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Mining activities may trigger hazards such as mountain subsidence. To predict the extent of mountain subsidence and analyze the evolutionary characteristics of mountain subsidence, the optical images and Small Baseline Subset InSAR (SBAS-InSAR) method were used, and the mountain subsidence was circled and interpreted. The cumulative subsidence in the area from 2024 to 2026 was predicted by combining the long short-term memory (LSTM) method, and the mountain surface subsidence slip was derived using MatDEM. The results of the study show that mountain surface subsidence begins with the formation of a primary subsidence zone, which slowly leads to the formation of primary and secondary subsidence zones. Under the influence of the penetrating channel, the primary and secondary subsidence areas merge to form a larger subsidence area. The subsidence area gradually disintegrates into several small areas during the sliding process, and the small areas underneath contribute to the main force of the subsidence movement, with a substantial slip displacement. Based on this study, it is concluded that the accuracy of the results obtained from the LSTM method is higher than that of the numerical simulation results, and the maximum cumulative subsidence is expected to reach 2,180 mm in 2026.
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1 INTRODUCTION
Underground mining will result in destruction of rock formation, and this will further lead to mountain surface subsidence and collapse (Gao et al., 2022). If the mining area is located on a mountain, this will lead to mountain surface subsidence (Wang et al., 2022). In 2006, unregulated mining had resulted in a landslide of approximately 1.9 × 106 m3 at the Madaling mine site in Guizhou Province, China (Zhao et al., 2016). In 2013, mining at the Australian coal mine Nattai North triggered a catastrophic slope collapse, destroying a natural water reservoir (Fathi Salmi et al., 2017). In 2023, a coal mine in the Inner Mongolia Autonomous region of China collapsed due to the activity in an underground mining area, resulting in a massive surface collapse and the loss of 53 lives (Zhang N et al., 2024).
The mechanism of mountain surface subsidence is complex and diverse, and the accuracy of subsidence prediction is difficult to assess (Du et al., 2019). There are currently two methods for studying mountain surface subsidence caused by underground mining. The first one is based on the results of Small Baseline Subset InSAR (SBAS-InSAR) and uses the long short-term memory (LSTM) method to predict mountain surface subsidence for scientific hazard prevention and control (Lin et al., 2022). Mirmazloumi et al. proposed an early alert (EA) detector toolbox that combines SBAS-InSAR data with the LSTM method and concluded that the LSTM method can provide effective early warning and monitoring of surface subsidence (Mirmazloumi et al., 2023). Li et al. constructed the LS model by integrating the InSAR results with the LSTM method through a weighting method, which can effectively predict the temporal development of mountain surface subsidence (Li et al., 2021). Chen et al. proposed a mountain subsidence prediction model by combining SBAS InSAR results with the LSTM neural network and concluded that the LSTM neural network can accurately predict the subsidence trend with a slight overall error (Chen B. et al., 2022). The second method is a combination of numerical simulation experiments and similar physical simulation experiments. Shi et al. demonstrated the reliability of the numerical simulation method in predicting mining-induced mountain surface subsidence based on multiple prediction methods (Shi et al., 2021). Cao et al., based on numerical simulation and in situ monitoring results, concluded that the mountain surface subsidence pattern of underground avalanche mining is a cyclic pattern of slow development, sudden damage, and slow development (Cao et al., 2016).
With global climate change and the impact of underground mining activities, the number of hazards such as mountain surface subsidence will increase. The prediction of mountain surface subsidence faces new challenges, and new research methods are urgently needed. Therefore, a research method combining SBAS-InSAR, LSTM, and numerical simulation was proposed. The research method is shown in Figure 1. First, based on the GF-2 optical remote sensing satellite images, the study area was circled and deciphered to get the sedimentation changes in the study area in all the years. On this basis, the cumulative subsidence of the study area was obtained using the SBAS-InSAR method, and the value was used to predict and analyze the subsidence of the area from 2024 to 2026 using the LSTM method. After that, the surface slip and local area particle movement trajectories were derived using MatDEM software and compared with the subsidence obtained using the LSTM method. Finally, based on the above findings, the mechanism of mountain subsidence is derived.
[image: Flowchart illustrating a process for predicting results. It starts with "GF-2 Imaging" leading to "SBAS-InSAR," then branches to "LSTM" and "MatDem," which converge into an output labeled "Predict results." A vertical arrow points from "SBAS-InSAR" to a label "Sedimentation mechanism," indicating an additional informational path.]FIGURE 1 | Summary of the research methodology.2 STUDY SITE
2.1 Regional overview
As shown in Figure 2a, the study area is located in Yingtan City, Jiangxi Province, China, and the terrain belongs to the middle–low mountainous terrain, with mountain ranges spreading from east to west, with an average elevation of 200 m above sea level. As shown in Figure 2b, more than 10 years ago, a large-scale collapse occurred in the Yinlu Ling mine section, forming the old collapse area, which is located in the high part of the hill, with a collapse area of approximately 64,000 m2, and mining has been stopped now. As shown in Figure 2c, after 2010, the center of gravity of mining has shifted to the south section area, and the increasingly formed mining airspace has led to the gradual occurrence of geological hazards such as subsidence and landslides on the surface of the ground. As shown in Figure 2d, from an aerial photograph of the site in June 2023, it can be found that a concave subsidence area was formed centered on the middle of the mountain, with an east–west width of approximately 260 m, a north–south length of approximately 350 m, and a subsidence area of approximately 57,000 m2. Several tension cracks and trap zones were formed at the top of the ground surface, and a small portion of the trees slid into the slump crater.
[image: Map and photographs showing subsidence and geological features. Panel (a) displays the location and altitude map with a color gradient. Panel (b) shows old and new subsidence areas within a forest. Panel (c) highlights a new subsidence area on a hillside. Panel (d) indicates a depression zone with tension cracks among trees.]FIGURE 2 | Information map of the study area. (a) Location of the study area. (b) Location of the new and old collapsed areas; data are obtained from Google Maps. (c) Front view of the new collapsed area. (d) Top view of the new collapsed area. (c,d) are obtained from Unmanned Aerial Vehicle.2.2 Geological composition
The highest elevation of the study area is 288 m, and the slope of the terrain is 25°–35°. The water content of the internal rock fissures is poor, and most of the precipitation is discharged as surface runoff, while a small portion seeps into the ground to form fissure water. The stratigraphy of the mine is poorly developed and fragmented, with uniform but loose and fragile soils susceptible to breakage and subsidence. The rock structures are, in order, Quaternary (Q4), Middle Permian Qixia Formation (P2q), Lower Carboniferous Zishan Formation (C1z), Upper Permian Leping Formation (P3l), Upper Cretaceous Maodian Formation (K2m), and Lower Nanhua Lower Shangshi Formation (Nh1s). Figure 3 shows the distribution of stratigraphic properties in the study area.
[image: Cross-sectional diagram showing geological strata along a distance of 400 meters with elevation ranging from 0 to 350 meters. Various layers are color-coded: Q4, P2q, C1z, P3l, K2m, Nhls, and Ore body. A legend identifies each layer. Key elevation points marked with positions: (117.1976710222, 27.9070006423) to (117.1996757345, 27.9078093228). Sections I, II, III are labeled within the diagram.]FIGURE 3 | Distribution of stratigraphic properties in the study area.2.3 Mining methods
The altitude of the mining area is between 150 m and 280 m; the ore body is located below the local erosion datum, and the main ore body is covered by the Quaternary System, which is a hidden ore body. The ore body has a strike extension of 50–250 m, a tendency extension of 50–320 m, and an average thickness of 3.19–12.17 m. The mining method is the bottomless pillar segmental chipping method, and the mining direction is the vertical height direction, first the upper middle section and then the lower middle section. The mining stratification height is 12–14 m, without top and bottom pillars. As shown in Figure 4, the area above +150 m was mined earlier years ago, and mining below +150 m did not start until 2015. From 2015 to 2022, the main focus is on mining the middle section from +150 m to +100 m, using a top–down mining sequence. The ore body is more evenly distributed, with medium quality, and the annual mining volume is roughly equal. After 2023, it enters the middle section from +100 m to +50 m, which is more difficult to mine, but the mining method is still the bottomless pillar segmental avalanche mining and does not involve the infill mining method.
[image: Three-dimensional diagram connected to an illustration. The diagram (a) displays colored layers in a grid, representing different depths from 0 to 400 meters on axes X and Y, and 0 to 300 meters on axis Z. The illustration (b) shows a layered model indicating early production, with measurements for subsequent production stages: plus 150 meters in 2015, plus 100 meters in 2021, and plus 80 meters in 2026. The dimensions are noted as 115 meters in height and 210 meters in width.]FIGURE 4 | Schematic diagram of ore body hosting and mining. (a) Ore body location. (b) Ore body mining plan.3 METHODS
3.1 GF-2 remote sensing imagery
High-resolution multi-temporal satellite imagery was used for visual interpretation of subsidence evolution and macroscopic identification of subsidence deformation (Travelletti et al., 2012; Xu et al., 2023). The GF-2 remote sensing satellite was applied to remote sensing monitoring of mines, geological disaster investigation, and monitoring. The satellite has an orbital altitude of 631 km, an orbital inclination of 97.9080°, several bands of 4, a resolution of usually 0.81 m, and a revisit time of 5 days.
3.2 Principles and processes of SBAS
The SBAS-InSAR technique, proposed by Berardino in 2002, is a monitoring method based on synthetic aperture radar interferometry (Li S. et al., 2022). The core of this technique is based on the phase difference analysis of multiple radar images for mountain surface subsidence monitoring and measurement. As shown in Figure 5, interferometric image pairs with spatiotemporal baselines less than a certain threshold are selected from the multi-scene SAR images of the study area to generate multi-view interferograms. Then, the interferometric pairs with good coherence are selected to remove the flat-earth phase using the track parameters, and the terrain phase is eliminated using high-precision DEM. Based on the high-precision sedimentation time series obtained using the least squares method (LSM) processing, the singular value decomposition (SVD) method is used to jointly solve multiple small baseline sets to obtain the sedimentation series for the whole period (Li Y. et al., 2022).
[image: Flowchart depicting a detailed process for remote sensing data analysis. Steps include connection graph generation, differential interference, track refining and re-leveling, SBAS inversion, and geocoding and data processing. Each step contains subprocesses like image registration, phase calculation, GCP point handling, displacement rate estimation, and phase shift calculation. Various techniques such as phase unwrapping, filtering, and calibration are used for data correction and enhancement. Outputs include time series deformation, average displacement rate, and 3D position information of target points.]FIGURE 5 | Flowchart of SBAS-InSAR technology processing.3.3 MatDEM subsidence principle
Matrix discrete element MatDEM software, which is used to construct models by stacking and cementing particles (Zhu et al., 2023), can effectively simulate rockfall and mountain surface subsidence caused by underground ore mining. Linear elastic modeling is the most important feature in MatDEM software, using normal and tangential springs instead of the mutual contact of soil particles, with normal springs providing tensile strength and tangential springs providing shear strength (Figure 6) (Cai et al., 2022). The formulas provided by Geng et al. (2023) can be used to calculate the tensile strength and shear strength. In Equation 1, Kn is the normal coefficient and Ks is the tangential coefficient.
FnMax=Kn−XbFsMax=Fs0−μFn,(1)
[image: A 3D model of packed spheres in various colors, representing particles. Labels indicate "Kn" and "Ks" on smaller spheres with springs. Red lines and arrows point to gaps labeled as "Particle void."]FIGURE 6 | Elastic contact of particles.where FnMax is the tensile strength, Xb is the fracture displacement, FsMax is the shear strength, FS0 is the initial shear force, Fn is the normal spring force, and μ is the friction factor.
To determine whether the particles have relative movement, it is concluded that if the contact particles are stretching, there is no movement. If it is under compression, it is simplified into a sliding model, and the mathematical relationship between shear resistance, tangential force, and friction factor is constructed in MatDEM, which can be calculated using Equation 2 (Song et al., 2022).
Fs=Fs0+KsΔXsFs0+KsΔXs<−μFn Particle slipFs=μFnFso+KsΔXs3−μFn Particle non−slip,(2)
where Fs is the tangential force of particles and ΔXs is the tangential relative displacement increment of particles.
3.4 LSTM principles
The LSTM neural network can learn the sequential dependencies between observations and is, therefore, suitable for time-series prediction (Qin et al., 2021). First, the SBAS results are arranged according to the time series, imported into the LSTM model, and several iterative operations are performed to derive the predicted values. The LSTM process and architecture are shown in Figure 7.
[image: Diagram of a Long Short-Term Memory (LSTM) cell with components including Forget Gate, Input Gate, and Output Gate. Inputs include SBAS sedimentation time series data. Functions such as Sigmoid and Tanh are utilized in processing. Outputs are labeled as \( h^{(t)} \) and \( C^{(t)} \).]FIGURE 7 | LSTM process and architecture.4 RESULTS
4.1 Mountain subsidence circling and interpretation
Based on the optical remote sensing satellite GF-2, satellite image data were obtained from the China center for Resources Satellite Data and Application (https://data.cresda.cn). We used ENVI version 5.6 software (http://www.exelisvis.com) for radiometric calibration, atmospheric correction, and orthorectification of the multispectral data. The panchromatic and multispectral data were processed for geometric alignment, image fusion, and mosaic cropping. A total of nine representative images from 2015 to 2023 were screened in this processing. The surface subsidence process of the mountain in the mining area is shown in Figure 8.
[image: Satellite images depicting land changes from 2015 to 2023 are shown. Each image highlights red, yellow, and blue areas representing main subsidence, minor subsidence, and tensile cracks, respectively.]FIGURE 8 | The mountain surface subsidence in the mining area at different times. (a–i) 2015–2023. (j) 3D live image. Satellite image data for GF-2 were obtained from China Center for Resources Satellite Data and Application (https://data.cresda.cn). The images were processed using ENVI version 5.6 software (http://www.exelisvis.com).As shown by the 2015 image, there were original areas of prismatic subsidence on the mountain, but the subsidence is not obvious. This indicates that the mining area formed by early mining has affected the stability of the mountain, naming it as the main subsidence area. In 2016, a slip area with a shape similar to an ellipse was generated above the main subsidence area. The scale of subsidence was smaller than that of the main subsidence area, which was named as the secondary subsidence area. In 2017 and 2018, there was a further increase in the extent and degree of subsidence in both the main and secondary subsidence areas. In 2019, tensile cracks appear at the top of slopes and ridges above the secondary subsidence area, and small stockpiled soil layers can be observed below the surface. In 2020–2022, a penetration channel is formed between the main and secondary subsidence areas. Loose rock from the secondary subsidence area slides through this channel into the primary subsidence area, and the degree of mountain surface subsidence increases further. The number of tension cracks increases in 2023, and the crack width also increases. The area of the penetration channel approximately doubles from 2021, and the extent and degree of regional subsidence further increase.
In June 2023, a field survey of the study area was carried out using Metashape 2.0 software to generate a 3D live image; see Figure 8j. There is subsidence at the surface, and two large tension cracks can be observed more clearly at the back edge of the landslide. The largest tensile crack has a length of 246 m, a maximum decrease of 6.7 m, and a maximum gap width of 2.2 m. The existence of primary subsidence areas and tension cracks in satellite images was verified. For the subsequent convenience of the study, the main and secondary subsidence areas are named as areas A and B, respectively, and the accumulation subsidence area is named as C area. The I–I' profile line is plotted.
4.2 SBAS-InSAR time-series analysis
The C-band Sentinel-1A radar satellite images launched by ESA were used for mine subsidence detection. A total of 100 views of ascending data covering the study area from 2015 to 2023 were selected, using the interferometric wide-swath mode with VV polarization, a spatial resolution of 5 m × 20 m, and a multi-looking factor of 2:6. The surrounding environment of the Baojia mine is complex, and several large-scale mining enterprises are present. To estimate the subsidence threshold of the Baojia mining area, SBAS-InSAR analyses were carried out where several mining areas are located, and the subsidence thresholds were derived as (−150 mm; +60 mm). Digital elevation model (DEM) data with a resolution of 0.03 m were plotted using the field data as alignment data to remove the effect of topographic relief. To exclude the effect of geometric distortion on landslide identification, DEM gradient maps, along with SAR intensity maps, were used to participate in the validation of the identified landslides (Liu X et al., 2018). The distribution of their temporal and spatial baselines is shown in Figure 9.
[image: Two plots depict data trends between January 2015 and January 2024. The top plot is a time-position graph showing relative position fluctuations in meters over time. The bottom plot is a time-baseline graph displaying normal baseline variations in meters. Both plots feature data points represented by green markers, with some highlighted in yellow.]FIGURE 9 | Time baseline (left) and space baseline (right).Figure 10 shows the cumulative subsidence change curves for areas A, B, and C from 2015 to 2023. Between 2015 and 2017, the change in subsidence in areas A and B was small and in the subsidence deformation latency period. The maximum cumulative subsidence in areas A and B was 192 mm and 439 mm, respectively, and the average cumulative subsidence was 99 mm and 245 mm, respectively. During this period, the subsidence deformation in B area was higher than that in A area, and the deformation in C area was basically stable without obvious fluctuation. From 2018 to 2020, the subsidence deformation changes in A and B areas increased and entered the developmental period of subsidence deformation. The uplift deformation occurred in C area and entered the developmental period of uplift deformation. The maximum amount of subsidence in A and B areas increased by 739 mm and 814 mm, respectively, and the average amount of subsidence in A and B areas increased by 599 mm and 661 mm, respectively. The maximum amount of uplift deformation in C area was 262 mm, and the average amount of uplift was 151 mm. After 2020, A and B areas entered a period of accelerated subsidence, and the cumulative amount of subsidence in A area was larger than that in B area. The rate of uplift in C area accelerated significantly and entered a period of accelerated uplift, and the maximum amount of subsidence in A and B areas was 1,680 mm and 1,392 mm, respectively, while the average amount of subsidence in A and B areas was 1,471 mm and 1,289 mm, respectively; the maximum amount of uplift in C area was 945 mm, and the average amount of uplift was 651 mm.
[image: Graph showing deformation settlement in millimeters over time from 2015 to 2023. Three stages are highlighted: deformation gestation, development, and acceleration. Data includes cumulative settlements and lifts for regions A, B, and C with specific measurements indicated for each period.]FIGURE 10 | Cumulative subsidence time series of areas A, B, and C.4.3 Numerical simulation analysis
To derive the amount of subsidence in A, B, and C areas and quantify the amount of geotechnical slip in the process of surface subsidence from the perspective of numerical simulation, a 1:1 numerical simulation model was constructed with a length of 400 m, a width of 300 m, and a height of 300 m. The number of particles was 1 million, the dispersion coefficient was 0.2, and the distribution of particle size was 1.2–1.8 m. The simulation model is shown in Figures 4a,b.
4.4 Rock mechanics parameters
A sufficient number of representative rock blocks were selected for indoor sample processing at +80 m mid-section, +100 m mid-section, +150 m mid-section, and drilling sampling at +200 m and +250 m. The rock mechanical parameters of the study area were obtained, as shown in Table 1. MatDEM can convert rock mechanical parameters into micromechanical parameters of stacked particles, which can lead to discrete meta-stacked materials with specific elastic modulus and strength properties (Yu et al., 2023) Using MatDem’s inbuilt macro–micro mechanical property conversion formula (Liu, 2021), the micro-rock mechanical parameters were obtained, as shown in Table 2.
TABLE 1 | Rock mechanical parameters.	Sampling location	Young’s modulus/Gpa	Poisson’s ratio	Tensile strength/Mpa	Compressive strength/Mpa	Cohesion/Mpa	Angle of internal friction/(°)
	+80 m	61.89	0.16	24.55	100.32	38.67	64.34
	+100 m	68.42	0.14	19.93	93.56	35.47	58.78
	+150 m	58.68	0.23	12.29	90.37	18.45	45.12
	+200 m	22.23	0.21	15.83	161.22	21.23	49.18
	+250 m	0.33	0.05	0.36	0.46	1.72	1.02


TABLE 2 | Microscopic rock mechanical parameters.	Sampling location	Forward stiffness (Kn/GN·m-1)	Tangential stiffness (Kp/GN·m-1)	Fracture displacement (Xb/m)	Initial shear resistance (Fs0/GN)	Friction coefficient (μ)
	+80 m	471.75	131.35	0.0013	2.45	0.0845
	+100 m	451.23	141.21	0.0012	3.51	0.0421
	+150 m	405.23	161.11	0.0011	3.21	0.0712
	+200 m	334.27	146.59	0.0012	3.11	0.0832
	+250 m	211.21	153.62	0.0011	1.21	0.0120


4.5 Cumulative slip changes in mountain surfaces
Figures 11a–i show that the amount of surface slip gradually increases with the advancement of mining. This may be because continuous mining disturbance and the effect of self-gravity on the rock and soil aggravate the change from a stable to an unstable state, and the surface settles significantly. Under the action of the penetration channel, the rock and soil in the upper area sink and slide downward to the bottom of the surface, which makes the rock and soil in the bottom area pile to be uplifted. In 2015–2017, the amount of rock and soil slip was small, with the maximum amount of slip being 23.5 m. From 2018 to 2023, the amount of surface slip increases significantly. The change process corresponds to the period of subsidence development and subsidence acceleration obtained from SBAS-InSAR analysis, and the maximum slip is 121.8 m. As shown in Figures 11j–l, the maximum cumulative slip at the surface will reach 140 m from 2024 to 2026, and the slipped particles gradually accumulate in the bottom area.
[image: Twelve 3D plots labeled a to l display displacement over a 400 by 400 meter grid. Each plot shows varying displacement intensities, with color gradients from blue to red indicating increasing displacement from zero to 140 meters. The progression from blue to red reflects changes over time or scenarios. A color bar on the side visualizes the displacement scale in meters.]FIGURE 11 | Variation in the mountain surface cumulative slip. (a–l) corresponding to 2015 to 2026.4.6 Localized regional particle trajectories
To investigate the process of change in the subsidence region, area A was analyzed, and its particles were calibrated and tracked. During the sliding process, the subsidence area does not move or slide as a whole, but the whole gradually disintegrates into several small areas. The small area underneath is the main force behind the subsidence activity, with large particle (geotechnical) slip displacements. As shown in Figures 12a–c, the overall slip in area A is small, but the slip in the lower area is large, with a maximum of 21 m, and a tendency of disintegration occurs. As in Figures 12d–f, the slip in the bottom area continues to increase, and area A disintegrates into the upper and lower areas, with a maximum slip of 109 m. As in Figures 12g–l, the slip in the lower area continues to increase and disintegrate into smaller areas.
[image: Simulation showing particle displacement over 12 stages, labeled a to l. Colors represent displacement magnitude, from blue (0 meters) to red (140 meters), with size and direction indicated.]FIGURE 12 | Trajectory of particle change in the A region. (a–l) corresponding to 2015 to 2026.According to the sliding characteristics of the particles, during the subsidence process, the change interval of area A can be divided into the tension cracking zone, central sliding deformation zone, and accumulation uplift zone. The tension-cracking zone is formed by stretching and fracture deformation, which provides a source of material for the subsidence activity. The central sliding deformation zone presents the whole sliding characteristics along the sliding surface and consists of primary and secondary deformation areas. It is an extremely unstable area in the subsidence activity of the mountain. The accumulation and uplift zone is a soil–rock mixture formed by the collapse of the upper rock mass, and the rock and soil in this area are accumulated.
5 DISCUSSION
5.1 A multi-source approach to predicting mountain subsidence
5.1.1 LSTM prediction of mountain subsidence
Based on the InSAR monitoring results, the SBAS-InSAR monitoring data from 2015 to 2023 in A, B, and C areas were selected for prediction. Through rigorous testing, the subsidence data from the initial 70 months were utilized as the training set, while the subsequent 30 months served as the test set. Ultimately, leveraging a dataset over 100 months, we successfully projected subsidence values for the following 30 months. The selection criterion for determining the historical sequence length was based on smooth error changes and low error values. After extensive training iterations, it was determined that an optimal historical sequence length (L) was 5 (L = 5). Additionally, we conducted a maximum of 600 training cycles with an initial learning rate of 0.005, which decreased to 0.001 after completing 125 training cycles using a learning rate decline factor of 0.2.
The training and prediction results of the LSTM model on the original temporal subsidence data are illustrated in Figure 13. As shown in Figures 13a–d, the training set data are collected from 2015 to 2020. It can be found that the LSTM training curves can highly fit the SBAS-InSAR curves in the areas with and without subsidence changes, and the maximum difference value is 11.3 mm. The validation set data are collected from 2021 to 2023, which continues to maintain a high correlation with the SBAS-InSAR curve, with a maximum difference value of 13.5 mm. The LSTM method yields low mean absolute error (MAE) and root mean square error (RMSE) of 18.3 mm and 21.7 mm, respectively, and the correlation reaches 0.99. This suggests that the model has good capability for capturing fluctuating changes in the time series, and the data have a good ability to reflect these changes. It is expected that the maximum cumulative sedimentation in 2026 will reach −2,180 mm, −1885 mm, and 1,040 mm in A, B, and C areas, respectively.
[image: Four graphs showing deformation settlement over time for different areas. Graph (a) shows VMD-LSTM and InSAR values for area A from 2015 to 2026, with marked training, validation, and prediction sets. Graph (b) presents similar data for area B. Graph (c) displays the data for area C with a positive trend. Graph (d) is a scatter plot showing the relationship between VMD-LSTM and SBAS-InSAR values with a strong correlation, \(R^2 = 0.99\), and an equation \(Y = X - 1.6\).]FIGURE 13 | LSTM prediction results. (a–c) correspond to areas A, B, and C. (d) Correlation analysis.5.1.2 Comparison of numerical simulation results with LSTM prediction
The LOS settling in the InSAR calculation is the combined displacement in the vertical and north–south directions. In the discrete element calculation, the subsidence displacement is the difference between the displacements of the first and second (in ∆T time) runs taken in the vertical direction. Therefore, after obtaining the subsidence displacement in MatDEM, the displacement in the LOS direction should be obtained to discuss the subsidence data derived from InSAR. The specific conversion process refers to the research results of Chen YHY et al. (2022).
As shown in Figure 14a, the numerical simulation calculates the average subsidence results of A, B, and C areas from 2015 to 2026. The simulation results show that the average subsidence of A, B, and C areas gradually increases from 2015 to 2023. The average subsidence of areas A, B, and C in 2023 was −1811 mm, −1725 mm, and 731 mm, respectively. From 2024 to 2026, the subsidence rate will increase and enter the accelerated subsidence period. The maximum cumulative subsidence will reach −2,564 mm, −2,307 mm, and 1,206 mm, respectively. Figure 14b shows the correlation analysis between the SBAS-InSAR results and the numerical simulation results from 2015 to 2023. The mean absolute error (MAE) and the root-mean-square error (RMSE) are 152 mm and 115 mm, respectively, with correlation coefficient R2 = 0.92, and they are highly correlated.
[image: Chart (a) shows cumulative average settlement and lift from 2015 to 2026 in regions A, B, and C. Region A has a downward trend, B shows slight decline, and C displays an upward trend. Chart (b) illustrates a scatter plot comparing SBAS-InSAR values and numerical simulation values, with an R-squared value of 0.92 indicating a strong correlation.]FIGURE 14 | (a) Cumulative subsidence in the ABC area. (b) Discrepancy between SBAS-InSAR and numerical simulation results.As shown in Table 3, the LSTM model predictions are better than the numerical simulation results. Taking the SBAS-InSAR data as the benchmark, the MAEs of the two models are 18.3 mm and 152 mm, respectively. The RMSEs of the two models are 21.7 mm and 115 mm, respectively. Although the accuracy of the numerical simulation results is not as good as that of the LSTM model results, the trend of the subsidence curves of the two models is the same. The simulation results of the two models are also of the reference value.
TABLE 3 | Prediction and accuracy assessment of cumulative subsidence in 2026.	Results	Subsidence amount of A area/mm	Subsidence amount of B area/mm	C Area lift/mm	MAE/mm	RMSE/mm
	LSTM result	−2,180	−1,885	1,040	18.3	21.7
	Numerical simulation result	−2,564	−2,307	1,206	152	115


5.2 Analysis of mountain subsidence mechanisms
There are various mechanisms of mountain subsidence, and different areas have different mining methods and topographic and geological environments (Bagheri-Gavkosh et al., 2021; Yuan et al., 2021). The Baojia mine belongs to the low-altitude, medium geological condition, shallow mining category, with an average altitude of 200 m and a minimum distance from the highest point of mining to the surface of only more than 80 m. The average annual rainfall is 1,282 mm, and the water content of the rock fissures inside the mine is poor. Most of the precipitation is drained away by surface drains and other facilities, and a small portion of it seeps into the ground to form fissure water. Therefore, the subsidence of the mountain exhibits an evolutionary process and mechanism influenced by underground mining and the self-gravity of the rock layers. In response to the period from 2015 to 2026, the formation mechanism of the Baojia mountain subsidence activity can be divided into three stages.
5.2.1 Stage 1: deformation latency
The Baojia Mine is a low-altitude, medium geological condition, shallow mining mine, with a minimum distance from the highest point of mining to the surface of just over 80 m. Mine subsidence activities in this environment are strongly influenced by underground mining. From Figures 8a–c, between 2015 and 2017, mining operations in Area A caused subsidence in parts of the mountain, forming primary and secondary subsidence areas. During subsequent mining operations, these areas gradually expanded and became high-risk areas. As a result of the actual local conditions, during this phase, the subsidence phenomenon was not significant. There was no activity such as the fall of trees or the movement of bushes, and the activity in the subsidence areas could not be easily detected without the use of tools.
5.2.2 Stage 2: stretch-cracking developmental stage present
From Figures 8d–g, between 2018 and 2021, areas of subsidence accelerate, tensile and dehiscence cracks increase, and the extent of primary and secondary deformation areas increases. During this timeframe, the Ⅱ orebody area has been mined. As the mining method at the Baojia Mine is the bottomless pillar segmental avalanche method, the increasing extent of the airspace area with continued mining may result in the bending and positional movement of the overlying rock strata and may also lead to the formation of two types of cracks in the strata above the airspace area under the effect of continued disturbances: (1) horizontal detachment cracks between the strata and (2) longitudinal cracks as a result of opening up of major joints perpendicular to the coal seam. Eventually, many cracks were created in the ground, which were distributed above the mining areas and spread outward from the primary and secondary subsidence areas. At this stage, the subsidence areas were evident, and the fall of trees and the movement of shrubs could be observed. This is related to the nature of the surface rock formations. The surface rock strata in the mine area are Q4 strata, which are mainly dominated by yellow gravel-bearing silty clay with yellow muddy breccia and sporadic distribution of lumps and stones. The rock structure is loose and easy to slide.
5.2.3 Stage 3: creep-slip period
From Figures 8h,i, the Ⅲ ore body area will be mined. As the mining workings continued to advance, existing and new fractures widened and deepened, which accelerated deformation and increased the risk of subsidence occurring. During this phase, many localized rock slides occurred due to the driving effect of the slide, creating areas of subsidence of greater extent. The specific performance is first to form a main subsidence area, and with the passage of time, under the action of fissure development and tensile cracks, a secondary subsidence area is formed, and the main and secondary subsidence areas are fused under the influence of the penetrating channel to form a larger main subsidence area.
6 CONCLUSION
The amount of mountain subsidence and the mechanism of mountain subsidence are predicted. Based on the multi-source method to study the mountain subsidence caused by underground mining in Baojia Mine, Jiangxi Province, China, the following conclusions are drawn.
	1. Mountain surface subsidence begins with the formation of a primary subsidence zone, which slowly leads to the formation of primary and secondary subsidence zones. Under the influence of the penetrating channel, the main and secondary subsidence areas merge to form a larger subsidence area. From 2015 to 2023, the maximum subsidence of the main and secondary subsidence areas reached 1,680 mm and 1,392 mm, respectively, and the maximum lift of the accumulation area was 651 mm. The largest tensile crack at the back edge of the landslide was 246 m in length, with a maximum decrease of 6.7 m and the maximum width of the gap of 2.2 m. The maximum length of the tension crack at the back edge of the landslide was 246 m, with a maximum decrease of 6.7 m, and the maximum width of the gap was 2.2 m.
	2. The amount of surface rock and soil sliding gradually increases with the advancement of mining and is expected to reach 140 m in 2026. The change interval of the main subsidence area can be classified into the tension cracking zone, the central sliding and deformation zone, and the accumulation and uplift zone. It is considered that the subsidence area is not overall translating or sliding during the sliding process, but the whole gradually disintegrates into several small areas. The small area which is underneath is the main force of the subsidence movement, and the geotechnical slip displacement is larger.
	3. Based on this study, it was concluded that the accuracy of the results obtained using the LSTM method is higher than that of the numerical simulation results, with MAEs of 18.3 mm and 152 mm, respectively, and RMSEs of 21.7 mm and 115 mm, respectively, and that the LSTM method predicts that the maximum deformations of areas A, B, and C will reach −2,180 mm, −1885 mm, and 1,040 mm, respectively, in 2026.
	4. The Baojia mine is a low-altitude, medium-geology, shallow mining mine, where surface stability is susceptible to the effects of mining. The subsidence mechanism of this mountain can be divided into three stages. (1) Deformation latency: The surface of the mountain body forms the contour of the main and secondary subsidence areas. The subsidence phenomenon is not obvious, and there is no tree collapse or scrub movement. Without using tools, the subsidence area is not easy to be found. (2) Stretching and cracking development period: Horizontal separation cracks and longitudinal cracks developed from the mining area resulted in tensile cracks and cracking cracks on the surface and spread outward from the main and secondary subsidence areas. The range of the main and secondary deformation areas increased; the subsidence phenomenon was obvious, and the collapse of trees and the movement of shrubs could be observed. (3) Creep-slip period: Under the influence of underground mining and the self-gravity of the rock layer, many localized rock slides occurred due to the pushing effect of the sliding body. This resulted in the formation of a wider area of subsidence and an area of accretionary uplift at the foot of the slope.
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