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ABSTRACT

Ground deformation in areas of natural resource extraction results from the interplay of 
multiple anthropogenic and hydrogeological factors. Identifying the main factors and 
their relationship to deformation is crucial for mitigating disasters when extreme events 
happen. Here, we show how multimodal artificial intelligence models can disentangle 
the effects of dynamic and static features related to deformation in the Rhineland 
coalfield in Germany. We systematically investigate the synergistic effects of multi- 
source data by integrating static environmental features, including mining areas, urban 
areas, fault lines, farmland, and geological distributions, with dynamic features, such as 
surface deformation time-series and annual groundwater-level observations, and orga
nising them into 12 nested multimodal subsets. Using mainstream deep learning 
modules, including Convolutional Neural Networks, Graph Convolutional Networks, 
and Transformer, we build six distinct network architectures and evaluate them 
under comparable settings through progressive feature fusion and feature ablation. 
The results show that multimodal fusion consistently improves predictive accuracy 
compared to a model driven only by deformation data, indicating that static spatial 
distribution information enhances surface deformation prediction when incorporated 
as contextual background. Within the controlled feature-space design, feature ablation 
provides stable channel-level comparisons, whereas SHAP remains a useful comple
mentary post hoc attribution method. At the regional scale, geology and groundwater 
emerge as the most important predictors of the overall deformation pattern, which is 
consistent with the interpretation that geological conditions shape the hydrogeological 
setting and the spatial expression of groundwater fluctuations. At the local scale, fault 
information becomes the most important predictor within spatially confined high- 
impact zones, because structural discontinuities concentrate deformation gradients 
and groundwater-related responses. This distinction between regional background 
control and local structural triggering provides a data-driven basis for assessing defor
mation susceptibility and mitigating hazards in mining areas.
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1. Introduction

Ground surface deformation hazard can lead to damage to buildings, transportation infrastructure, or other 
public facilities. In addition to deformation caused by natural processes, increasing concern about impacts 
of human activities has been raised by researchers, particularly those associated with natural resource 
extraction like mining, drilling for oil and gas and pumping groundwater (Fang et al. 2022; Hager et al. 2021; 
Herrera-García et al. 2021; Koks et al. 2019). Owing to its extended temporal scale and widespread spatial 
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impact, such deformation adversely affects ecosystems, human health, and socio-economic systems. These 
impacts not only increase financial burdens on governmental authorities but also pose significant threats to 
the daily safety of residents in nearby areas (Hudson-Edwards et al. 2024; Sonter et al. 2020). Moreover, 
previous studies indicate that human activities not only worsen follow-up disasters but also increase the 
total impact of extreme events (Hill et al. 2024). Such activities, especially natural resource extraction, 
destabilise the original strata, causing sediment displacement and hydrological disturbances (Gill and 
Malamud 2017; Hill et al. 2024). These disturbances can, in turn, lead to secondary disasters such as 
induced seismicity, land subsidence, and flooding (Atkinson, Eaton, and Igonin 2020; Moein et al. 2023). To 
mitigate or prevent these disasters, it is crucial to clarify the causal relationships between triggering factors 
and disasters, and accordingly, take steps to minimise their impact scientifically. In regions affected by 
resource extraction, this requires a comprehensive analysis of the drivers of surface deformation, a clear 
understanding of deformation patterns, and the development of reliable susceptibility assessment strate
gies to enhance public safety and reduce disaster-related losses.

Researchers have examined geohazards associated with natural resource extraction, including deforma
tion linked to groundwater withdrawal (Ao et al. 2024; Haghshenas Haghighi and Motagh 2024; Lees and 
Knight 2024) and surface deformation due to mineral resource extraction (Dong et al. 2025; Huning et al. 
2024). Specifically for open-pit mining areas, literature shows that multiple interacting drivers control 
ground deformation. These are often categorised into: (1) Geological and geotechnical factors, such as 
lithology, geological structures (e.g. faults, joints), and geomechanical properties (Witkowski et al. 2024; 
Zhang, Zhang, and Ma 2022); (2) Hydrogeological factors, particularly groundwater level changes and pore 
pressure alterations caused by large-scale mine dewatering (Moser et al. 2024; Scoular et al. 2022); and (3) 
Anthropogenic and spatial context, including mining geometry, land-use distribution (e.g. mining areas, 
urban zones), and related surface activities (Chen et al. 2015; Tao, Zhang, and Du 2024). This complex 
interaction of static (e.g. geology, land use) and dynamic (e.g. dewatering) factors requires integrative 
analysis. Consequently, researchers have proposed various approaches tailored to different cases and 
objectives, ranging from geomechanical modelling (Cai et al. 2023; Chen et al. 2022; Ma et al. 2023) to 
data-driven methods (Guo et al. 2024; Xiong, Kong, and Song 2024), investigating deformation processes 
across different sites and objectives. In recent years, the rapid advancement of artificial intelligence has 
highlighted the powerful inferential capabilities of deep learning. Concurrently, the increasing availability of 
satellite observations has further propelled data-driven methods in geoscience research, leading to many 
significant achievements, especially in studies of geological hazards (Dong et al. 2024; Yao et al. 2023; 
Bountos et al. 2021; Kim, Jung, and Lu 2025; Xing et al. 2024). These data-driven studies commonly rely on 
deep learning methods to extract spatial features from remote sensing data for deformation prediction.

Despite these advances, current data-driven modelling studies remain constrained, especially in multi
modal spatiotemporal regression. Many studies assess a narrow set of feature combinations or a single 
architecture setting, which makes it difficult to separate the marginal value of adding a modality from 
architecture-specific effects in regression (Bergen et al. 2019; Youssef et al. 2023). In the context of 
geohazard research, physics-based models often face limitations in spatial scale and parameter reliability, 
particularly in numerical simulation methods (Chen et al. 2022). While promising, data-driven approaches 
also exhibit key limitations. Studies often evaluate a limited range of architectures, and many models do not 
explicitly account for multimodal inputs and complex spatiotemporal dependencies in geohazard pro
cesses, which can reduce stability and generalisation (Peng et al. 2024; Radman, Akhoondzadeh, and 
Hosseiny 2021; Smith and Majumdar 2020). In addition, available observations often only partially represent 
multisource drivers and coupled spatiotemporal relationships. For instance, in regression tasks based on 
Interferometric Synthetic Aperture Radar (InSAR) time-series observations, most studies either directly use 
the raw displacement data as training inputs (Anantrasirichai et al. 2020; Yao et al. 2023), or select only a 
subset of high-coherence points to construct the target dataset (Long et al. 2023; Zhou et al. 2025). These 
practices can miss high-dimensional dependencies and nonlinear interactions that influence deformation 
patterns, which reduces model reliability. Although deep learning models possess strong inference 
capabilities in regression tasks, these issues in data-driven modelling also compromise their interpretability, 
particularly for deep architectures (Shen et al. 2023). When models are trained solely on InSAR observations, 
it becomes difficult to infer the underlying causal factors of surface deformation or hazard events. In current 
geohazard research, model interpretability is typically addressed through post-hoc interpretability methods 
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(Zhu et al. 2025), such as Shapley Additive exPlanations (SHAP) (Davydzenka, Tahmasebi, and Shokri 2024; 
Jiang et al. 2024), which compute the average marginal contribution of each feature across possible feature 
combinations and assign corresponding importance scores (Lundberg and Lee 2017). However, most SHAP 
applications in this domain focus on classification tasks (Bhosale et al. 2024; Ma et al. 2025). Even in those 
cases where multiple factors are included, the data used are typically unimodal, either dynamic time-series 
data or static environmental spatial features, thus limiting the method’s ability to handle complex multi
modal interactions. Relatively few studies in geohazard research have used multimodal datasets for data- 
driven modelling and interpreted the model, particularly for regression tasks, even though such approaches 
may mitigate the constraints of single-modality data present in many data-driven methods (Gerard, Zhao, 
and Sullivan 2023; Ren et al. 2025).

To address these gaps, we developed a controlled multimodal regression framework that integrates 
InSAR deformation time series with auxiliary hydrogeological and environmental factors to quantify the 
contribution of each factor. We selected the Rhenish coalfield in North Rhine-Westphalia, Germany, as the 
study area, which is the largest open-pit coal mining region in Europe. Since the mid-1950s, large-scale 
lignite extraction has substantially reshaped the regional landscape. Building on surface deformation time 
series, we constructed datasets that contain different combinations of modal factors and designed a series 
of deep learning architectures to train these datasets, thereby supporting interpretability analysis in a 
multimodal regression setting. Using these datasets and deep learning architectures, we evaluated the 
influence of different factors on surface deformation prediction at the model-cluster level.

To the best of our knowledge, existing research on surface deformation patterns under multimodal 
factor conditions has rarely analysed the influence of primary driving factors on disasters at the model- 
cluster level. Here, we quantify factor effects from the model-cluster level by coupling controlled feature 
space subsets with six deep learning architectures with input-layer adaptations to accommodate different 
channel combinations. We then perform multimodal regression ablation using the best-performing archi
tecture from comprehensive evaluations, thereby deciphering the global importance of factors. The 
contributions of this paper are as follows: (1) Progressive feature fusion under comparable inputs demon
strates multimodal gains, and feature ablation quantifies the marginal contribution of each modality to 
surface deformation prediction. (2) Compared feature ablation with SHAP in a multimodal spatiotemporal 
regression setting to clarify their distinct roles in global feature interpretation. (3) By converting the global 
weights derived from ablation into a spatial weighting scheme, we linked the modelling results to surface 
deformation susceptibility assessment.

2. Study area and data

2.1. Experiment area

The Rhenish coalfield lies in the southwestern part of North Rhine-Westphalia, Germany (Figure 1a). It is the 
largest lignite mining district in Europe, covering approximately 2,500 km2, and has long played a central 
role in regional energy production (Gerwin et al. 2023). The study area includes the three major open-pit 
mines in this coalfield, Hambach, Garzweiler, and Inden (Figure 1b). The Hambach mine lies between Jülich 
and Kerpen. Open-pit extraction began there in 1978, and it has since become one of the region’s highest- 
producing and deepest mines. Garzweiler mine has a longer mining history, and lignite extraction in its 
coalfield extends back for more than a century. Inden mine, which lies between the Düren and Aachen 
regions, forms the western part of the coalfield’s mining system and supplies coal to the nearby Weisweiler 
power plant. Together, these three mines represent the principal lignite extraction system in the Rhenish 
coalfield and capture the regional-scale interactions among mining activity, groundwater decline, and 
surface deformation. Investigating surface deformation jointly controlled by mining activity, groundwater 
decline, and other factors provides an important scientific basis for local deformation mitigation, monitor
ing, and susceptibility assessment.

InSAR observations, obtained from the European Ground Motion Service (EGMS), reveal significant 
surface deformation in the Rhineland coalfield (Ritushree, Baes, and Motagh 2026). The region severely 
affected by ground deformation includes three main open-pit coal mines - Hambach, Garzweiler, and Inden, 
as well as areas such as near Bergheim, which previously hosted the now-inactive Bergheim and Fortuna 
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Figure 1. Overview and Deformation of the study area. (a) Geographical location of the study area, and (b) Distribution 
of the three main active Open-pit mines in the area. (c) InSAR observations from EGMS show the average deformation 
velocity for 01/2016—12/2021 in this area. (d–i) Exemplary ground pictures of damages in the study areas. (d–g) 
Corresponds to damages in the region A, and (h-i) to the region B (Photo Credit: Maoqi Liu & Mahdi Motagh, June 2024).
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open-pit mines. Field investigations were conducted on buildings and infrastructure in areas A and B to 
verify the results of the subsequent deformation susceptibility assessment. The results showed that 
buildings and infrastructure in both areas sustained significant damage, coinciding with areas of substantial 
subsidence detected by InSAR. Figure 1(d–i) illustrates examples of structural damage observed in the 
deformation hotspots identified by InSAR. Specifically, (d-g) shows evidence of building damage in the 
surface deformation zone of a building located east of the Hambach mine (area A in Figure 1c), while (h) 
and (i) show photographs of damage observed near Bergheim (area B in Figure 1c).

2.2. Data

This dataset includes dynamic observations of surface deformation and groundwater levels, together with 
static layers that describe geological and anthropogenic factors. Although other processes, such as aquifer 
geometry, soil thickness, building loads, and tectonic activity, can locally modulate land subsidence under 
specific hydrogeological and human settings (Navarro-Hernández et al. 2023), data-driven geospatial 
modelling remains fundamentally constrained by the availability of high-quality, spatially consistent, and 
observationally supported features that can be integrated uniformly across the entire study area. We 
therefore restricted the analysis to a subset of factors that simultaneously satisfy three stringent criteria. 
First, they maintain a well-established first-order mechanical relationship with mining-related surface 
deformation. Second, they provide complete spatial coverage and sufficient data quality across the 
whole study area. Third, they can be accurately co-registered with the InSAR observations on the same 
spatiotemporal grid. This selection prioritises the primary controlling factors that are directly observable 
and suitable for robust regional-scale modelling. Table 1 provides a detailed summary of the dataset, 
including its data sources, resolution, and accuracy specifications.

2.2.1. Dynamic data
In this study, surface deformation refers to land-surface displacement, and we represent it using the vertical 
displacement component provided by the EGMS Level-3 Ortho product. We therefore use InSAR-derived 
vertical displacement observations as the observational representation of surface deformation in the study 
area, rather than treating raw SAR measurements as the deformation variable itself. Unlike single-geometry 
Line-of-Sight (LOS) measurements, which mix vertical and horizontal motion, the Ortho product estimates 
the vertical component by combining calibrated ascending and descending Sentinel-1 time series refer
enced to a geodetic GNSS model. We use this vertical component as the target variable because it directly 
represents the observed subsidence and uplift relevant to the present analysis. The EGMS validation report 
indicates a velocity precision of better than 1 mm/year for the vertical component (Costantini et al. 2021; 
Crosetto et al. 2026).

We collected groundwater-level time-series data from 292 monitoring stations in the study area, 
covering the period from 1968 to 2021. To align as closely as possible with the observation period for 
groundwater levels, we selected the InSAR observation window from 2016 to 2021 on EGMS. For the 
observation period, the coefficient of variation (CV) was computed at each station to quantify the spatial 
heterogeneity of groundwater fluctuation across the region (see Figure 2a). The results indicate moderate 
variability in groundwater levels in parts of the study area.

Table 1. Summary of dynamic and static datasets used in this study and hydrogeological processes.

Category Dataset Source Time Period
Time/Spatial 
Resolution Accuracy/Note

Dynamic Surface Displacement 
(Vertical Component)

EGMS Level-3 Ortho 01/ 
2016–12/2021

6 days/100 m Velocity precision < 1 mm/yr 
(Vertical).

Groundwater Levels Erftverband Company 
upon request

01/ 
1968–12/2021

30 days/292 
Monitoring Stations

Interpolated to 100 m grid.

Static Mining/Urban/Agriculture OpenStreetMap 2024 \ Approximately 5 m (Mean), 
(Marco et al. 2012)

Geological Formations GD NRW Static \ \
Fault Lines GD NRW Static \ \
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2.2.2. Static data
We included five static spatial factors that influence surface stability in the study area: mining areas, urban 
settlements, agricultural land, mapped faults, and geological formations. We extracted boundaries for 
mining, urban, and agricultural areas from OpenStreetMap due to its high update frequency, which ensures 
an accurate depiction of the current surface features in our study area (see Figure 2b, c, and f). We obtained 
geological and fault data from the Geological Survey of North Rhine - Westphalia (GD NRW), Germany 
(Geological Survey of North Rhine - Westphalia 2015) and rasterised it to 100 m for modelling (see Figure 2b
and e). All static layers were unified in the EGMS coordinate system and grid resolution to facilitate 
subsequent modelling work.

3. Methodology

3.1. Spatiotemporal dataset construction

We assembled a unified multimodal spatiotemporal data stack by integrating EGMS vertical-displacement 
time series with groundwater observations and static spatial layers representing environmental, anthropo
genic, and geological factors. For the InSAR-derived deformation data, we used the valid EGMS observation 
points at each acquisition date as the sampling locations of surface deformation. These observations 
provided the temporal records of the deformation field for subsequent modelling. Groundwater data 
collected from multiple monitoring stations provided time series that reflect subsurface hydrodynamic 
changes. Static spatial layers, including fault lines, urban areas, mining areas, agricultural land, and 
geological formations, were incorporated to evaluate the contribution of each auxiliary factor to surface 

Figure 2. Data overview. (a) Groundwater level variability, 2016 to 2021. Figure (a) shows the location of the ground
water level monitoring station (GMS) and the coefficient of variation (CV), which is used to quantify spatial heterogeneity 
in groundwater fluctuation across the region. A larger absolute value of CV corresponds to more intense fluctuations. (b) 
Mining area distribution, (c) Urban distribution, the blue part represents urban area. (d) Fault lines, (e) Geological 
formations, (f) Agricultural land distribution, the green part represents agricultural land.
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deformation prediction. Based on these data and the research objectives, we developed a spatiotemporal 
harmonisation preprocessing framework to ensure temporal and spatial alignment across all modalities, 
while preserving key information required for subsequent modelling, including the high-coherence point 
mask, channel indices, and feature-specific metadata for each input channel.

The workflow of data processing framework we used here is illustrated in Figure 3. To unify multi-source 
data onto a common spatiotemporal grid, the time window of the InSAR data (January 2016 to December 
2021) was used as the reference temporal framework. Then groundwater level time series were temporally 
interpolated using bidirectional linear interpolation (Arisoy et al. 2015): original observations were treated 
as anchor points and linear interpolation was performed both forward and backward between each pair of 
adjacent anchors. This approach ensured that endpoint values remained consistent with original measure
ments while achieving smooth transitions in between.

Subsequently, we interpolated the InSAR observations and groundwater measurements separately onto 
a common 100 m grid. We defined this grid to match the spatial resolution of the EGMS Level-3 Ortho 
product and to ensure spatial consistency during multimodal data fusion. For the InSAR channel, we 
applied the inverse distance weighting (IDW) method (Plésiat et al. 2024) to the valid EGMS observation 
points at each acquisition date to generate gridded vertical-displacement fields over the study area. For the 
groundwater channel, we applied the same method to measurements from the 292 monitoring wells. We 
then resampled the static spatial layers, including fault lines, geological units, mining areas, urban areas, 
and agricultural land, to the same grid. This procedure produced spatially aligned and temporally 
synchronised dynamic and static inputs for subsequent modelling.

Building on the dataset fusion framework, a controlled feature-space experimental design was imple
mented to construct a multimodal feature space combining the InSAR data (displacement channel - D) with 
six auxiliary features: groundwater level (W), mining area distribution (M), urban distribution (B), fault 
distribution (F), geological distribution (G), and agricultural land distribution (A). Twelve feature subset 
combinations were designed (12 datasets). The first seven (D, DW, DWM, DWMB, DWMBF, DWMBFG, 

Figure 3. Overview of the data processing workflow. The workflow begins by categorising the raw data into two types: 
sequence data (including InSAR and groundwater time series) and spatial features (which include static environmental and 
geological layers and one reference frame from the sequence data). We first perform temporal alignment (TA) on the 
sequence data. Using the InSAR time series as the temporal reference, bidirectional linear interpolation is applied to align 
groundwater observations with the InSAR timeline. Next, we construct the spatial feature layers, which integrate both 
spatial and sequence-derived inputs. We then apply spatial alignment (SA) using inverse distance weighting (IDW), with 
the InSAR spatial resolution serving as the reference.
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DWMBFGA) were used in progressive feature fusion experiments to evaluate how multimodal data 
synergistically enhance deformation modelling. The remaining five subsets (DMBFGA, DWBFGA, 
DWMFGA, DWMBGA, DWMBFA), along with DWMBFG from the fusion experiments, were used in feature 
ablation experiments to quantify the model’s sensitivity to each of the auxiliary factors. This nested design 
isolates incremental modality value under strict subset comparability, which supports a direct comparison 
between fusion gains and ablation-based attributions. The two subsequent sections provide detailed 
descriptions of model architecture and the progressive feature fusion and feature ablation experiments 
used in this study.

3.2. Model architecture

Surface deformation is typically controlled by complex nonlinear relationships and pronounced spatio
temporal dependencies involving human activities, hydrogeological conditions, and the environmental and 
geological background. Previous studies show that spatial dependence and spatial heterogeneity are 
fundamental properties of geospatial phenomena, and that spatial context itself carries essential informa
tion, especially in the modelling of environmental and Earth observation data, where it cannot be ignored 
or excessively compressed (Goodchild and Li 2021; Koldasbayeva et al. 2024). When traditional machine 
learning methods are used for spatial field prediction, researchers usually transform the original spatial 
fields into statistical measures through feature engineering before applying regression or classification 
models. Although this strategy provides compact inputs, it often weakens within-patch spatial configura
tion, neighbourhood relationships, and multiscale spatial context, thereby limiting the model's ability to 
represent complex spatiotemporal structure (Reichstein, Camps-Valls, and Stevens 2019; Shen 2018). By 
contrast, deep learning allows spatial context on regular grids to enter the model directly as input features 
and can automatically learn hierarchical spatial patterns and temporal dependencies from spatiotemporal 
observations. It is therefore better suited to mining multimodal information under complex spatiotemporal 
structure, particularly for image-like or field-like data in remote sensing monitoring scenarios (Li et al. 2020; 
Reichstein, Camps-Valls, and Stevens 2019; Yu and Ma 2021). To characterise the spatiotemporal interac
tions among variables in the multimodal dataset and quantify the influence of different spatiotemporal 
factors on surface deformation prediction, we used deep learning to model the relationships between 
dynamic spatiotemporal features, such as surface deformation and groundwater level, and static spatial 
distributions.

Given that multimodal datasets contain both temporal sequences of deformation and spatially distrib
uted features, deep learning-based regression tasks allow for modular architecture design, where spatial 
feature extractors and temporal dependency models can be integrated to jointly capture spatiotemporal 
patterns. In this study, surface deformation prediction was formulated as a regression task, with deep 
learning models trained to learn the mapping between multimodal inputs and future deformation values. 
In implementation, the multi-channel data at each time step were treated as a “multi-channel image”. To 
effectively model these data, we employed foundational convolutional architectures (e.g. CNN (Alzubaidi 
et al. 2021) and ResNet (He et al. 2016), graph convolutional networks (GCN) (Li et al. 2019; Zhang, Cui, and 
Zhu 2020), and temporal modelling modules including LSTM (Greff et al. 2016) and Transformer (Vaswani 
et al. 2017). Building upon these components, we built six deep learning architectures of increasing 
complexity: CNN+LSTM, CNN+Transformer, GCN+LSTM, GCN+Transformer, ResNet+LSTM, and ResNet 
+Transformer. These architectures are trained on the datasets, with CNN, ResNet, and GCN components 
designed to extract the spatial features at each time point, while LSTM and Transformer modules capture 
temporal dependencies. All models were optimised to support variable numbers of input channels at the 
input layer.

The above architectures were first individually trained on the initial seven datasets described in 
Section 3.1 to validate the synergistic enhancement effect of multimodal data and to identify the best- 
performing architecture. Subsequently, the best-performing architecture was trained on the remaining five 
datasets to evaluate feature importance under the feature ablation framework. To ensure that the time- 
series data division and normalisation adhered to existing studies (Ismail Fawaz et al. 2019; Lim and Zohren 
2021) and avoided data leakage during training, the datasets were divided strictly in chronological order. 
The training set accounted for 80% of the data (from 5 January 2016 to 4 October 2020), with the validation 
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and test sets each comprising 10%. Normalisation parameters (channel-wise mean and standard deviation) 
were calculated solely from the training set and applied to the whole dataset. The validation set was used 
for tuning hyperparameters of the model during training, while the test set was an independent set for 
evaluating the trained model.

Moreover, several less complex models were analysed, encompassing Ridge Regression, Random Forest 
Regression, and Gradient Boosting Regression (see S1 in the supplementary material) to provide a 
comprehensive overview of the experimental findings. However, as our main objective was to preserve 
intra-patch spatial information for multimodal prediction and the subsequent ablation analysis, we focused 
the main experiments on deep learning architectures.

3.3. Progressive feature fusion and feature ablation strategies

To quantify the contribution of environmental and geological factors embedded in multimodal data to 
surface deformation prediction, this study proposed a dual-track experimental framework that combines 
progressive feature fusion with feature ablation. We also used statistical significance testing to improve the 
robustness and interpretability of the feature-importance analysis. Progressive fusion tests whether addi
tional modalities yield consistent performance gains, and feature ablation measures the performance drop 
after removing one auxiliary factor from a comparable input setting. For each frame of the multimodal 
dataset, static spatial features (including environmental and geological factors) are concatenated with 
dynamic deformation signals along the channel dimension and jointly fed into the feature extraction 
network. Figure 4a illustrates this process using the ResNet+Transformer architecture as an example, and 
the same principle can also be applied to CNN- or GCN-based designs. During convolution, local spatial 
patterns are extracted while simultaneously perceiving both the static background and dynamic variations 
at the same location, thereby learning fused representations of static and dynamic information. The 
Transformer then processes these representations for temporal modelling. Based on this, all architectures 
were used to conduct feature fusion and feature ablation experiments (see Figure 4b, c).

The progressive feature fusion strategy is designed to incrementally incorporate auxiliary factors on top 
of the InSAR channel, which serves as the main factor. As shown in Figure 4b, all 6 architectures described in 
Section 3.2 were trained and evaluated on datasets ranging from one to seven channels using a progressive 
feature fusion strategy to investigate the relationship between model performance and the number of 
input features. To evaluate model performance, five evaluation metrics were chosen: Root Mean Squared 
Error (RMSE), Relative Root Mean Squared Error (RRMSE), Huber Robust Loss Function (Huber_Loss), Median 
Absolute Error (Median_AE), and the Coefficient of Determination (R2). If the model performance exhibited a 
statistically significant positive correlation with an increasing number of channels, it could support that the 
progressive fusion strategy effectively captures the synergistic enhancement effects of multi-source data. 
Additionally, this outcome indirectly highlights the contribution of static spatial information to surface 
deformation prediction.

Although SHAP provides an intuitive and mathematically grounded framework for post hoc feature 
attribution, its global summaries can be highly sensitive to the aggregation rule when applied to multi
modal spatiotemporal regression. In our setting, static spatial layers were repeated across all time steps, so 
temporal aggregation may dilute their contributions and shift the global ranking toward dynamic variables. 
In addition, static factors may interact with dynamic variables such as groundwater during prediction. When 
SHAP values are aggregated across space and time, the attributions assigned to these related channels may 
depend on feature interactions and aggregation choices, which can reduce the stability of global rankings 
(Bilodeau et al. 2024; Krell et al. 2023). Feature ablation provides a complementary, performance-based 
comparison. It estimates the change in predictive performance after removing one auxiliary factor while 
keeping the other training settings unchanged, which allows this method to summarise model dependence 
at the global channel level under the current design. We therefore used SHAP as a complementary 
attribution analysis and treated feature ablation as the primary tool for global channel-level comparison 
under controlled feature subsets. The feature ablation strategy uses the best-performing model, selected 
from 42 candidates trained across seven datasets and six architectures, as the reference model. We denote 
its performance as Ec, where c denotes the channel configuration. We then compare this reference 
performance with that of comparable models retrained with fewer data channels. This is done in a 
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sequential removal manner, where one specific (i-th) dataset is removed at one time (its model perform
ance denoted as Pi) (Figure 4c). We define the marginal performance drop caused by removing feature i as:

E P= | |i c i (1) 

Figure 4. (a) ResNet+Transformer architecture static feature processing, (b) Progressive feature fusion, (c) feature ablation 
strategies. The pink rectangle in (a) represents the convolution in the residual block, and the blue rectangle represents the 
features obtained by the residual block. The change in their length indicates the gradual increase in the dimension of the 
extracted features. The figure in the dashed box shows that the convolution simultaneously encodes dynamic deformation 
information and spatial features. The final features are linearly projected and then fed into the Transformer layer for time series 
modelling. In (b) and (c) E1–E7 and P1–P6 represent the experimental evaluation metrics for the progressive feature fusion and 
the feature ablation, respectively. C1–C7 represent the dataset channel numbers. The abbreviations D, W, M, B, F, G, and A refer 
to input features: D = deformation (InSAR data), W = groundwater, M = mining areas, B = buildings (urban areas), F = fault lines, 
G = geology, and A = agricultural areas. In progressive feature fusion, features are added incrementally to assess their 
cumulative impact on model performance. In the feature ablation experiment, one auxiliary feature channel was removed 
from the 7-channel input in each experiment, while the remaining channels remained unchanged. The model was then 
retrained under the same training settings to evaluate the marginal contribution of the feature to the prediction performance. 
The displacement channel D was always retained, and the 1-channel model was used as the baseline.
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where a larger i value indicates greater importance of feature i to the model’s prediction. To obtain a 
stable global ranking under multiple metrics, we repeated each ablation experiment R times and extended 
Equation (1) to Kevaluation metrics. Let Sj

r( ) denote the j-th metric for the full model at repeat r, and let Si j
r
,
( )

denote the same metric after removing feature i. We first compute the mean performance drop for each 
feature and each metric:
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We then normalise the metric specific drops across features:

W =i j
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,

,
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(3) 

Finally, we aggregate the normalised weights across metrics to obtain a single global importance score:

w
K

W=
1

i j
K

i j=1 , (4) 

To avoid the interference of multicollinearity, a variance inflation factor (VIF) test is conducted to ensure 
that there is no multicollinearity among all experimental factors. This reduces the risk that the ablation- 
based importance scores are dominated by strong linear collinearity among inputs and improves the 
stability of the comparative interpretation. This study unifies multimodal fusion and interpretability within 
an experimental framework centred on a controlled feature space. We constructed twelve nested feature 
subsets and compared their training performance across six architectural classes. Progressive fusion 
validated synergistic gains, while ablation experiments quantified the marginal contributions of individual 
factors. Statistical tests and collinearity control ensured the reliability of attribution. Figure 5 provides an 
overview of this process.

4. Experiments and results

4.1. Results of progressive feature fusion

We trained models using the six different deep learning architectures (i.e. CNN+LSTM, CNN+Transformer, 
GCN+LSTM, GCN+Transformer, ResNet+LSTM, and ResNet+Transformer) on the 7 datasets described in 
Section 3.1. All the datasets were divided into a training set (80%), a validation set (10%), and a test set 
(10%). Table S2 (See the supplementary materials) provides detailed parameter configurations for model 
training.

To ensure the reliability and comparability of the results, each model architecture is assigned a fixed set 
of hyperparameters for the progressive feature fusion experiments. To each architecture, the same 
configuration is applied consistently across all seven datasets with incrementally added features. Each 
training scenario is retrained 10 times under identical training conditions (e.g. weight initialisation, 
optimiser settings), to mitigate the influence of randomness and enhance statistical robustness. Figure 6
shows the performance of CNN+LSTM, ResNet+Transformer, and GCN+Transformer trained on different 
datasets (the remaining experimental results are shown in Figure S1 in the supplementary materials). The 
performance of all architectures improves with the increase in the number of datasets, indicating that 
combining environmental and geological factors with time-varying data can improve the accuracy of 
regional surface deformation time-series prediction. While some minor fluctuations occur between certain 
datasets, the overall trend shows a decrease in RMSE. Among the architectures, CNN+LSTM and GCN 
+Transformer exhibited the most consistent performance, with narrow 95% confidence intervals (see 
Figure 6). While GCN+LSTM also had tight confidence intervals, ranging from 4C to 6C, its model perform
ance declined. Thus, we opted for CNN+LSTM and GCN+Transformer in the subsequent analysis.

We used paired t-tests and Spearman rank correlation coefficients to assess the relationship between 
model performance and the number of input channels. The paired t-tests examined local differences 
between adjacent channel configurations, whereas the Spearman analysis evaluated the overall monotonic 
trend as the number of channels increased. Supplementary Tables S3 and S4 report the paired t-test 
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statistics, corresponding p-values, and paired effect sizes for comparisons between adjacent channel 
configurations, as well as the Spearman rank correlation results for the overall trend. For CNN+LSTM and 
GCN+Transformer, the paired t-tests showed statistically significant differences between most adjacent 
channel groups, except for the transition from four to five channels in GCN+Transformer. Figure 7 presents 

Figure 5. Methodology flowchart. Data is first collected and preprocessed, as illustrated in the left section of the 
diagram, with each step depicted schematically. This preprocessing yields a designed multimodal dataset. Subsequently, 
experiments are conducted using the constructed framework, as depicted in the right-hand section. This includes feature 
fusion experiments, ablation studies, feature importance assessments, and ultimately integrates geological information 
analysis to evaluate rationality. Feature importance will be utilised for deformation susceptibility assessment. Schematic 
diagrams are provided for each step to facilitate comprehension.
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the paired t-test results based on R2. Overall, these results support an increase in model performance with 
the number of modalities, although the marginal gains vary across architectures and channel transitions.

Beyond statistical significance, the paired effect sizes reported in Table S3 help quantify the magnitude 
of performance changes between adjacent channel configurations, whereas the absolute differences on the 
original metric scale indicate their practical relevance. For CNN+LSTM and GCN+Transformer, most adjacent 
transitions were associated with clear performance gains, although the magnitude of these gains varied 
across stages. On the original metric scale, the cumulative improvement from 1C to 7C was substantial, 
particularly for GCN+Transformer. For CNN+LSTM, RMSE decreased by 7.46%, and GCN+Transformer RMSE 
decreased by 15.25%. These results indicate that the gains from multimodal fusion were not only 
statistically significant but also supported by effect size estimates and practically meaningful improvements 
on the original evaluation scale. By contrast, the transition from 4C (DWMB) to 5C (DWMBF), which 
introduced the fault channel, reduced RMSE by only about 0.18% for GCN+Transformer, and the other 
evaluation metrics showed a more mixed pattern. Under the current configuration, CNN+LSTM still showed 
a significant improvement over the same transition, whereas the fault channel provided only limited 
incremental benefit for GCN+Transformer at this stage. This pattern suggests that the additional informa
tion carried by the fault channel can have practical value for improving predictive accuracy, but that value 
depends on the architecture.

The Spearman correlation analysis further reveals the overall trend: although some models do not exhibit 
statistically significant performance improvements between adjacent channel configurations in t-test, the global 
Spearman test results across evaluation metrics consistently show that model performance improves as the 
amount of input information increases (p < 0.001, Table S3). Compared to CNN+LSTM, where all metrics yield 
Spearman coefficients in the range of 0.884 < |ρ| < 0.988 (p < 0.001), the GCN+Transformer architecture demon
strates smaller fluctuations across all evaluation metrics (0.941 < |ρ| < 0.977, p < 0.001), indicating greater 

Figure 6. Model performance evaluation for progressive feature fusion experiment. The rows and columns represent 
model performance for different architectures and evaluation metrics, respectively. 1C, 2C, ..., and 7C refer to datasets with 
increasing numbers of input channels, corresponding to the following combinations: D, DW, DWM, DWMB, DWMBF, 
DWMBFG, DWMBFGA. In each subplot, the mean (solid line), trend (dashed line) and Confidence interval (CI—shading 
area) are derived from 10 repeated training runs of each experiment.
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robustness in performance. In addition, GCN+Transformer achieves a fourfold improvement in training efficiency 
compared to CNN+LSTM.

The aggregate statistical results confirm the effectiveness of the progressive feature fusion strategy in 
surface deformation prediction (Bodnar et al. 2025). As the number of input channels increases from 1 to 7, 
the model’s error metrics decrease significantly, and the coefficient of determination (R2) increases 
markedly. Although minor performance fluctuations emerge between certain adjacent channel configura
tions in architectures such as CNN+Transformer, ResNet+LSTM, ResNet+Transformer, and GCN+LSTM, the 
overall results strongly support the synergistic benefits of multimodal data fusion. Finally, given the large- 
scale nature of the dataset and the planned implementation of extensive hyperparameter tuning and 
feature ablation experiments, computational efficiency emerges as a critical practical consideration. Taking 
into account model performance, sensitivity to additional information, potential for further optimisation, 
and computational scalability, the GCN+Transformer architecture is selected as the optimal model for this 
study.

4.2. Global feature importance results based on feature ablation study

This study proposed the use of a feature ablation strategy to quantify feature importance by comparing the 
performance of the best-performing model, based on GCN+Transformer architecture, with all 7 channels to 
that of models where individual features were removed. This approach preserves the underlying coupling 
among features, enabling a more accurate assessment of each feature’s independent contribution. To 
ensure the validity of the ablation experiment results, we further evaluated the degree of multicollinearity 
among features, thereby minimising potential bias arising from feature redundancy or linear dependence. 
Specifically, the Variance Inflation Factor (VIF) was calculated for each feature to identify possible high- 
collinearity issues. A VIF value below 4 is generally considered indicative of no multicollinearity (Marta et al. 
2023; Seidler et al. 2025).

Figure 7. Validation of progressive feature fusion results. (a) t-statistic, (b) p-value. The x-axis in (a) and (b) refers to different 
architectures - CL, CT, RL, RT, GL, and GT stand for CNN+LSTM, CNN+Transformer, ResNet+LSTM, ResNet+Transformer, GCN 
+LSTM, and GCN+Transformer, respectively. Y axis represents various adjacent channel combinations. 1C, 2C, ..., and 7C have 
the same meaning as the explanation in Figure 6. For the t-statistic value related to R2, t < 0 indicates that the high channel’s 
model performance is better than the low channel’s model; conversely, if t > 0, the reverse is true.
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In Figure 8a, the diagonal of the lower triangle displays the VIF values for each feature, while the off-diagonal 
entries represent pairwise correlation coefficients. All VIF values are well below the threshold (all < 2), indicating 
an absence of serious multicollinearity. Additionally, the correlation coefficients among features do not reveal 
strong linear dependencies. Together, these results confirm that the features maintain a high degree of relative 
independence within the model. The low multicollinearity ensures that feature importance can be reliably 
assessed under the ablation strategy, thereby enhancing the statistical credibility of the evaluation.

To evaluate global feature importance, we applied a feature ablation strategy using the GCN+Transformer 
architecture, which was identified as the best-performing architecture in Section 4.1. Specifically, for the 
complete 7-channel dataset, we systematically remove one auxiliary feature at a time, retrain the model, and 
evaluate its performance. To ensure robustness, we repeated each experiment ten times. We compute the 
global importance weights using the metric-specific performance drop, normalisation, and multi-metric aggre
gation defined in Section 3.3, (1) to (4). As shown in Figure 8b, the weights of the auxiliary features are: 
groundwater (W) 13.3%, mining area distribution (M) 10.4%, urban distribution (B) 14.4%, fault distribution (F) 
11.3%, geological distribution (G) 30.4%, and agricultural land distribution (A) 20.2%. Among these, geological 
distribution (G) causes the largest decrease in model performance when ablated, indicating that it is the most 
influential auxiliary feature in this predictive setting.

A particularly noteworthy and perhaps counterintuitive finding is that static geological distribution (G) emerged 
as more important than the dynamic groundwater factor (W). This result does not conflict with the hydrogeo
logical interpretation that groundwater variation is closely linked to subsidence. Instead, it highlights the critical 
influence of subsurface geological conditions on the overall deformation process (Motagh et al. 2017). The model 
does not treat features as isolated linear predictors. Rather, the Graph Convolutional Network (GCN) component 
first learns to interpret static features (such as G, M, and F) as a foundational background map that defines the 
local physical properties and susceptibility of the terrain. Subsequently, the model learns a conditional dynamic 
function in which the influence of groundwater variation (W) on subsidence (D) is largely modulated by these local 
geological conditions. Section 5.2 further discusses the reliability of this finding.

4.3. Model noise and temporal-gap sensitivity tests

To improve the reliability of the results and the subsequent analyses, we performed noise and temporal- 
gap sensitivity analyses for all models presented in this section. For noise sensitivity, we added Gaussian 
noise to the test data (Hendrycks and Dietterich 2019). For temporal-gap sensitivity, we applied a 
continuous block-masking strategy with end-value imputation (Che et al. 2018; Nie 2022). We restricted 
the sensitivity analysis to the dynamic variables because these channels contain measurement noise or 
temporal gaps and therefore dominate the random uncertainty in the multimodal inputs. By contrast, 

Figure 8. (a) Multicollinearity Test, (b) Feature Importance. In (a), correlation coefficients and Variance Inflation Factors 
(VIF) are shown in the off- diagonal and diagonal of the triangle, respectively. The abbreviations D, W, M, B, F, G, and A 
refer to input features: D = deformation (InSAR data), W = groundwater, M = mining areas, B = buildings (urban areas), 
F = fault lines, G = geology, and A = agricultural areas.
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uncertainty in the static features mainly arises from classification errors with spatial structure, and adding 
Gaussian noise would create configurations that are physically unrealistic. Nevertheless, the feature- 
ablation experiments indirectly assessed the effect of uncertainty in the static data, because removing 
each static factor provides an upper bound on the model's dependence on that layer.

The results of the dynamic-channel noise sensitivity tests are presented in Supplementary Figures S2a 
and S2b. Based on the precision of the D-channel data, 1 mm/year, and its standard deviation of 5.84 mm, 
we defined six noise levels, 10%, 20%, 30%, 40%, 50%, and 60%. This range spans values close to the 
precision of the EGMS vertical component as well as extreme cases that substantially exceed it, allowing a 
systematic assessment of model robustness to different levels of noise perturbation in the D-channel. We 
applied the same noise levels to the W-channel to evaluate its robustness. The results for noise added to the 
D-channel, shown in Supplementary Figure S2a, indicate that the performance of the seven models 
changed only slightly as the noise level increased, demonstrating a degree of noise stability. The results 
for the W-channel, shown in Supplementary Figure S2b, reveal even smaller performance changes than 
those observed for the D-channel as the noise level increased, again indicating model stability under noise 
perturbation.

To test sensitivity to missing temporal data, we masked K time steps in the dynamic input sequences 
during inference and imputed the missing values using the last observation carried forward method. 
Supplementary Figures S2c and S2d show the results for the displacement channel D and the groundwater 
channel W, respectively. Across all seven models, the mean RMSE for the D-channel under normal 
conditions was 2.90 mm. When the most recent one to five time steps were missing, the mean RMSE 
increased to 3.23, 3.93, 4.01, 4.10, and 4.19 mm, respectively. The loss of a single time step increased RMSE 
by about 11%, indicating that the models retained some tolerance to isolated data gaps. As the number of 
consecutive missing steps increased from 2 to 5, RMSE rose by about 35% to 44% relative to normal 
conditions, and the corresponding R2 decreased from 0.90 to about 0.80. These results indicate substantially 
greater sensitivity to severe data gaps. Notably, even under severe missing-data conditions, RMSE remained 
below the standard deviation, suggesting that the models still retained predictive capability despite 
substantial observational gaps. The analysis of the W-channel yielded comparable results.

5. Discussion

We conducted progressive feature-fusion experiments and applied significance tests to the results, con
firming the synergistic enhancement effect of multimodal data in surface deformation modelling. By using 
controlled subsets of the feature space, we linked fusion gains to ablation-based attribution under 
comparable input conditions and summarised factor effects at the model-cluster level rather than from a 
single trained instance. On this basis, we used the optimal architecture and best model configuration to 
quantify the global importance of auxiliary factors in the prediction process through feature ablation. This 
section focuses on evaluating the importance of auxiliary features in multimodal surface deformation 
models and comparing our results with previous studies. We first applied SHAP to examine the perform
ance of post hoc attribution methods in a multimodal setting and to identify their limitations in interpreting 
multimodal data. We then evaluated the reliability of the global feature importance derived from feature 
ablation. In addition, we explored a pixel-difference filtering approach to analyse local, non-global feature 
importance and finally assessed whether the ablation-based global weights can support surface deforma
tion susceptibility mapping in this study.

5.1. Feature importance analysis using SHAP

In most existing studies, researchers determine global feature importance with SHAP, especially in 
classification tasks. Comparable studies in regression remain relatively limited, particularly for multimodal 
datasets. Compared with our approach, a SHAP-based method requires only one model trained on the 
multi-channel dataset to compute global feature importance. To match the characteristics of our experi
mental models, we used DeepExplainer (Lundberg and Lee 2017; Shrikumar, Greenside, and Kundaje 2017), 
an implementation of SHAP for deep neural networks that approximates Shapley values to derive global 
feature importance.
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Because our goal was to examine how auxiliary factors influence deformation modelling, we computed 
SHAP values for the six auxiliary factors while holding the deformation-history channel fixed at its back
ground mean. We then summarised channel importance by averaging the absolute attributions across all 
time steps and pixels. The results show that groundwater, mining-area distribution, urban areas, fault lines, 
agricultural areas, and geological structure account for 95.95%, 0.58%, 0.52%, 0.26%, 1.70%, and 1.35% of 
the total weight, respectively. Under this aggregation rule, groundwater receives substantially higher global 
importance than the static spatial layers. This ranking differs from the global importance pattern derived 
from the feature-ablation experiments.

One possible explanation for this difference is that SHAP produces element-level attributions, which 
require additional aggregation across space and time to obtain global scores. As a result, SHAP-based 
global channel weights may depend on the background set, feature representation, and spatiotemporal 
aggregation rule (Lundberg et al. 2020). Previous studies also show that under correlated inputs and 
complex representations, such global summaries can be sensitive to the aggregation strategy and feature 
dependence structure (Kumar et al. 2020; Lim et al. 2021). In our setting, static layers repeat over time and 
usually show sparse spatial distributions. Global mean aggregation may therefore dilute their contributions 
and shift the ranking toward continuous dynamic fields, such as groundwater (Krell et al. 2023).

Feature ablation addresses the same issue from a different perspective. It quantifies the change in 
predictive performance after removing one auxiliary factor while keeping the other training settings 
unchanged. This design allows it to evaluate channel-level predictive dependence effectively under the 
current controlled framework and provides directly comparable estimates of the contribution of each 
auxiliary factor to model performance in this modelling scenario. However, feature ablation is more 
computationally demanding because it requires repeated model retraining, whereas SHAP achieves higher 
computational efficiency with only one trained model and remains suitable for fine-grained post hoc 
attribution. The two methods, therefore, provide complementary perspectives on feature importance in 
multimodal spatiotemporal modelling.

For quantitative comparison, Supplementary Table S5 lists the weights of the six auxiliary factors derived 
from SHAP and from feature ablation. We quantified the agreement between the two global importance 
rankings with rank-based consistency metrics. The Spearman rank correlation = 0.37, and the Kendall 
rank correlation was = 0.20, which indicates weak agreement between the two global rankings. These 
results suggest that SHAP-based and ablation-based global feature importance capture different aspects of 
model behaviour in this multimodal setting, and that the interpretation of global factor importance 
depends on the explanatory framework used (Kumar et al. 2020; Lim et al. 2021).

5.2. Global feature importance result analysis using feature ablation

Since the feature ablation strategy identified geological formations as the most relevant feature in 
deformation prediction, here we further analyse the relationship between geological information and 
surface displacement monitoring data in the study area. Figure 9 presents the geological overview of the 
area. Specifically, Figure 9a illustrates the stratigraphic units within the study area alongside their corre
sponding lithological proportions, with the permeability values for each lithology annotated. Figure 9b
depicts the overall distribution of surface-exposed stratigraphic units within the region (representing the G 
factor in progressive feature fusion and ablation experiments), and Figure 9c provides the lithological 
composition of these stratigraphic units. Figure 9h displays a local geological cross-section of the area. 
Additionally, to more intuitively demonstrate the relationship between surface deformation and geological 
information, we superimposed the displacement rates from 2016 to 2021 onto the stratigraphic map 
(Figure 9c). By comparing the stratigraphic data and surface deformation data in Figure 9, we observe that 
areas exhibiting higher surface deformation rates are predominantly concentrated within Quaternary strata 
(9b), which dominate the exposed surface in this region (9a). Detailed analysis of the lithological char
acteristics of Quaternary strata indicates that the highest deformation rates occur primarily in sand and 
sand-gravel deposits with relatively high permeability (9c). Concurrently, Figure 9h provides a regional 
geological cross-section, supplementing vertical stratigraphic information. Examining the Hambach and 
Bergheim areas annotated in Figure 9h, regions with thicker Quaternary deposits also exhibit characteristics 
of high deformation rates.
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5.2.1. Primary and driving factor analysis
Taken together, the map patterns in Figure 9b and c and the profile context in Figure 9h suggest a 
stratigraphy-controlled susceptibility template, where thick unconsolidated units provide the deformable 
layer and groundwater-driven pore-pressure changes provide the transient forcing. This template helps 
explain why global factor importance emphasises geological setting. This pattern underscores the strong 
influence of hydro-mechanical properties on surface deformation, which is spatially heterogeneous and 
closely tied to the geological setting (McDermott and Kolditz 2006). In the study area, Quaternary (67.64%) 
and Tertiary (15.31%) deposits make up the majority of the subsurface and are primarily composed of 
highly permeable sediments such as sandstone and gravel (Figure 9a). These unconsolidated materials are 
more susceptible to compaction and deformation under changes in pore pressure. In contrast, the 
Devonian (6.28%) and Cambrian (6.06%) strata consist of low-permeability and more rigid lithologies, 
such as mudstone and quartzite, which are less prone to deformation. This unique geological distribution 
(G), coupled with groundwater fluctuations, plays a critical role in shaping deformation patterns. High- 
permeability strata, such as Quaternary sand and gravel, exhibit a rapid hydraulic response to groundwater 
level fluctuations (Dochartaigh, Bonsor, and Bricker 2017). According to Terzaghi’s effective stress principle 
(σ' = σ-u, where σ' is effective stress, σ is total stress, and u is pore water pressure), abrupt changes in pore 

Figure 9. Regional geological overview. (a) Statistical summary of regional geological information. The permeability is 
categorised into different levels, ranging from V to I. The term “Variable” indicates that the permeability varies within the 
defined categories. The X-axis displays different strata and rock types; different fill patterns represent various strata, while 
colours distinguish between rock types. The percentage values shown for each stratum and above each histogram indicate 
the proportion of that stratum in the entire study area and the proportion of a specific rock type within that particular 
stratum. (b) Regional geological map. (c) Regional lithological map. InSAR deformation data is overlaid on both (a) and (b), 
with (c) additionally showing faults (black lines) and mining area boundaries. (d) to (g) are enlarged views of white 
dashed-line boxes B1 to B4, illustrating deformation features near faults. (h) Regional geological cross-section.
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water pressure within these formations cause redistributions of effective stress, which in turn lead to elastic 
or plastic deformation. For example, groundwater extraction accelerates the dissipation of pore water 
pressure, increases effective stress, and triggers subsidence dominated by compaction (Galloway, Jones, 
and Ingebritsen 1999). Conversely, rapid aquifer recharge can cause short-term elastic rebound. However, 
the limited compressibility of coarse-grained sediments generally constrains the magnitude of such 
deformation, resulting in subsidence that predominantly follows a long-term trend.

In addition to their volumetric dominance, Quaternary high-permeability sediments significantly con
tribute to deformation due to both their sensitivity to groundwater level fluctuations and widespread 
spatial distribution. Their hydraulic responsiveness amplifies surface displacement, especially in zones of 
active groundwater extraction or recharge. Meanwhile, the low-permeability Devonian and Cambrian strata 
introduce spatial heterogeneity by impeding groundwater flow and localising pressure changes. The 
Triassic, though covering only 3.25% of the area, exhibits a wide range of permeability—from high to 
very low (see Figure 9a). This variability makes it a locally influential unit in deformation modelling. Despite 
its limited areal extent, the Triassic's heterogeneous hydro-mechanical behaviour adds complexity to the 
overall deformation field, thereby increasing the weight of geological distribution (G) in predictive models. 
Together, these findings underscore the central role of geological heterogeneity in shaping surface 
deformation patterns.

5.2.2. Feature-level rationality analysis
Based on the geological background analysis above, we interpret groundwater level variation as a 
physically plausible process closely linked to surface deformation in this study area. To explain the feature 
importance rankings derived from the feature ablation strategy, we discuss the results from two perspec
tives: hydrogeological consistency and influence scope.

From a hydrogeological interpretation perspective, groundwater variability in the study area is closely 
associated with multiple spatial factors. Therefore, it is physically plausible that some spatial factors receive 
higher ablation weights than groundwater in this predictive setting, especially when they provide persist
ent spatial context that conditions how groundwater-related signals are expressed in the model (Frye, 
Rowat, and Feige 2020; Yu et al. 2020). From the influence scope perspective, we further examined the 
rationality of the weight ranking among the spatial features themselves and the groundwater factors. We 
performed a statistical analysis of the distribution of the spatial features, finding that agricultural land, 
urban areas, faults, and mining areas account for 59.22%, 23.78%, 5.69%, and 4.97% of the total pixels, 
respectively. Comparing these results, we found that the weight ranking in the ablation strategy is broadly 
consistent with the spatial extent of these features, which provides supportive evidence for the observed 
importance hierarchy.

Agricultural land and urban areas regulate groundwater levels through groundwater extraction, exerting 
widespread impacts on surface deformation. By contrast, mining areas and faults exhibit more localised 
effects on groundwater levels, with smaller influence scopes. As shown in Figure 9c and the zoomed-in 
views in Figure 9d to Figure 9g, surface deformation primarily occurs in areas where faults and mining 
activities are distributed. A closer inspection suggests that faults act as structural discontinuities that 
compartmentalise the deformation field, limiting cross-fault displacement transfer and producing deforma
tion gradients across the fault trace. Across the white dashed boxes B1 to B4 in Figure 9c, deformation 
concentrates preferentially on one side of the mapped fault traces, which indicates a sharp deformation 
gradient across the structural boundary. Such asymmetry is consistent with fault-zone compartmentalisa
tion that limits lateral pressure diffusion and localises compaction within fault-bounded units, rather than a 
purely smooth regional trend (Motagh et al. 2007). Collectively, the influence scope of agricultural land and 
urban areas on groundwater regulation exceeds that of mining areas and faults. Consequently, ground
water exerts a broader impact on surface deformation than either faults or mining areas. Therefore, 
analysing the factors’ influence scopes supports the higher weight assigned to groundwater compared 
to mining areas and faults.

Taken together, the feature importance ranking derived from the ablation experiments is broadly 
consistent with the geological setting, hydrogeological conditions, and spatial distribution of the input 
factors across the study area. This global ranking primarily reflects the factors that govern the broad spatial 
pattern of deformation at the scale of the study area, with geological and groundwater-related information 
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providing persistent background control at the regional scale. Nevertheless, the ablation-derived weights 
quantify predictive importance under the current model and data setting, rather than providing stand- 
alone evidence of strict physical causality. Therefore, any physical interpretation of these rankings still 
requires support from hydrogeological and geomechanical evidence, including geological setting, perme
ability contrasts, groundwater variation, and effective-stress reasoning. This interpretation also needs to 
account for spatial heterogeneity, because deformation gradients concentrate near structural boundaries 
and dominant controls may vary locally. In the next section, we further investigate this scale dependence 
through an analysis of local feature importance in areas exhibiting spatially concentrated deformation 
responses.

5.3. Non-global feature importance analysis based on feature ablation strategy

The study above assessed the global impacts of various factors on surface deformation. However, as shown 
in Figure 2, groundwater level changes, fault lines and mining area distributions, and the spatial distribution 
of high-rate surface deformation regions (Figure 1c) exhibit pronounced spatial heterogeneity. The uneven 
distribution of these elements suggests that the influence of each factor may vary significantly across the 
study area. Thus, analysing the local impacts of these factors on surface deformation is of critical 
importance.

To explore these localised effects, we examine the spatial variation in the model’s predictions. We 
observe that the pixel-level differences between the predictions of the full model (7C) and the ablated 
models (6C) exhibit distinct spatial patterns. We hypothesise that regions with larger absolute differences 
(|P7C - P6C_i|, where P represents the predicted deformation and i is the removed feature) correspond to 
areas where the excluded feature has a significant influence on the model’s predictions. Conversely, smaller 
differences suggest lower local sensitivity to that feature. Based on this premise, we propose a pixel- 
difference filtering method for local importance analysis. For each ablation scenario, we compute the pixel- 
level absolute difference maps between the 7C model’s predictions and the corresponding 6C model (with 
one feature removed). To highlight regions most affected by the feature removal, potentially indicating 
higher sensitivity or instability - we apply median filtering to these difference maps.

By incrementally increasing the filtering threshold, we can identify pixels that exhibit the most significant 
predictive differences, as illustrated in Figure 10(a). The underlying principle is that median filtering 
removes isolated outlier pixels with minor differences while preserving contiguous regions with consis
tently large differences. These retained regions may reflect areas where the removed feature had a strong 
local impact. To quantify this local importance, we compare the proportion of pixels remaining after 
applying a consistent filtering threshold across all ablation difference maps. A higher number of retained 
pixels for a given feature suggests that its removal led to substantial changes in predictions across a 
broader area. This suggests that the feature plays a more influential role in shaping deformation predictions 
in those regions. This data-driven approach, grounded in empirical model behaviour, highlights the spatial 
dimension of feature influence and provides a complementary perspective to the global analysis.

Applying our proposed local influence analysis method reveals the spatial importance of each factor, as 
shown in Figure 10b. At a threshold of 0, the number of affected pixels after removing any single factor is 
identical across all ablation scenarios, establishing a uniform baseline for comparison. However, starting 
from a threshold of 0.2, significant differences emerge in the proportion of pixels affected by the removal of 
different factors. As the filtering threshold increases, these proportions change notably, effectively isolating 
regions with larger local impacts. The statistical results reveal that the model without the fault factor (6C-F) 
results in the highest number of affected pixels across all the threshold values. This finding strongly 
suggests that, within the study area, the fault distribution exerts the most extensive and significant local 
influence on surface deformation predictions. This marked local impact can be partially attributed to the 
structural hydrogeological role of faults, which can serve as preferential pathways for groundwater flow. At 
the same time, fault zones can also reduce cross-fault connectivity, so they can amplify along-structure 
responses while maintaining deformation contrasts across the structural boundary (Bense et al. 2013). 
Within their zones of influence, faults can dominate groundwater behaviour, overriding the broader 
lithologic control (geological factor, G) on groundwater levels (W) by focusing pressure gradients into 
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fault-influenced corridors (Chesley et al. 2021). The geological background provided in Figure 9h serves as 
evidence for this interpretation.

Interestingly, the relative local importance ranking of geological (G) and groundwater (W) factors 
exhibits a threshold-dependent pattern. At lower thresholds (0.2 and 0.4), which capture broader regions 
of moderate impact, the proportion of affected pixels resulting from the removal of the geological factor 
exceeds that of the groundwater factor ablation (G>W). In contrast, at higher thresholds (0.6, 0.8, and 1.0), 
which isolate smaller regions with high-intensity impact, the removal of groundwater data affects a greater 
proportion of pixels than the removal of geological information (W>G).

Taking the ablation of the fault feature as an example, this scale-dependent behaviour is further 
visualised in Figure 11. At the same time, we conducted the same experiments for other features and 
found that, as the threshold increases, the pixel variation pattern overall resembles the case of ablating the 
fault factor. Among these, the case of ablating the groundwater factor shows the most similarity, followed 
by the geological factors. Our findings highlight the strong role of the fault factor in the non-global feature 
importance analysis, indicating that groundwater- and geology-related information becomes particularly 
influential in faulted areas. This scale-dependent pattern is consistent with an interpretation in which 

Figure 10. Results of Non-Global Feature Importance Analysis. (a) Schematic diagram of pixel difference filtering, (b) 
Importance of local features based on pixel difference filtering. In all histograms, the x axes indicate the feature which is 
removed (6C_i, where i is the excluded feature). The histograms display the percentage of affected areas by the removed 
feature for different thresholds.
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geology sets the background susceptibility, while fault-controlled connectivity and gradients concentrate 
groundwater-related stress changes into localised deformation patches.

Based on these observations, a hierarchy of local importance can be established that varies with the 
spatial scale or intensity of the observed impacts. For broader regions characterised by lower thresholds, 
the relative importance of factors influencing surface deformation follows the order: fault lines 
(F) > geological formations (G) > groundwater level changes (W) > urban areas (B) > mining areas 
(M) > agricultural areas (A). In contrast, for more localised and high-intensity impact regions, identified at 
higher thresholds, the ranking shifts to: fault lines (F) > groundwater level changes (W) > geological forma
tions (G) > urban areas (B) > mining areas (M) > agricultural areas (A).

These findings provide valuable insights for the study area. The pronounced local influence of faults 
highlighted by our model analysis is consistent with the interpretation that faults may act as conduits that 
amplify groundwater responses in some parts of the study area. As such, development planning should 
prioritise the avoidance of fault zones. For existing infrastructures located near faults or within high- 
permeability strata, enhanced monitoring is recommended, especially following heavy rainfall events, when 
faults may induce sudden changes in groundwater level. This approach can help mitigate the risk of 
deformation-related damage.

5.4. Susceptibility mapping based on global feature importance

We further constructed a surface deformation susceptibility score for the study area using the global 
feature-importance weights derived from feature ablation. We then converted the six auxiliary factors 

Figure 11. Spatial distribution of pixel difference filtering results. Subplots (a) to (f) illustrate the spatial distribution of 
pixel differences under increasing threshold conditions following the ablation of fault features, and the red dashed line 
shows the distribution of the fault line. The green dotted box highlights regions of significant predictive change. As the 
threshold increases, the affected areas contract and progressively concentrate around the fault line, indicating more 
pronounced deformation in the vicinity of these structures.
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identified in Section 4.2 into spatial predictor layers with a 100 m grid and integrated these layers using a 
weighted linear combination. We calculated the susceptibility score at pixel (x,y) as:

R(x, y) = w F (x, y)
i=1

6

i i (5) 

where wi denotes the normalised global importance weight of factor i derived in Section 4.2, and F x y( , )i

denotes the normalised spatial value of that factor at pixel (x,y). This formulation follows the weighted 
linear combination framework commonly used in spatial overlay analysis (Malczewski 2006).

For groundwater, we used the groundwater-level change rate extracted from the time-series data as the 
groundwater-derived predictor layer. We represented mining, urban, fault, and agricultural areas as binary 
predictor layers and normalised them before integration. We reclassified the geological layer into ordered 
susceptibility classes based on regional lithological composition and permeability contrasts. We then 
normalised the geological layer and included it in the weighted summation (Bundesanstalt für and and 
Rohstoffe 2019; Schäfer et al. 2005). Table S6 details how each factor was converted into a spatial 
susceptibility input. Table S7 summarises the reclassification scheme for the geological layer. Finally, we 
divided the continuous susceptibility index into four classes using the Jenks natural breaks method for map 
visualisation.

Figure 12a shows the susceptibility rank. Areas surrounding the coal mining districts fall into the high- 
susceptibility or moderate-susceptibility classes, whereas areas near the mapped fault traces fall into the 
very high-susceptibility class. Within the high-susceptibility class, field investigation in Area A, located 
southwest of the Hambach mine (Figure 12a), identified severe structural damage (Figure 12f–i). Area B, 
located near the former Bergheim and Fortuna open-pit mines, also falls into the high-susceptibility class, 
and field observations confirmed building damage in this area (Figure 12b–e). Both field-investigated areas, 
Area A and Area B, belong to the high-susceptibility class and exhibit documented structural damage. 
These observations provide qualitative field-based support for the spatial plausibility of the susceptibility 
assessment.

From an application perspective, the weights derived from the ablation analysis provide a model-based 
basis for prioritising deformation screening. Specifically, the higher weights assigned to geological and 
land-use related factors support regional susceptibility zoning. The groundwater-derived layer can guide 
dynamic monitoring in deformation-prone areas. Fault and mining-area layers further help identify priority 
zones for denser InSAR monitoring, field investigation, or infrastructure inspection.

5.5. Limitations

Our primary evaluation objective was to predict future surface deformation within the same study area 
from historical observations. We therefore adopted a strict chronological split in the main experiments and 
computed normalisation statistics from the training set only. This design prevented future information from 
entering the training process and controlled the bias introduced by normalisation based on the full dataset. 
This setting is consistent with studies that assess temporal extrapolation by holding out future periods, and 
the resulting performance primarily serves future prediction within the same system rather than spatial 
transfer evaluation (Wunsch, Liesch, and Broda 2022). However, because our data underwent temporal 
alignment, spatial interpolation, and unified gridding, spatial dependence may persist among neighbouring 
pixels and local patches. As a result, although the chronological split suits the temporal extrapolation 
objective of this study, the test results may still provide an optimistic estimate of the true generalisation 
ability, especially in evaluation settings that require stronger spatial independence (Koldasbayeva et al. 
2024; Ploton et al. 2020).

To define the scope of applicability of the chronological-split results, we conducted block-based spatial 
split tests on the GCN + Transformer architecture under two input settings, full-feature input and InSAR-only 
input, and repeated the experiments 10 times with different random seeds and block configurations. The 
results show that absolute model performance declines under spatial splitting relative to chronological 
splitting, which indicates that the original chronological-split results may be optimistic because spatial 
dependence remains in the data. This finding also suggests that the performance gains and their statistical 
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significance reported under chronological splitting should be interpreted as results for temporal extrapola
tion within the study area, rather than as evidence of generalisation under spatially independent 
conditions.

Even so, across the 10 spatial-split experiments, the full-feature model still showed a consistent relative 
advantage over the InSAR-only model on major metrics such as RMSE, which supports the overall gain of 
multimodal input over unimodal input. For example, across the 10 repeated spatial-split experiments, the 
mean RMSE decreased from 5.758 ± 0.906 to 5.614 ± 0.827, and the full-feature model outperformed the 
InSAR-only model in all 10 runs for RMSE, R2, and RRMSE, as reported in Supplementary Table S8. This result 
indicates that the benefit of multimodal information does not arise entirely from the relatively easier test 
set under chronological splitting. Therefore, although the spatial-split tests suggest that the original 
chronological-split evaluation may be optimistic, the basic conclusion that multimodal input provides a 
real benefit over unimodal input still holds. Future work should combine stricter spatial buffer splitting, 
independent validation at the level of raw observations, and stronger physics-constrained modelling to 
improve the conservativeness of the evaluation and the robustness of the interpretation.

A further limitation concerns that the susceptibility assessment in this study currently relies only on 
supporting evidence from damaged buildings and infrastructure in the two field-surveyed areas, Area A and 
Area B. These observations indicate spatial agreement between high-susceptibility zones and locally 
documented damage, but their spatial coverage remains limited, and this validation is primarily qualitative. 
They therefore do not constitute a systematic validation of the full susceptibility map. Future work should 

Figure 12. Global deformation susceptibility map for the study area. (a) Surface deformation susceptibility assessment 
map. (b–e) Field observations of damage from Area B, near the former open-pit mines. (f–i) Field observations of damage 
from Area A, close to the Hambach open-pit mine (Photo credit: Maoqi Liu & Mahdi Motagh, June 2024). Areas A and B are 
located within high-susceptibility zones in (a), consistent with the field observations. Circles in (a) mark the locations of 
the documented damaged structures.
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incorporate validation data that are independent of the weight-construction process to enable a systematic 
assessment.

6. Conclusion

By developing a multimodal deep learning framework that integrates dynamic monitoring data with static 
environmental information, we quantified how auxiliary factors affect surface deformation prediction in the 
study area. We employed a controlled nested feature subset design comprising twelve datasets, utilising 
these datasets to conduct progressive feature fusion experiments and feature ablation experiments on the 
six established architectures, respectively. Progressive fusion results indicate that additional auxiliary factors 
generally reduce error metrics and enhance the R2 values of the architectures. Based on statistical analysis 
from progressive feature fusion experiments, we selected the GCN + Transformer architecture for feature 
ablation experiments and subsequent global importance analysis. Concurrently, we compared the global 
feature-importance rankings derived from SHAP and feature ablation, and found weak agreement between 
the two approaches. This difference suggests that, in the present multimodal spatiotemporal setting, SHAP- 
based and ablation-based global summaries capture different aspects of model behaviour. SHAP remains 
useful for efficient post hoc attribution from a single trained model. In contrast, feature ablation quantifies 
channel-level predictive dependence under controlled retraining with matched training settings, although 
at substantially higher computational cost. We therefore used feature ablation as the main basis for 
channel-level global comparison in this study, while treating SHAP as a complementary attribution analysis.

The global feature importance weights derived from the comprehensive ablation experiment are as 
follows: geological features account for 30.4%, agricultural areas for 20.2%, urban areas for 14.4%, ground
water for 13.3%, fault lines for 11.3%, and mining areas for 10.4%. Based on the weighted ranking and the 
geological background analysis, geological information is the most influential auxiliary feature, and ground
water variation is the most influential dynamic feature in this predictive setting. Combined with the 
regional geological background and Terzaghi’s effective stress principle, this pattern is consistent with 
an interpretation in which groundwater level fluctuations are closely linked to deformation, while geologi
cal conditions modulate the spatial expression of that response through contrasts in rock permeability. This 
mechanism explains why the Geology feature holds the highest proportion in the global weighting. From a 
hydrogeological perspective, groundwater-level variations in the study area are associated with multiple 
spatial factors. The influence of the auxiliary factors on model predictions may therefore be expressed in 
part through their spatial associations with groundwater fluctuations and their distribution patterns. 
However, local importance analysis based on pixel difference filtering reveals that fault factors correspond 
to the highest proportion of affected pixels across all thresholds, indicating faults contribute most 
significantly to deformation prediction within locally high-impact zones. This phenomenon is partly 
attributable to the hydrogeological structural role of faults, as they serve as preferential pathways for 
groundwater flow and dominate groundwater behaviour within their influence zones, thereby amplifying 
local deformation responses.

Finally, we translated the global weights into regional surface deformation susceptibility assessment 
maps, with field observations from two high-susceptibility areas corroborating the patterns depicted. 
Future work should validate this controlled feature space and model clustering workflow across different 
regions and hazard types, while strengthening physical constraints beyond prediction dependency when 
interpreting attribution results.
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