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Highlights

What are the main findings?

• A regional-scale surface deformation estimation framework is proposed to robustly
and accurately estimate surface deformation in areas with missing SAR data.

• An explainable artificial intelligence approach is introduced to quantify the effects of
geological factors and anthropogenic engineering factors on surface deformation.

What are the implications of the main findings?

• The proposed framework provides an effective solution for deformation estimation in
regions where SAR observations are incomplete, thereby improving the applicability
of remote sensing in complex real-world settings.

• The comparative analysis of different ensemble learning models offers useful guidance
for selecting suitable models for regional surface deformation estimation.

Abstract

In landslide-prone areas, spatial gaps in InSAR-derived deformation maps caused by
incomplete SAR coverage hinder continuous surface deformation assessment and limit
reliable landslide analysis. To address this problem, we propose an explainable AI (XAI)
framework that integrates SBAS-InSAR, ensemble machine learning, and Shapley Additive
exPlanations (SHAP) to estimate surface deformation in SAR-scarce regions. Geological
and engineering factors, including protective measures, distance to roads, and land use,
were combined with remote sensing and field data to build a comprehensive dataset. Four
ensemble models (LightGBM, XGBoost, Random Forest, and CatBoost) were trained and
evaluated, with XGBoost achieving the best performance (R2 = 0.816, RMSE = 6.85 mm,
MAE = 4.27 mm). Validation against two GNSS benchmarks confirmed sub-millimeter
accuracy (0.6 mm and 0.3 mm). Both XGBoost and CatBoost delineated continuous defor-
mation patterns consistent with field-observed damage. SHAP analysis provided model
interpretability, highlighting elevation and human-engineering factors as key drivers: areas
farther from roads and under cultivation were more prone to downslope movement, while
damaged protective works exhibited greater deformation. By coupling InSAR with XAI,
this study achieves accurate and interpretable surface deformation estimation in data-scarce
regions, advancing landslide assessment and early warning applications.
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1. Introduction

Surface deformation is a crucial indicator for assessing landslide stability [1–4]. Accu-
rate regional-scale surface deformation data significantly enhance the precision of landslide
hazard assessments and help mitigate potential risks associated with landslides [5,6].

Field surveys are often regarded as the primary means of detecting surface deforma-
tion through visible signs such as wall cracks or road subsidence [7,8]. However, field
investigations can be challenging not only in harsh natural environments—due to rugged
terrain or dense vegetation—but also in highly urbanized areas, where dense construction,
limited ground visibility, and restricted access to private properties frequently impede di-
rect observation. Furthermore, the absence of quantitative measurements makes it difficult
to characterize regional deformation patterns or fully assess slope stability. Although in situ
monitoring technologies provide precise, time-series deformation data [9], their high cost
and sparse coverage limit their practicality for large-scale applications. These constraints
highlight the need for alternative methods that can deliver both comprehensive spatial
coverage and quantitative information.

In recent years, InSAR has been increasingly applied across a wide range of
deformation- and damage-related problems. In conflict settings, it has been used to de-
lineate war-affected urban areas and assess damage to critical infrastructure [10,11]. In
urban environments, it has also supported building deformation monitoring, collapse as-
sessment, and the analysis of earthquake-damaged buildings [12–15]. In landslide research,
InSAR has become widely used because it can monitor surface deformation at regional
scales and help update or supplement landslide inventories, especially where field surveys
or in situ monitoring are difficult or impractical [16–23]. However, obtaining complete
InSAR deformation coverage in mountainous landslide areas remains challenging, often
resulting in “SAR data void regions” [24,25]. These gaps are mainly caused by decorrela-
tion associated with changes in surface properties, morphology, and topography, and are
further aggravated by the side-looking geometry of SAR sensors, which produces layover
and shadow in steep terrain [26–30]. Long revisit intervals and atmospheric disturbances
can further reduce data completeness and complicate interpretation [31,32]. Although
improved InSAR algorithms have been proposed to alleviate these limitations [33,34], they
still do not fully satisfy the need for spatially continuous and high-precision deformation
estimates in landslide-prone terrain.

Machine learning approaches have been increasingly employed in recent years to infer
surface deformation in regions where InSAR data are missing [35–37]. These methods
are grounded in the assumption that surface deformation observed by InSAR is primarily
governed by a combination of geological conditions and human engineering activities [38].
By leveraging the nonlinear relationships between observed deformation and multiple
indicator variables, machine learning models are able to generate deformation estimates
for regions lacking direct SAR measurements [39–41]. Nevertheless, a significant limitation
of these models lies in their inherent “black box” nature. While generating accurate pre-
dictions is important, it is equally critical to understand the mechanisms underlying these
results and to clarify how each factor influences the output. The lack of transparency not
only obscures the process by which the model learns and applies relationships between
predictors and deformation but also hampers efforts to identify key influencing factors
and prioritize future site investigations or data improvements [42–46]. This opacity di-
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minishes both the scientific credibility and the practical applicability of machine learning
for surface deformation mapping, and a systematic framework that effectively addresses
interpretability challenges across spatial scales is still lacking in current research.

Although previous studies have combined InSAR and machine learning for deforma-
tion prediction, three important limitations remain. First, most studies focus on predictive
accuracy rather than deformation estimation in SAR data-gap areas. Second, anthropogenic
controls, such as road disturbance, land-use change, and protection measures, are often
underrepresented compared with conventional topographic and geological factors. Third,
model predictions are rarely interpreted in a way that links feature contributions to field-
observed deformation behavior. Therefore, a clear research gap remains in developing
an integrated and interpretable framework for surface deformation estimation in SAR
data-gap areas.

To address these challenges, this study proposes a novel explainable artificial intel-
ligence (XAI) framework for regional-scale estimation of surface deformation in urban
landslide-prone areas with missing SAR data. Leveraging the XGBoost algorithm, the
framework models the nonlinear relationships between observed InSAR deformation and
key geological, geomorphological, and human activity factors. Critically, the Shapley
Additive exPlanations (SHAP) method is introduced to provide quantitative and spatially
explicit insights into the contribution of each indicator—including those related to the
likelihood of geometric distortion and SAR data voids—transforming the process from a
“black box” to a “glass box” analysis. In addition to conventional field investigation, the
performance of the proposed framework is further evaluated using independent GNSS
surface deformation monitoring data, providing a quantitative assessment of prediction
accuracy in SAR data-void regions. The results demonstrate the potential of explainable
machine learning not only to fill spatial gaps in deformation monitoring, but also to en-
hance our understanding of the underlying factors controlling landslide-related surface
movements in complex urban environments.

2. Study Area

2.1. Geological Setting

The construction of the Three Gorges Dam project in China has changed the natural
flow of the Yangtze River, significantly impacting the hydrological cycle in the reservoir
area. The most direct effect of this change is the rise in water levels in the upstream region
of the reservoir. To prevent risks associated with the increased water level, such as urban
flooding, the old county town of Yunyang County in Chongqing was entirely relocated in
1998. This paper focuses on the new county town of Yunyang, post-relocation, as the area
of study (Figure 1a–c).

The study area is primarily underlain by Mesozoic sedimentary rocks, spanning con-
tinuously from the Jurassic Penglaizhen Formation (J3p) to the Triassic Badong Formation
(T3b). Scattered Quaternary deposits are also found along rivers and gullies. Landslides
in the region predominantly occur within the Middle Jurassic Shaximiao Formation (J2s),
which is composed mainly of sandstone and silty mudstone. These landslides are generally
shallow and range from medium to small in scale.

Over the past two decades, the study area has experienced intense human engineering
construction activities. Apart from the impact of urban drainage network construction
on the hydrological response of the region, activities such as slope excavation, road con-
struction, and housing development have significantly altered the original topography and
geomorphology. This has profound implications for the overall stability of the study area.
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Figure 1. Geographical Location of the Study Area and Distribution of Landslides, Rockfall, and
Excavated Slopes Within the Area ((a) location of Chongqing City in China; (b) location of Yunyang
County in Chongqing City as well as the location of the study area; (c) remote sensing image of
the study area; (d–f) are three comparatively typical examples of localized damage in protective
engineering; engineering slope refers to a slope that has been artificially excavated. Without protective
measures, its stability is relatively poor).

The landslides and collapses in the study area are primarily distributed in the south-
ern part (Figure 1c), where the population and housing density are high, and the road
network is well-developed, presenting numerous potential threats. As a typical relocated
county town in the Three Gorges Reservoir Area, Yunyang County’s new town exhibits
a complex relationship between urbanization and the evolution of geological disasters.
The complexity lies in the fact that human engineering activities can either slow down or
exacerbate the deformation and instability trends of geological disasters, and the impact is
not simply linear. In the study area, the deformation and evolution trends of landslides
and rockfalls in certain local regions have been somewhat contained due to governance
measures. However, the instability of landslides and collapses in some regions has been
exacerbated due to irrational excavation practices. Additionally, many engineered slopes
created by construction activities such as housing construction and road excavation during
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the ongoing urban development process have become potential sources of instability. De-
spite the local government implementing protective measures like anchoring, concreting,
and support on some engineered slopes, detailed field investigations have revealed that the
protective measures on some of these slopes have experienced varying degrees of damage
(Figure 1d–f). Therefore, when assessing the trends of surface deformation in the study
area, the impact of engineered slopes cannot be ignored.

2.2. SBAS-InSAR-Derived Deformation Characteristics

To characterize the observed deformation field and provide the SBAS-InSAR-derived
basis for subsequent modeling, we analyzed 89 ascending Sentinel-1 images (European
Space Agency, https://search.asf.alaska.edu (accessed on 12 July 2023)) covering the period
from 16 January 2017, to 2 June 2023 (Figure 2b). Figure 2 presents the observed surface
deformation pattern, data availability, and statistical distribution derived from SBAS-
InSAR, rather than the prediction results of the machine learning models. The images were
captured at intervals of no less than 24 days. Figure 2a displays the cumulative displacement
within the study area over this period. Predominantly, the surface deformation in the region
is characterized by downward slope movements, particularly noticeable in the north-
western and south-eastern sections. In contrast, the eastern part exhibits significant convex
deformations (indicated by blue InSAR dots), suggesting intense human engineering
activities, such as artificial filling and house construction, in these areas.

The cumulative displacements are generally normally distributed, with an average
value of −2.2 mm. Most of the InSAR interpreted points cluster around 3.7 mm (Figure 2c).
However, the variance in cumulative displacements is notably high at 249.6, indicating
significant variability in different sections of the study area.

Figure 2. SBAS-InSAR-derived observed surface deformation characteristics in the study area ((a) ob-
served surface deformation map with landslide boundaries and SAR data gaps; (b) temporal-spatial
baseline plot of SAR acquisitions; (c) statistical distribution of observed surface deformation values).

Several challenges arise in accurately assessing surface deformation in our study
area due to limitations like the satellite revisit cycle and vegetation cover. These factors
lead to numerous missing data points in InSAR observations, predominantly in the central
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Mopanzhai area and the peripheral areas of the study area. Intriguingly, field surveys reveal
significant deformation in these regions, primarily due to landslides. This discrepancy
underscores the critical issue of data gaps in traditional InSAR interpretation, posing a
significant obstacle to precise deformation analysis.

2.3. Indicator Factors

Surface deformation in the study area is jointly controlled by natural conditions and
human-engineering disturbance. In addition to topographic and geological controls, rapid
urban development has substantially modified local landforms through slope cutting,
road construction, land-use change, and protective works, thereby altering deformation
patterns and intensities [47,48]. Accordingly, the 11 conditioning factors were selected
based on four considerations: their relevance to landslide-related deformation mechanisms,
their frequent use in previous deformation and landslide studies, their ability to jointly
represent topographic, hydrological, geological, vegetation, and anthropogenic influences,
and the availability of spatially continuous data across the study area. The final factor set
therefore included topographic variables (elevation, slope, aspect, and relief), hydrological
and surface-condition variables (cumulative flow, TWI, and NDVI), geological condition
(lithology), and human-engineering factors (land use, distance to roads, and protection
level). Among them, land use and lithology were treated as nominal categorical vari-
ables, whereas protection level was treated as an ordinal categorical variable. For model
input, these variables were encoded as integer class labels according to the thematic maps
and field survey records, and their SHAP effects were interpreted after converting the
codes back to the original category names rather than by the numerical magnitude of the
codes. Comprehensive statistical analysis of these factors further clarifies their respective
contributions to surface deformation processes (Figure 3).

Figure 3. Cont.
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Figure 3. Distribution statistics of various indicator factors represented by the number of grids
(a) slope; (b) aspect; (c) flow direction; (d) lithology; (e) topographic wetness index (TWI); (f) normal-
ized difference vegetation index (NDVI); (g) relief; (h) elevation; (i) land-use type; (j) road distance;
(k) protection.

3. Methodology

3.1. An Explainable AI (XAI) Framework for Surface Deformation Estimation

The flowchart of the proposed explainable AI (XAI) framework for surface deforma-
tion estimation is presented in Figure 4. First, SAR images of the study area are collected
to perform SBAS-InSAR processing, obtaining surface deformation sample points. Sub-
sequently, feature factors are extracted from these samples to construct a dataset. The
dataset is then randomly split into 80% for the training set and 20% for the testing set.
Four ensemble learning models (LightGBM, XGBoost, Random Forest, and CatBoost) are
trained and evaluated using the respective subsets. Based on the performance evaluation,
the best-performing model is selected to estimate surface deformation in areas lacking SAR
data, and the estimates are validated using field survey data. Finally, the SHAP method is
applied to conduct an explanation analysis of the model, aiming to understand whether,
how, and to what extent geological and human engineering factors influence the model’s
surface deformation estimations.

https://doi.org/10.3390/rs18091363
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Figure 4. Flowchart of this study.

3.2. XGBoost Model

XGBoost is a representative model in ensemble learning, characterized by its ability
to iteratively update and add trees during training to learn the residuals between the
predictions of preceding trees and the actual values of the training samples. This approach
enables it to effectively capture nonlinear information, making it widely applied in landslide
research [49,50]. The core principle of the XGBoost model lies in minimizing the regularized
cost function, as illustrated in Equation (1) [51].

L(t) = ∑
n

i=1 l
(

yi, ŷ
(t−1)
i + ft(xi)

)

+ Ω( ft) (1)

where l denotes the loss function that determines the error between the actual and predicted
values, t denotes the number of iterations to minimise the error, Ω( ft) denotes an additional
regularisation term that mitigates model complexity and overfitting, yi corresponds to the
actual values and ŷi represents the predicted values.

3.3. SHAP-Based Machine Learning Model Explanation Method

Recent advancements in machine learning have produced highly accurate but complex
models, which often lack interpretability and raise concerns about transparency in critical
applications [52]. To overcome these issues, Shapley Additive exPlanations (SHAP) has
become a popular and effective approach for explaining machine learning models [53,54].
SHAP, based on cooperative game theory, clearly shows how much each feature contributes
to a model’s prediction. This method is particularly useful for understanding how different
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features interact within the model. The Shapley value for feature i is calculated as follows,
based on the formulation of Lundberg and Lee [55]:

ϑi = ∑
S⊆N{i}

|S|!(n−|S|−1)!
n!

[ f (S ∪ {i})− f (S)] (2)

where ϑi denotes the contribution of feature i, N is the set containing n features, and
f (S ∪ {i}) and f (S) represent the model outcomes with and without feature i, respectively.

3.4. SBAS-InSAR

SBAS-InSAR (Small Baseline Subset Synthetic Aperture Radar Interferometry) is a
surface deformation monitoring technique based on Synthetic Aperture Radar (SAR) data,
widely used in the study of geological disasters, urban subsidence, and large-scale surface
deformation [56,57]. The core principle of this method is to analyze phase differences
between SAR images acquired at different time points, thereby obtaining ground deforma-
tion information [58]. SBAS-InSAR utilizes the Small Baseline Subset approach, selecting
SAR images that are geometrically and temporally close to each other for interferometric
processing, which helps minimize atmospheric effects, orbital errors, and other sources
of interference, thus enhancing monitoring accuracy [59,60]. The formula for interpreting
surface deformation using the SBAS-InSAR method is given in Equation (3) [47,61]:

∆φ =
4π

λ
dLOS + ∆φatm + ∆φorbit + ∆φnoise (3)

where ∆φ represents the observed interferometric phase difference, λ denotes the radar
wavelength, and dLOS indicates the surface displacement in the line-of-sight (LOS) direction.
The terms ∆φatm, ∆φorbit, and ∆φnoise correspond to the phase errors caused by atmospheric
disturbances, orbital inaccuracies, and other noise effects, respectively.

3.5. Data Collection and Transformation

Multiple spatial datasets were collected to construct the surface deformation predic-
tion model, including SBAS-InSAR-derived deformation observations, topographic and
hydrological factors, vegetation information, geological data, land-use information, road
data, and field-survey-based protection data. The original datasets included both raster and
vector formats. Specifically, the deformation target variable was derived from 89 ascending
Sentinel-1 images processed using the SBAS-InSAR approach, whereas elevation, slope,
aspect, relief, cumulative flow, TWI, and NDVI were obtained from raster-based terrain
or remote-sensing products. Lithology, land use, road networks, and protection measures
were derived from thematic maps, interpreted spatial data, or field survey records, with
some of these layers originally stored in vector format.

To prepare the datasets for modeling, both the satellite imagery and the ancillary
spatial data were transformed into a common analytical framework. First, the 89 ascending
Sentinel-1 images were processed using the SBAS-InSAR workflow to derive cumulative
line-of-sight surface deformation observations, which served as the target variable of the
model. The ancillary spatial datasets were then clipped to the study area, projected to a
common coordinate system, and transformed to a unified spatial framework. Raster layers
were resampled to a common spatial resolution of 30 m, while vector layers were rasterized
or converted into derived raster variables where necessary. For example, the road network
was transformed into a distance-to-road raster, and categorical thematic layers such as
land use, lithology, and protection level were reclassified according to the classes used in
this study. After spatial alignment and transformation, the values of the 11 conditioning
factors were extracted at the locations of the SBAS-InSAR deformation samples to build the
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final modeling dataset. This resulted in 70,780 samples, each containing one deformation
value and 11 predictor variables, which were subsequently divided into training (80%) and
testing (20%) subsets.

4. Modeling and Results

4.1. Modeling and Validation Process

Assessing the independence and predictive value of input factors is essential for
robust machine learning modeling. Here, we calculated correlation coefficients between
the 11 selected factors and visualized the results as heat maps (Figure 5), which revealed
generally low inter-factor correlations, supporting their relative independence. Mutual
information (MI, Equation (4)) analysis further showed that lithology and topographic
relief had the strongest associations with surface deformation. Finally, all 11 factors were
found to be statistically significant predictors of surface deformation (p < 0.01), highlighting
their utility for data-driven prediction.

I(XiY) = ∑ x∈X,y∈Y p(x, y)log

(

p(x, y)

p(x)p(y)

)

(4)

Figure 5. Correlation heatmap among various indicators (The thickness of the lines is determined by
the mutual information score, indicating the degree of correlation with downward slope deformation.
Thicker lines represent higher correlation. The color of the lines is determined by p-value testing,
signifying the significance of each indicator in estimating downward slope deformation).
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In this study, a dataset comprising 70,780 SBAS-InSAR deformation points was estab-
lished, incorporating both geological and engineering related variables (Figure 6). To assess
the predictive capability of ensemble learning for surface deformation, four advanced mod-
els, Random Forest (RF), eXtreme Gradient Boosting (XGBoost), LightGBM, and CatBoost,
were implemented using the Pycharm platform (v2024.3.6). The dataset was randomly
divided, with 80% (56,624 points) allocated for model training and the remaining 20%
(14,156 points) reserved for independent testing. Model validation was conducted in two
stages. First, internal validation was performed on the testing subset using R2, RMSE, MSE,
and MAE to quantitatively evaluate predictive performance. Second, external validation
was carried out in SAR data gap areas using independent GNSS measurements in Valida-
tion area 1 and field observed damage features in Validation area 2. For the GNSS based
validation, the predicted deformation at each benchmark was calculated as the mean value
of the ten nearest model grid points and compared with the measured GNSS deformation
after conversion to the line of sight direction. This combined validation strategy allowed
both numerical accuracy and spatial reliability of the model predictions to be assessed.

Figure 6. Spatial distribution of training and testing dataset ((a) locations of training samples;
(b) locations of testing samples; gray areas indicate areas with missing SAR data).

4.2. Model Performance Evaluation

The overall performance of the four models is highly satisfactory, with the XGBoost
model standing out. It achieved the highest R2 value (0.8156), and its error metrics (RMSE,
MSE, and MAE) were all superior to those of the RF model and the other ensemble learning
models (Figure 7). However, all four models exhibited some degree of overestimation or
underestimation in their predictions (Figure 8). Most of the absolute errors fell within
the range of 0 to 5 mm, followed by the 5 to 10 mm range, with only a few samples
showing absolute errors greater than 10 mm, indicating that the overall predictive per-
formance of the models is reliable. Notably, the underestimation errors in the XGBoost
model were the smallest among the four models, generally remaining within 5 mm. This
superior performance likely reflects the fact that XGBoost iteratively corrects residual errors
while incorporating explicit regularization, shrinkage, and column subsampling, which
can improve generalization for structured tabular data with complex nonlinear feature
interactions [51]. By contrast, Random Forest reduces variance by averaging many inde-
pendently grown trees [62], but it does not sequentially correct previous errors, which may
partly explain its weaker ability to reproduce the spatial deformation gradients observed
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in this study. LightGBM and CatBoost are also powerful boosting frameworks; however,
LightGBM is primarily optimized for computational efficiency on large datasets, whereas
CatBoost is especially advantageous when categorical variables are explicitly handled dur-
ing training [63]. In our case, which involved structured predictors with mostly continuous
variables and only a few encoded categorical variables, XGBoost appears to have provided
the best balance between model flexibility and generalization.

Figure 7. Model performance evaluation ((a) LightGBM; (b) XGBoost; (c) Random Forest;
(d) CatBoost).
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Figure 8. Statistics of overestimation and underestimation of surface deformation by each model
((a) LightGBM; (b) XGBoost; (c) Random Forest; (d) CatBoost).

4.3. Surface Deformation Spatial Estimation Results

Figure 9 presents a comparison of surface deformation estimates by four machine
learning models—XGBoost, Random Forest (RF), LightGBM, and CatBoost—across regions
lacking SAR-derived measurements. While all models were trained and tested on the same
spatial grid, their outputs reveal clear differences in the spatial coherence and patterns of
estimated surface deformation. Both XGBoost and CatBoost yield spatially continuous and
geologically plausible deformation zones, closely matching the mapped landslide boundary
and geomorphic features. In contrast, the RF model produces highly fragmented and patchy
results, failing to reproduce the expected spatial gradients and extent of deformation.
LightGBM offers intermediate performance, identifying the overall deformation pattern
but occasionally generating discontinuous or irregular estimates.

Quantitative assessment using GNSS benchmarks (Validation area 1, Figure 9), as
summarized in Table 1, further supports these visual observations. For both GNSS sites,
the XGBoost estimates (−31.2 mm for GNSS 1 and −19.8 mm for GNSS 2) show minimal
deviation from the measured values (−31.8 mm and −20.1 mm, respectively), with absolute
errors of 0.6 mm and 0.3 mm. CatBoost also demonstrates high accuracy at GNSS 1
(−30.5 mm, error 1.3 mm) but shows a larger error at GNSS 2 (−4.8 mm, error 15.3 mm).
By contrast, RF not only underestimates the magnitude of deformation but also predicts
the wrong deformation direction at both sites, resulting in large errors (27.5 mm and
22.7 mm). LightGBM underestimates the magnitude at GNSS 1 (−9.9 mm, error 21.9 mm),
but performs somewhat better at GNSS 2 (−15.7 mm, error 4.4 mm).
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Figure 9. Prediction of surface deformation over SAR data gaps via XGBoost, Random Forest,
LightGBM and CatBoost, corroborated GNSS measurements and field observations. P1, building
wall cracking; P2, pavement displacement/cracking; P3, ground/pavement deformation.

Qualitative validation in Validation area 2 further demonstrates the practical signifi-
cance of the model results (Figure 9). Field observations, including building wall offsets and
pavement displacement, are best matched by the deformation zones identified by XGBoost
and CatBoost, both of which delineate contiguous areas of severe subsidence (deforma-
tion < −40 mm). LightGBM also captures the main affected area but with lower estimated
severity, whereas RF fails to identify any coherent high-deformation zone consistent with
the documented structural damage.

Together, the integrated quantitative and qualitative validations indicate that XGBoost
and CatBoost provide more reliable and spatially consistent estimates of surface deforma-
tion in SAR data-scarce regions, offering strong potential for landslide hazard assessment
and mitigation in similar environments.
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Table 1. Comparison of model-estimated and measured surface deformation at GNSS Sites.

Measurement
(mm)

XGBoost
(Estimation/Error)

RF
(Estimation/Error)

LightGBM
(Estimation/Error)

CatBoost
(Estimation/Error)

GNSS 1 −31.8 −31.2/0.6 −4.3/27.5 −9.9/21.9 −30.5/1.3

GNSS 2 −20.1 −19.8/0.3 2.6/22.7 −15.7/4.4 −4.8/15.3

Note: For each GNSS site, the estimated value represents the mean of the ten nearest model grid points. Error
is calculated as the absolute difference between the estimated mean and the measured GNSS value. Positive
measured values indicate uplift; negative values indicate subsidence. All the deformation measurements obtained
from GNSS have been converted to the line-of-sight direction.

4.4. Global Explanation Analysis of Models Using SHAP

In this subsection, SHAP and PDP were jointly used to interpret the surface defor-
mation prediction models. SHAP was applied to quantify the direction and magnitude
of feature contributions at both the global and sample levels, whereas PDP was used to
summarize the average response of model predictions to changes in individual predictors.
Together, these methods provide a more coherent interpretation framework by combin-
ing contribution-based explanation with trend-based effect visualization. For categorical
predictors, SHAP values were interpreted after converting the encoded labels back to the
corresponding land-use classes, lithological units, and protection categories.

Across all four models (LightGBM, Random Forest, XGBoost and CatBoost), the SHAP
summary plots (Figure 10) consistently identify low elevation, intensive land use, proximity
to roads and mudstone lithology as the strongest drivers of negative contributions—that is,
the greatest predicted subsidence. Samples at higher elevations, under forest cover, located
farther than 200 m from roads or sitting on sandstone show SHAP values near zero or
slightly positive, indicating stability. Although minor influences appear for relief, aspect,
NDVI and wetness index, their SHAP distributions remain tightly clustered around zero in
every model.

The instance-level SHAP heatmaps (Figure 11) zoom in on the worst-case scenarios:
the rows corresponding to elevation, land use, road distance and lithology display intense
red bands for exactly the same samples whose cumulative SHAP impact is most negative.
In other words, every location predicted to subside most severely combines low ground,
cropland or grassland cover, close road proximity and mudstone substrate. By contrast,
samples on high ground with construction land or protected forest sitting on sandstone
exhibit much cooler colors, confirming their low-risk status.

Model-to-model differences emerge in the range and outlier behavior of SHAP val-
ues. LightGBM and Random Forest produce broader SHAP spreads and more extreme
negative outliers, reflecting higher sensitivity to these key features, whereas XGBoost and
CatBoost yield tighter, more uniform SHAP distributions—suggesting greater robustness
and smoother marginal effects. Together, these visualizations not only rank the global
importance of natural versus anthropogenic controls but also pinpoint the precise feature
combinations that generate the highest subsidence risk in our study area.

Figure 12 presents the combined SHAP scatterplots (top) and PDP curves (bottom) for
LightGBM (Figure 12a), XGBoost (Figure 12b), Random Forest (Figure 12c) and CatBoost
(Figure 12d). All models consistently show that human-engineering factors—road distance,
land-use class and protection level—dominate predicted subsidence, while cumulative
flow, elevation, slope and relief set a secondary baseline and lithology, NDVI and TWI
remain near zero. Notably, XGBoost delivers the tightest SHAP distributions and the
smoothest PDP curves—reflecting its robust handling of feature interactions and regular-
ization. By contrast, Random Forest exhibits the widest SHAP spreads and more jagged
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PDP oscillations, indicating higher sensitivity to local heterogeneity and aligning with its
comparatively lower accuracy.

Figure 10. SHAP summary chart ((a) LightGBM; (b) XGBoost; (c) Random Forest; (d) CatBoost).

Figure 11. SHAP heat map ((a) LightGBM; (b) XGBoost; (c) Random Forest; (d) CatBoost).
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Figure 12. SHAP dependence plot of indicator factors on surface deformation ((a) LightGBM;
(b) XGBoost; (c) Random Forest; (d) CatBoost).

Road distance emerges as the single strongest driver of negative SHAP contributions.
SHAP points within 0–50 m of a road cluster between −6 and −8 mm, indicating severe
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settlement risk, then moderate to −2 to −4 mm at 50–150 m and converge near zero beyond
200 m. PDP curves mirror this steep attenuation, reflecting how vibrations, altered drainage
and embankment loading dissipate rapidly with distance from linear infrastructure.

Land-use effects appear as clear SHAP “steps”: urban built-up areas center around
−5 to −7 mm, cropland −4 to −5 mm, shrubland −2 to −3 mm and forest near zero. PDPs
reproduce these marginal jumps, matching field observations that impervious surfaces
and deep tillage compact soils and alter groundwater regimes, whereas wooded cover
maintains stability.

Interestingly, both SHAP and PDP reveal a counter-intuitive V-shaped relationship
between protection level and subsidence risk: intermediate, partial protections (level 2)
exhibit the deepest PDP trough (−2.5 to −3.5 mm) and most negative SHAP contributions,
whereas areas with no protection (level 1) or full protection (level 3) show only moderate
settlement (−1 to −2 mm). This pattern contradicts the expectation that “more protection =
less deformation,” suggesting instead that mid-tier works may underperform. We therefore
hypothesize that partial structures—shallow retaining walls, surface drains and sealants—
lose effectiveness when damaged or clogged, leading to peak subsidence in these areas.
To verify this, we conducted field surveys across all three protection levels and observed
extensive cracking, sediment buildup and seepage damage in level 2 installations, while
level 3 systems remained intact and level 1 slopes settled uniformly as expected (Figure 13).
These site observations confirm the SHAP-based insights, underscore the necessity of
routine inspection and maintenance of intermediate protective works, and demonstrate
how interpretability methods can reveal nuanced, non-monotonic effects that traditional
importance rankings would overlook.

Figure 13. Field survey of protective measures ((a,b) damaged “partial protection” measures; (c,d) in-
tact “more protection” measures).
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5. Discussion

5.1. Understanding Human Engineering Impacts on Surface Deformation Through SHAP
Local Explanation

Over 80% of the study area is influenced by various types and intensities of an-
thropogenic activities, which, as demonstrated in the global interpretation in Section 4.4,
significantly impact surface deformation. In this subsection, two specific cases are selected
to apply the SHAP local interpretation approach, aiming to quantitatively analyze how the
characteristics of these anthropogenic activities influence the model’s predictive behavior.

A downward slope deformation sample with a surface deformation of −35 mm was
selected for analysis (Figure 14a). The values of each characterization factor for this sample
are labeled on the y-axis in Figure 14b–e. Notably, the land use type for this sample is 3,
indicating grassland; the lithology is 3, representing mudstone; and the protection measure
is 1, denoting partial protection.

Figure 14b–e illustrate the complete prediction process of the four models, highlighting
the extent to which each feature influences the predicted values. Overall, all four models
correctly predict the direction of surface deformation for the sample. The XGBoost model
achieves the most accurate prediction, with a final surface deformation of −34.15 mm and
an error of just 0.85 mm. The LightGBM and CatBoost models predict surface deformations
of −41.64 mm and −36.95 mm, respectively. While their errors are larger than that of
XGBoost, both remain within 7 mm. In contrast, the Random Forest model predicts a
surface deformation of −5.85 mm, yielding the largest error among the models at 29.15 mm.
Notably, two anthropogenic factors—land use type and distance from roads—play signifi-
cant roles in the prediction processes of all four models. For instance, in the XGBoost model,
which demonstrates the best overall performance, land use type and distance from roads
contribute −9.03 mm and −5.69 mm, respectively, to the final predicted value, accounting
for nearly half of the total prediction.

Another sample was selected for SHAP local interpretation. In this case, the surface
deformation direction aligns with the satellite movement direction, and the degree of
deformation is minimal, with a cumulative deformation of only 10 mm (Figure 15a). All
four models correctly predicted the deformation direction for this sample. However,
regarding specific prediction accuracy, the XGBoost model performed best, predicting a
deformation of 9.16 mm with an error of only 0.84 mm. In contrast, the Random Forest
model showed the poorest performance, with an error of 6.87 mm.

The significance and specific contributions of the three human-engineering-related
features—land use type, distance from roads, and level of protection—varied across the
predictions of the four models. Among these, all four models consistently identified
land use type (with a value of 5 for this sample, representing construction land) as the
most influential human-engineering feature. Furthermore, it ranked as the second most
important feature overall, following elevation, in predicting the surface deformation for
this sample.

The contributions of land use type to the final predicted deformation values varied
across the models: 2.76 mm for LightGBM, 3.2 mm for XGBoost, 2.47 mm for Random
Forest, and 2.89 mm for CatBoost, with XGBoost showing the most substantial impact.
Construction land typically signifies intense human activities, including building houses
and infrastructure, which exert surface loads. Additionally, extensive stabilization mea-
sures, such as underground foundations, are often implemented in such areas. This context
explains why land use type consistently made a significant positive contribution to the
predicted surface deformation across all four models for this sample.

https://doi.org/10.3390/rs18091363

https://doi.org/10.3390/rs18091363


Remote Sens. 2026, 18, 1363 20 of 27

Figure 14. SHAP local interpretation of downward slope deformation case ((a) Location of sample
points; (b) LightGBM; (c) XGBoost; (d) Random Forest; (e) CatBoost).

In addition, the anthropogenic feature of distance to the road (with this sample being
only 40 m away from the nearest road) was identified as the second most important feature
after land use type in the prediction processes of LightGBM, XGBoost, and CatBoost,
contributing 2.12 mm, 1.55 mm, and 1.56 mm, respectively. This result suggests that these
three models recognize the mitigating effect of roads on surface subsidence. Specifically, the
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closer the distance to a road, the more likely the predicted direction of surface deformation is
to lean towards the positive (i.e., close to the satellite), with a generally smaller deformation
magnitude.

Figure 15. The local explanation of SHAP for cases where the deformation direction aligns with the
satellite movement direction ((a) Location of sample points; (b) LightGBM; (c) XGBoost; (d) Random
Forest; (e) CatBoost).
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5.2. Temporal Limitation and Potential Solution

This paper presents a surface deformation prediction framework using an interpretable
ensemble learning model, designed to reliably estimate deformation patterns in areas
affected by SAR data gaps. This methodological choice was guided by the nature of
the problem. Unlike approaches that focus only on improving InSAR processing itself,
the present study addresses the complementary task of estimating deformation in areas
where SAR observations are incomplete. In this context, ensemble tree-based models
are well suited because they can capture nonlinear relationships and interactions among
topographic, hydrological, geological, vegetation, and human engineering factors while
remaining effective for structured tabular datasets. Among the tested alternatives, XGBoost
was adopted as the preferred model because it provided the best balance between predictive
accuracy, spatial coherence, and generalization. SHAP and PDP were further incorporated
to complement the predictive model with transparent interpretation, which is essential
in landslide studies where understanding the contribution of controlling factors is as
important as obtaining accurate estimates. The method’s effectiveness and practical utility
have been confirmed through field investigations and quantitative evaluations. However,
some limitations exist, especially related to capturing temporal dynamics.

Deformation data derived from SBAS-InSAR techniques typically show spatial and
temporal discontinuities [64]. The proposed framework primarily tackles spatial discon-
tinuities due to SAR data gaps, making it suitable for predicting long-term deformation
distributions. However, it currently does not capture temporal variations or allow detailed
analysis across different time intervals.

In recent studies, machine learning combined with InSAR time-series data has effec-
tively predicted temporal changes in displacement, including episodic accelerations [65–67]
and responses to hydrometeorological events [68]. These studies provide deeper insights
into landslide behavior and enhance real-time hazard monitoring capabilities [69]. Future
research should incorporate temporal dynamics and multi-source displacement data into
interpretable machine learning frameworks, aiming for high-resolution and continuous
deformation prediction.

5.3. Multi-Source Deformation Data Fusion

The deformation prediction framework proposed in this study effectively leverages
InSAR-derived measurements to address spatial data gaps commonly found in steep or
challenging terrain. To enhance accuracy and robustness further, future research could
integrate additional deformation data from sources such as GNSS, inclinometers, ground-
based radar, and other geodetic or geotechnical observations [70].

Incorporating multiple data sources may significantly improve predictive capabilities,
particularly in areas with sparse or compromised InSAR coverage [71]. For instance, point-
based measurements from GNSS or tiltmeters could serve as validation or supplementary
inputs, improving spatial resolution and correcting potential biases [72,73]. Combining
satellite remote sensing with ground-based data also enables the detection of more complex
and varied deformation phenomena [74,75].

However, merging data from different sources introduces methodological challenges.
These data often differ in spatial resolution, sampling rates, noise characteristics, and
deformation sensitivities [76,77]. Effective integration thus requires careful preprocessing,
standardization of coordinate systems, and potentially advanced assimilation methods
to ensure consistency and physical realism. Additionally, the limited and uneven distri-
bution of ground-based monitoring stations poses practical challenges to comprehensive
integration efforts at larger scales.
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5.4. Transferability of the Proposed Framework

Although developed for Yunyang County, the proposed framework is not site-specific
in principle and should be transferable to other regions where surface deformation is
controlled by comparable combinations of topography, lithology, hydrological setting,
vegetation cover, and human-engineering disturbance, and where reliable InSAR observa-
tions are available for at least part of the study area to train the model. The framework is
expected to perform particularly well in mountainous or hilly urban and peri-urban envi-
ronments characterized by moderate to strong relief, heterogeneous land use, dense road
networks, excavated or engineered slopes, and slow to moderate deformation processes
that can be captured by cumulative InSAR measurements. Under such conditions, the se-
lected predictors can represent the dominant controls on deformation, and the SHAP-based
interpretation remains physically meaningful.

By contrast, direct application to other regions may require adaptation when the
dominant deformation mechanisms differ substantially from those in the present study. In
areas controlled primarily by deep-seated landslides, rapid failures, mining subsidence,
strong seasonal hydrology, reservoir-level fluctuations, earthquake forcing, or permafrost-
related processes, the predictor set should be revised to include locally relevant variables,
such as rainfall, groundwater conditions, fault proximity, seismic intensity, or reservoir
fluctuation indices. In addition, categorical variables such as lithology, land use, and
protection level should be reclassified according to local mapping schemes, the spatial
resolution should be adjusted to the scale of local slope processes, and the model should
be retrained and validated using locally representative InSAR observations and, where
available, ground-based monitoring data. Therefore, the proposed approach is best con-
sidered a transferable workflow rather than a fixed model, and its successful application
elsewhere depends on the match between local deformation mechanisms, predictor design,
and available observations.

6. Conclusions

To address the persistent challenge of accurately estimating surface deformation
in areas with incomplete SAR data, this study presents a spatial estimation framework
that leverages machine learning and model interpretability techniques. By combining
SBAS-InSAR measurements with geological and human engineering factors, the frame-
work captures the complex influences shaping ground deformation and enables spatially
complete mapping even in data-scarce settings.

(i) In Yunyang County, Chongqing, we compiled 11 geological and anthropogenic
variables—including protective measures, road proximity and land use—to train
four ensemble models. XGBoost yielded the highest predictive skill (R2 = 0.816, RMSE
= 6.85 mm, MAE = 4.27 mm, MSE = 46.9). Quantitative comparison with two inde-
pendent GNSS benchmarks showed that XGBoost reproduced measured subsidence
within 0.6 mm at GNSS 1 and 0.3 mm at GNSS 2, outperforming all other models;
CatBoost was accurate at GNSS 1 (1.3 mm error) but underestimated deformation at
GNSS 2 (15.3 mm error). Field investigations at three damage sites further confirmed
that the two top-ranking models correctly identified continuous high-subsidence
zones consistent with onsite evidence.

(ii) Model interpretability was explored using SHAP and partial dependence analyses,
which consistently highlighted elevation and engineering-related factors as the dom-
inant controls on deformation. Specifically, areas at lower elevation and greater
distance from roads or cultivated land were more susceptible to downslope move-
ment. Moreover, SHAP-based explanations revealed an unexpected peak in pre-
dicted subsidence at protection level 2 (partial protection): regions with intermediate
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protection—where partial protective measures are prone to damage—exhibited the
largest negative contributions. This finding, validated by our field surveys showing
that partial protective measures often suffer cracking and clogging, underscores the
critical importance of routine inspection and maintenance of protective works.

(iii) For local interpretation, two representative cases with different deformation directions
were selected. The results show that, while the ranking of key predictors was generally
consistent across models, the specific contribution of each factor varied. LightGBM,
XGBoost, and CatBoost reproduced measured deformation with high fidelity, whereas
Random Forest tended to underestimate displacement. Among human engineering
facntors, distance from roads and land-use type exerted the strongest effects on the
predicted deformation patterns.

By integrating InSAR data, ensemble learning, and model explainability, this frame-
work delivers both accurate and interpretable estimates of surface deformation in re-
gions with limited SAR coverage, supporting more effective landslide monitoring and risk
management.
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