clusters of Qinyuan County is analyzed using monitoring data from three
points (a, b, ¢). The data show varying degrees of subsidence at each point, all showing a significant downward trend. Initially,
point a shows slight subsidence, gradually dropping from 0 mm to about -8.11 mm, accelerating to -28.11 mm in the mid-term,
and reaching a maximum of -37.6 mm in the later period. Point b's subsidence rate accelerates in the mid-term, dropping from -
6.11 mm to -39.11 mm, and finally to -64.21 mm. Point ¢ shows the most severe subsidence, dropping from -8.11 mm initially to
-39.11 mm in the mid-term, and finally to -75.31 mm. This significant subsidence indicates that underground mining activities
may have caused substantial changes in the geological structure, necessitating further monitoring and mitigation measures to

prevent geological disasters.



4.3.4 Small Mining Area Clusters in Yangcheng County
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Figure 14 shows the average deformation rate in Yangcheng County.
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Figure 15. The upper left represents L1, and the lower left represents L2. The right side shows the subsidence time series
curves for randomly selected points.

The cross-sectional analysis of the two regions in Yangcheng County shows similar subsidence trends in Figure 15. Region
1 initially shows subsidence of about 7 mm, increasing with distance, reaching a maximum of -25 mm/year at 0.04 degrees, and
then stabilizing. Region 2 shows a similar trend, with a maximum subsidence rate of -20 mm/year. These subsidence patterns
exhibit a funnel shape, common to mining areas.

As shown in Figure 14, For the three monitoring points in the small mining area clusters of Yangcheng County, all points
show a downward trend, indicating subsidence. Point ¢ shows the least subsidence, only 10 mm over three years. Point b shows
the fastest subsidence, with a linear trend reaching 65 mm by December 2020. The subsidence map indicates that point b is located
at the center of a mining area, experiencing severe subsidence. Point a shows moderate subsidence, initially stable but with a

significant drop from 30 mm to 40 mm in July 2020, after which it stabilizes.

4.4 LSTM Model Prediction

Merely relying on obtained subsidence information does not meet the demands of monitoring subsidence in mining areas.
We randomly selected time series subsidence values from mining area clusters in Jincheng City and used GRU, VMD-GRU, and
VMD-GRU-LSTM models to predict future time series data. Root Mean Square Error (RMSE), Mean Absolute Error (MAE), and
Mean Absolute Percentage Error (MAPE) were used to compare and evaluate different prediction models, and the optimal model

was chosen to meet the needs of subsidence prevention in subway construction.



4.4.1 Variational Mode Decomposition Results

Figure 16. VMD Layer-by-Layer Decomposition Process

VMD, as a powerful time-frequency analysis tool, reveals the multi-level intrinsic structure of the original signal through
layer-by-layer decomposition, as shown in Figurel6. The original time series signal is decomposed into ten Intrinsic Mode
Functions (IMFs), each representing different frequency components within the signal. Specifically, IMF1 has the lowest frequency,
revealing the slowest trend changes in the signal, while IMF10 has the highest frequency, capturing rapid changes and detailed
features. IMFs 1 to 2 show the low-frequency components of the signal, corresponding to the overall trend and slow changes.
IMFs 3 to 6 mainly reflect the medium-frequency components, revealing periodic fluctuations and smoother wave patterns. IMFs
7 to 10 present high-frequency components, capturing high-frequency details and noise in the signal. Through VMD
decomposition, we can more clearly understand and analyze the various frequency components in the original time series signal,
providing a basis for subsequent model predictions.

4.4.2 Time Series Prediction Model Comparison and Analysis

Comparison chart of prediction errors
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Figure 17. Comparison of Prediction Errors of Different Models on the Test Set

We tested the single LSTM model and the VMD-LSTM and VMD-SSA-LSTM models. Each curve represents a model, with
the horizontal axis indicating sample index and the vertical axis indicating the prediction error magnitude. The Figurel7 shows
that the single LSTM model's error curve fluctuates the most, indicating instability. The best prediction model is the VMD-SSA-
LSTM model, with a maximum prediction error of no more than 1 mm compared to the true values and relatively stable
performance. Although the VMD-LSTM model also performs well, its accuracy is lower than that of the VMD-SSA-LSTM model.

We quantified the errors for analysis: on the training set, the VMD-LSTM model has an RMSE of 0.56949, an MAE of
0.46604, and a MAPE of 17.103%. On the test set, its RMSE is 1.2665, MAE is 1.193, and MAPE is 10.9131%. In contrast, the
VMD-SSA-LSTM model shows lower RMSE (0.097174), MAE (0.07103), and MAPE (4.5414%) on the training set, and
maintains relatively low error metrics on the test set with an RMSE of 0.58664, an MAE of 0.5647, and a MAPE of 5.2252%.
These results indicate that the VMD-SSA-LSTM model achieves better performance on both the training and test sets, with lower

prediction errors and higher accuracy, making it more suitable for the prediction task.



4.4.3 Comparison and Analysis of Time Series Prediction Results

Comparison chart of forecast results
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Figure 18. Comparison of Prediction Results of Different Models

Figure 18 compares the subsidence data predictions of four models: Target (actual values), LSTM, VMD-LSTM, and VMD-
SSA-LSTM. The vertical axis represents subsidence (in mm) and the horizontal axis represents sample index. It is evident that the
VMD-SSA-LSTM model has the best predictive performance.

Specifically, the target value curve (black) represents the actual subsidence data, used to evaluate the accuracy of each
prediction model. The LSTM model's prediction curve (yellow) deviates significantly from the actual values between sample
indices 3 and 6, indicating noticeable prediction errors and inadequacies in handling complex subsidence data changes. The VMD-
LSTM model's prediction curve (green) shows significant improvement over the pure LSTM model, with overall reduced
prediction errors, but still exhibits larger deviations at sample indices 9 and 10, indicating local prediction inaccuracies.

Notably, the VMD-SSA-LSTM model's prediction curve (red) demonstrates higher accuracy at each sample point. By first
using VMD to decompose the signal, then applying SSA to remove noise, and finally using LSTM for prediction, this model
effectively captures the complex patterns and trends in subsidence data. Consequently, its prediction results are very close to the
actual values at most sample points, with minimal errors, indicating the best performance.

In summary, the VMD-SSA-LSTM model excels in predicting subsidence data, outperforming other models. This superior
performance is attributed to its comprehensive use of VMD for signal feature decomposition, SSA for data smoothing, and LSTM

for time series prediction, enabling more accurate reflection of real subsidence data changes.

5 Discussion

The formation of mining area clusters in Jincheng City can be attributed to a series of interacting driving factors, including
changes in land use patterns, large-scale mining activities, changes in groundwater reserves, and geological structures. The surface
and subsurface deformations caused by these factors have profound impacts on the economic construction and social development

of Jincheng City.

5.1 Land Use Changes
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Figure 19. Land Use Changes in Jincheng City

Changes in land use data reflect the redistribution of land resources and shifts in utilization methods within the region. These
changes mainly affect the geological stability and deformation processes of mining areas by altering the physical and chemical
environment of the surface and subsurfacel*>37], As shown in Figure 19, From 2018 to 2020, significant changes in land use types
occurred in Jincheng City, greatly influencing mining area deformations?3%. Farmland primarily transformed into impervious
surfaces and grassland, approximately 92.41 square kilometers, increasing surface runoff and reducing groundwater recharge,
potentially leading to surface subsidence. Forest area increased by 148.45 square kilometers from 2018 to 2020, which helps
stabilize the soil and reduce erosion and geological deformation, but requires comprehensive consideration of impacts on
groundwater and geological structure. Frequent transitions between grassland and farmland indicate instability in land use,
increasing the risk of geological deformation. Impervious surface area increased from 391.73 square kilometers in 2018 to 403.50
in 2020, an increase of 11.77 square kilometers, potentially triggering local geological disasters such as surface subsidence and
landslides!*?l. Therefore, rational planning of land use, controlling urbanization processes, protecting and restoring vegetation
cover, and scientifically managing groundwater resources are key measures to reduce geological disasters and ensure the

geological stability of mining areas and their surroundings!*'-421,

5.2 Geological Structure

The geological structure of Jincheng City is primarily composed of carbonate rocks and sedimentary rocks, including
limestone and dolomite. These rocks are prone to dissolution, forming developed karst fracture systems. Particularly during large-
scale mining development, mining activities exacerbate the expansion and deepening of geological fractures(*>#], Limestone and
dolomite tend to form wide and penetrating fractures under stress, further increasing the risk of geological deformation[®].
Geological deformation in mining areas can lead to surface subsidence, ground fissures, and other geological disasters, damaging
surface structures and affecting groundwater systems, thereby negatively impacting regional economic construction and social
development. The development of geological fractures can also result in groundwater loss and resource pollution, exacerbating
geological and environmental problems in mining areas and their surroundings“®.. The formation of mining area clusters in
Jincheng City is partly due to its unique geological structure. Reasonable planning of mining development and geological
exploration, as well as the protection and management of groundwater resources, are beneficial for preventing geological disasters

and ensuring mining area stability.

5.3 Large-Scale Mining Activities

Large-scale mining activities have multifaceted impacts on mining area deformation. Firstly, large-scale mining, especially
underground mining, creates significant voids within the rock mass. These man-made spaces disrupt the original rock stress field
balance in the mining strata, directly causing mining area deformation(*”#%], Secondly, although mining-induced tectonic stress has
localized distribution characteristics, its strong force significantly exacerbates mining area deformation. With increasing mining
depth and scale, factors such as groundwater level decline, groundwater drainage, and rock mass loosening also affect the
geological structure of mining areas, further impacting deformation™’l. Additionally, mining activities can trigger geological
disasters such as earthquakes and geological liquefaction, increasing deformation severity. Moreover, topographic and
geomorphological factors such as slope, aspect, terrain undulation, and surface incision depth may also become important factors
influencing deformation during mining developmentl®%. These factors interact with mining activities, collectively constituting the

complex mechanism of mining area deformation.



5.4 Changes in Groundwater Reserves
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Figure 20 Temporal Changes in Terrestrial Water Equivalent Thickness in Jincheng City

Generally, changes in groundwater reserves directly affect surface subsidence. As shown in Figure 20, We selected the
terrestrial water equivalent thickness changes in Jincheng City observed by GRACE and GRACE-FO satellites?®!*?] from January
2018 to January 2021. Overall, the trend indicates a decline in water equivalent thickness during this period, suggesting reduced
water storage in the area. The data shows clear seasonal fluctuations, with periodic increases and decreases approximately every
year, likely related to precipitation, evaporation, and snowmeltl®1-33, Significant peaks occurred in mid-2018 and early 2020, while
troughs appeared in mid-2019 and mid-2020. The overall fluctuation range is between -30 cm and -55 cm, with the maximum
negative value at the end of the period, indicating significant water storage reduction. This change could be influenced by climatic
variations, changes in land use, or other environmental factors. In comparison with the subsidence trend in the large-scale cluster
in Jincheng City, the correlation between the two trends is not significant, suggesting a minor impact of water storage on subsidence

in mining areas, which can be considered negligible.

6 Conclusion

This study combines time-series InNSAR (TS-InSAR) technology, analysis of land use change, and a multivariate neural
network prediction model to propose a comprehensive method for analyzing surface deformation and land use change in the large-
scale mining area of Jincheng City. The TS-InSAR method effectively monitors surface deformation with high precision, revealing
dynamic changes in deformation areas. The subsidence rate in Jincheng City ranged from -34 mm to 34 mm per year from January
2018 to January 2021. By dividing the large-scale mining cluster into four different regions for analysis, the results show slight
differences in subsidence among different areas. The maximum subsidence area is located in Gaoping City at -34.08 mm per year,
while the largest variation in subsidence occurs in Yangcheng County, ranging from -28 mm to -25 mm per year, with a maximum
difference of 51 mm per year between the highest and lowest subsidence values. However, each area shares common characteristics,
with maximum subsidence determined by small clusters of mining areas. These areas interact with each other and eventually
evolve into the large-scale cluster observed in Jincheng City. Finally, through a series of subsidence data in Jincheng City, the
optimal VMD-SSA-LSTM mining subsidence prediction model was obtained. This model not only demonstrates lower RMSE
(0.097174) and MAE (0.07103) on the training set but also maintains relatively lower RMSE of 0.58664 and MAE of 0.5647 on
the test set. Analysis indicates that the formation of large-scale mining area clusters is influenced by three typical factors: mining
activities, changes in land use, and geological structures. Future work requires gathering detailed on-site information to assist in

research on mining deformation and risk assessment of various deformation patterns based on deep learning methods.

Data availability
The data presented in the study are available on request from the first and corresponding author. The data are not publicly

available due to the thesis that is being prepared from these data.
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