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Introduction: Surface deformation in the Three Gorges Reservoir area poses
significant threats to infrastructure and safety due to complex geological and
hydrological factors. Despite existing studies, systematic exploration of long-
term deformation characteristics and their driving mechanisms remains limited.
This study combines SBAS-InSAR technology and machine learning to analyze
and predict surface deformation in Fengjie County, Chongging, China, between
2020 and 2022, focusing on riverside urban ground, riverside road slopes, and
ancient landslides in the reservoir area.

Methods: SBAS-InSAR technology was applied to 36 Sentinel-1A images
to monitor surface deformation, complemented by hydrological and
meteorological data. Machine learning models—Random Forest (RF), Extremely
Randomized Trees (ERT), Gradient Boosting Decision Tree (GBDT), Support
Vector Regression (SVR), and Long Short-Term Memory (LSTM)—were evaluated
using six metrics, including RMSE, R?, and SMAPE, to assess their predictive
performance across diverse geological settings.

Results: Deformation rates for riverside urban ground, road slopes, and
ancient landslides were -348 + 291 mm/yr, =519 + 3.62 mm/yr, and
-6.02 + 4.55mm/yr, respectively, with ancient landslides exhibiting the
most pronounced deformation. A negative correlation was observed
between reservoir water level decline and subsidence, highlighting
the influence of seasonal hydrological adjustments. Urbanization
and infrastructure  development  further exacerbated deformation
processes. Among the models, LSTM demonstrated superior predictive
accuracy but showed overestimation trends in ancient landslide areas.

01 frontiersin.org


https://www.frontiersin.org/journals/earth-science
https://www.frontiersin.org/journals/earth-science#editorial-board
https://doi.org/10.3389/feart.2024.1503634
https://crossmark.crossref.org/dialog/?doi=10.3389/feart.2024.1503634&domain=pdf&date_stamp=2025-01-09
mailto:pinglangkou@163.com
mailto:pinglangkou@163.com
https://doi.org/10.3389/feart.2024.1503634
https://creativecommons.org/licenses/by/4.0/
https://creativecommons.org/licenses/by/4.0/
https://www.frontiersin.org/articles/10.3389/feart.2024.1503634/full
https://www.frontiersin.org/articles/10.3389/feart.2024.1503634/full
https://www.frontiersin.org/articles/10.3389/feart.2024.1503634/full
https://www.frontiersin.org/articles/10.3389/feart.2024.1503634/full
https://www.frontiersin.org/articles/10.3389/feart.2024.1503634/full
https://www.frontiersin.org/articles/10.3389/feart.2024.1503634/full
https://www.frontiersin.org/journals/earth-science
https://www.frontiersin.org

Yang et al.

10.3389/feart.2024.1503634

Discussion: Reservoir water level adjustments emerged as a critical driver
of subsidence, with rapid water level declines leading to increased pore
pressure and soil compression. Seasonal effects were particularly evident,
with higher subsidence rates during and after the rainy season. Human
activities, including urbanization and road construction, significantly intensified
deformation, disrupting natural geological conditions. Progressive slope failure
linked to road expansion underscored the long-term impacts of engineering
activities. For ancient landslides, accelerated deformation patterns were linked
to prolonged drought and reservoir-induced hydrological changes. While LSTM
models showed high accuracy, their limitations in complex geological settings
highlight the need for hybrid approaches combining machine learning with
physical models. Future research should emphasize developing integrated
frameworks for long-term risk assessment and mitigation strategies in reservoir
environments.

Conclusions: This study provides new insights into the complex surface
dynamics in the Three Gorges Reservoir area, emphasizing the interplay of
hydrological, geological, and anthropogenic factors. The findings highlight the
need for adaptive management strategies and improved predictive models to
mitigate subsidence risks.

surface deformation, SBAS-INnSAR, Three Gorges Reservoir area, machine learning

prediction, reservoir water level impact

1 Introduction

Ground subsidence is a widespread geological phenomenon
that poses a serious threat to infrastructure safety, environmental
stability, and socio-economic development in many regions
worldwide. Tis phenomenon not only afects the integrity of
buildings and infrastructure but can also lead to increased food
risk, groundwater contamination, and ecosystem degradation
(Herrera-Garcia et al., 2021). In the past few decades, with
the acceleration of urbanization and the construction of large-
scale water conservancy projects, ground subsidence issues
have become increasingly prominent, attracting widespread
attention from the scientifc community and policymakers.
Particularly in areas afected by large-scale water conservancy
projects such as the Tree Gorges Reservoir area, ground
subsidence exhibits more complex characteristics and potential
risks due to its unique geological conditions, complex
hydrological environment, and frequent human activities
(Wang et al., 2020; Li et al., 2024).

Te Tree Gorges Reservoir, as one of the world’s
largest and most far-reaching water conservancy projects, has
sparked extensive scientifc discussion and research since its
operation began. T e operation of the reservoir has signifcantly
changed the hydrological situation in the area, implementing
a “winter storage, summer release” water level scheduling
mode, resulting in annual water level fuctuations of up to
30m (Bao et al, 2015). Tis large-scale, periodic water level
change has had a profound impact on surface stability. Te
periodic changes in water level not only alter groundwater
dynamics but may also afect the mechanical properties of
rock and soil masses, thereby triggering or exacerbating
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geological hazards such as ground subsidence and landslides
(Tang et al, 2019). However, the specifc mechanisms and
long-term efects of reservoir water level changes on surface
deformation are still not fully understood, especially under
diferent geological conditions and human activity intensities, where
this relationship may exhibit complex nonlinear characteristics
(Zhang et al., 2015; Yang et al., 2022).

In addition to reservoir water level changes, rainfall is also
an important factor afecting surface stability in the T ree Gorges
Reservoir area. T e region has a subtropical humid monsoon climate
with abundant and unevenly distributed rainfall. Numerous studies
have shown that rainfall can afect surface stability by increasing soil
weight, reducing soil strength, and changing pore water pressure
(Li et al., 2019). However, against the background of periodic
reservoir water level changes, the mechanism of rainfall's impact
on surface deformation may be more complex. For example, the
temporal confguration of reservoir water levels and rainfall may
produce additive or ofsetting efects, and the impact of these
complex hydrological coupling processes on surface deformation
needs further study (\Wang et al., 2021).

Human activity is another important factor that cannot be
ignored. With the rapid economic development of the T ree Gorges
Reservoir area, accelerated urbanization, large-scale infrastructure
construction, and land use changes have signifcantly altered the
original surface conditions. Tese human activities may afect
surface deformation by changing surface cover, increasing ground
load, and altering groundwater systems (Wang et al, 2020).
Te impact of human activities may be particularly signifcant
in riverside urban areas and road construction areas. However,
how to quantify and distinguish the relative contributions of
human activities and natural factors to surface deformation
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remains a challenging scientifc question (Fan et al., 2020; Ye
etal., 2024).

In recent years, the rapid development of remote sensing
technology has provided a powerful tool for large-scale, high-
precision monitoring of surface deformation. Among these,
Synthetic Aperture Radar Interferometry (INSAR) technology
has been widely used in surface deformation monitoring due
to its high spatial resolution and all-weather working capability
(Ferretti et al., 2011; Shi et al., 2019). In particular, the Small
Baseline Subset (SBAS) InSAR technique, by utilizing multi-
temporal SAR data, can provide millimeter-level precision surface
deformation measurements, greatly enhancing the ability to detect
small surface deformations (Lanari et al., 2004). Tis technology
not only provides information on the spatial distribution of
surface deformation over large areas but can also capture the
temporal evolution process of deformation, ofering unprecedented
opportunities for studying ground subsidence in complex geological
environments (Zhao et al., 2019; Wang et al.,, 2020). However,
how to efectively utilize this high-resolution spatiotemporal
data to understand and predict ground deformation in complex
geological environments remains an important scientifc challenge
(Osmanoglu et al., 2016; Wang et al., 2020). Traditional data analysis
methods ofen struggle to handle the high dimensionality and
nonlinear characteristics of INSAR data, limiting our in-depth
understanding and accurate prediction of surface deformation
mechanisms.

Machine learning and deep learning technologies provide new
approaches to addressing this challenge. T ese methods can extract
valuable information from complex multi-source data, ofering
new possibilities for predicting ground deformation and assessing
risks (Reichstein et al., 2019). For example, ensemble learning
methods such as Random Forest (RF), Extremely Randomized
Trees (ERT), and Gradient Boosting Decision Tree (GBDT) have
shown excellent performance in handling nonlinear relationships
and high-dimensional data (Chen and Guestrin, 2016). Tese
methods can efectively capture complex relationships between
surface deformation and various infuencing factors by constructing
multiple decision trees and combining their prediction results.
Support Vector Regression (SVR) has attracted attention due to
its advantages in small-sample learning (Cortes and Vapnik, 1995).
By mapping the input space to a high-dimensional feature space,
SVR can handle nonlinear problems, which is particularly useful
for analyzing complex relationships in geological environments.
In recent years, deep learning models such as Long Short-Term
Memory (LSTM) networks have shown outstanding performance
in time series prediction tasks, providing new possibilities for
long-term prediction of surface deformation (Hochreiter and
Schmidhuber, 1997). Te design of LSTM allows it to capture
long-term dependencies, which is particularly important for
analyzing long-term trends and periodic changes in surface
deformation. Although these machine-learning methods have
achieved signifcant results in their respective felds, their
performance diferences and applicability in handling geological
data, especially in the complex T ree Gorges Reservoir environment,
have not been fully studied (Ma and Mei, 2021). Each method
has its advantages and limitations, and how to choose the most
suitable model for specifc geological environments and data
characteristics, how to integrate the advantages of multiple models,
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and how to interpret model results and combine them with
physical mechanisms are all issues that need in-depth discussion.
Furthermore, the application of machine learning methods in
surface deformation prediction still faces challenges such as data
quality, model generalization ability, and uncertainty quantifcation.
For example, how to handle noise and missing values in InSAR
data, how to ensure the prediction stability of models at diferent
spatiotemporal scales, and how to evaluate and communicate the
uncertainty of prediction results are all important issues that need
further research (Tiwari et al., 2020).

In this context, this study aims to combine SBAS-INSAR
technology with various machine learning models to analyze in
depth the deformation characteristics of diferent surface types
in the T ree Gorges Reservoir area and their driving factors. We
selected Fengjie County, Chongging, China, as the study area,
which is located in the core area of the Tree Gorges Reservoir
and has typical geological features and climatic conditions. Specifc
objectives include (1) Quantifying and comparing deformation
rates and patterns of diferent surface types (including riverside
urban ground, riverside road slopes, and ancient landslides in
the reservoir area); (2) Investigating the impacts of reservoir
water level changes, rainfall, and human activities on surface
deformation; (3) Evaluating and comparing the performance
of diferent machine learning models in predicting surface
deformation. T rough this study, we expect not only to provide
the scientifc basis for geological disaster risk assessment and
management in the T ree Gorges Reservoir area but also to ofer
methodological references and experiential lessons for surface
deformation research in similar areas afected by large-scale water
conservancy projects.

2 Methodology
2.1 Study area

Tis study selected Fengjie County in Chongging, China as
the research area. Te county is located in the core area of the
Tree Gorges Reservoir Region, in the northeast of Chongging
City. Te coordinates of Fengjie County town were 31°1'6.78"N,
109°24'3.35"E (Figure 1). It was an area particularly prone to
various geological disasters due to its geological characteristics and
climatic conditions. As an important part of the Tree Gorges
Reservoir, this area was signifcantly afected by water level changes.
Afer the completion of the T ree Gorges Project, the hydrological
situation in this area changed signifcantly (Zhang et al., 2016).
Te Tree Gorges Reservoir implemented a water level scheduling
mode of “winter storage and summer discharge”. From October to
June of the following year was the water storage period, during
which the water level gradually rose to about 175 m. From June to
October was the food discharge period, during which the water level
gradually dropped to about 145 m (Bao et al., 2015). T is periodic
water level change had a signifcant impact on the stability of the
local surface.

Te topography of Fengjie County was mainly mountainous
and hilly, with large diferences in altitude ranging from 70 m to
2,100 m. T e geological structure was complex, mainly composed
of limestone and sandstone, with most strata belonging to the
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FIGURE 1
Location of the study area. (A) Location of the study area. (B) Three key areas of significant subsidence are under investigation. (C) Landuse in 2013. (D)
Landuse in 2023. Fengjie County town is located at 31°01°03"N, 109°27°54"E.

Middle Triassic Badong Formation, characterized by fragmentation
and looseness. Te county had a subtropical humid monsoon
climate with an average annual precipitation of about 1,145 mm,
with 42% of the total annual rainfall occurring from July
to September. Tis rainfall pattern interacted with reservoir
water level regulation, producing complex efects on surface
deformation and easily triggering geological disasters such as
landslides.

T e study area contained various land use types such as urban
built-up areas, farmland, forests, and water bodies, with rich natural
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resources and complex geological structures. In recent years, with
the acceleration of urbanization, the area had undergone rapid land
use changes, especially in the riverside areas where many original
wetlands and farmlands were converted to urban land. Te urban
areas along the river have been expanding signifcantly over the
years (Figures 1C, D). Te study focused on three typical areas:
riverside urban ground, riverside road slopes, and ancient landslides
in the reservoir area. T e riverside urban ground had undergone
signifcant urbanization, with original river wetlands being flled
and large-scale infrastructure construction. Te riverside road
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FIGURE 2
Data processing flow using the SBAS-INSAR method.

slope area had undergone road expansion projects, changing
the original topography and geological structure. Te ancient
landslide area in the reservoir represented a typical geological
disaster-prone area within the T ree Gorges Reservoir, afected by
both water level changes and human activities. Human activities
in the study area were frequent, including urban construction,
road engineering, and agricultural activities, which, together with
natural factors, afected the stability of the surface. Especially
in the ancient landslide area, increased human activities might
have exacerbated surface instability. Te operation of the Tree
Gorges Reservoir changed the natural fow process of downstream
rivers, resulting in seasonal and daily regulation characteristics
of river fow (Zhang et al, 2016). Te unique geographical
location, complex geological conditions, signifcant hydrological
characteristics, and intensive human activities of Fengjie County
made it an ideal place for studying surface subsidence and
deformation in the Tree Gorges Reservoir area, providing an
excellent research platform for in-depth understanding of surface
dynamic processes in reservoir areas.

2.2 Data sources

In this study, we utilized multiple data sources to
comprehensively analyze surface subsidence and deformation in
the Tree Gorges Reservoir area of Fengjie County. Te primary
data consisted of 36 Single Look Complex (SLC) images acquired
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from the Sentinel-1A satellite’s ascending orbit, provided by NASAs
Synthetic Aperture Radar Data Center. T ese images covered the
period from 1 January 2020, to 31 December 2022, ofering monthly
surface coverage data that provided valuable time series information
for our research.

To enhance the accuracy of our analysis, we incorporated
a 30-m resolution Shuttle Radar Topography Mission (SRTM)
Digital Elevation Model (DEM) obtained from https://search.asf.
alaska.edu/#/. Tis dataset played a crucial role in InSAR data
processing, enabling us to perform diferential INSAR processing
and synthetic aperture radar ofset tracking processing, thereby
eliminating the infuence of the topographic phase. Tis step was
particularly important for accurate surface deformation analysis,
especially when studying the impact of water level changes
and rainfall.

To facilitate a comprehensive understanding of the
driving factors behind surface deformation, we also collected
relevant environmental data. Daily water level data of the
Yangtze River was obtained from the Hubei Provincial
Hydrological and Water Resources Center (http://113.57.190.
228:8001/web/Report/RiverReport). Additionally, we acquired
daily rainfall data from the National Centers for Environmental
Information (NCEI) of the National Oceanic and Atmospheric
Administration (NOAA) (https://www.ncei.noaa.gov/maps/daily/).
T ese environmental datasets enabled us to analyze the relationship
between hydrological factors and surface deformation patterns.
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2.3 SBAS-InSAR technology

Te Small Baseline Subset InNSAR (SBAS-INSAR) technique
has demonstrated signifcant advantages in monitoring ground
subsidence over large areas and extended time series (Zhao et al.,
2019). Based on the algorithm proposed by Berardino et al. (2002),
this technique processes multiple SAR images covering the same
areaand arranged in chronological order. T e theoretical framework
of this technique was based on the processing of N+1 SAR images
covering the same area and arranged in chronological order. Te
number of diferential interferograms (M) that can be generated
follows the relationship:

N(N +1)
<M<
2 2

Equation 1 indicated that by diferentially processing N+1 SAR
images covering the same area and arranged in chronological order
tg,..t,...,ty, M diferential interferograms were generated. For any
pixel in the diferential interferogram k (1,..., M), the following
equation applied:

@

00, (X, 1) = @(tg, X, 1) = O(ta, X, T)
= T d(te. x.0) - d(tax 1] @)
= ¢disp + ¢topo + ¢atmo + ¢n0ise

Equation 2 represented the composition of the interferometric
phase in pixel (x,r) of the kth interferogram generated by images
at t4 and tz, where x and r were azimuth and range coordinates,
respectively. T e phase was caused by the distance change between
the target and the radar along the LOS direction. Additionally,
¢ was the observed interferometric phase, ¢, was the surface
deformation phase, ¢mpo was the topographic phase, ¢, was the
atmospheric phase, and ¢,,;., Was the noise phase.

Based on the above equation, a system of equations could be
defned with the number of SAR images N and the number of
diferential interferograms M. Its matrix form could be expressed as
Equation 3:

Ap =5d 3

Where matrix A was an MxN dimensional approximate correlation
matrix. Te phase-solving problem was converted to solving the
following Equation 4:

Bv =3¢ 4

By performing singular value decomposition on matrix B,
the average phase rate v in the LOS direction within the
acquisition time of adjacent images was obtained it could be
expressed as the Equation 5:

PN~ On-1q"

¢, Qi ~ Qi ] 5)

-ty -ty

T —
! L Y [\l 'V}

Finally, by further solving the minimum norm least squares
solution of the obtained average phase rate, the cumulative
surface deformation within a specifc time range could
be obtained (Li et al., 2022).

In our implementation process (Figure 2), we began with
comprehensive data preprocessing using ENVI sofware, where we
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converted SAR images and precise orbit fles into SLC format.
Following the processing framework established by Chang etal.
(2023), we cropped the SAR ascending orbit images using vector
fles (shp) of the study area. To optimize computational efciency,
we cropped the SAR ascending orbit images using vector fles
(shp) of the study area. We then proceeded with interferogram
generation, creating 143 interferometric pairs based on a 90-day
time baseline threshold. T ese pairs underwent the removal of fat
ground and topographic phase errors, followed by adaptive fltering
of the diferential interferograms.

Given the extensive vegetation coverage in Fengjie County, we
employed a specifc phase unwrapping threshold of 0.2, carefully
selected based on coherence analysis of vegetation-covered areas to
balance data quality and usability, similar to the approach adopted
by Ye etal. (2024) in their study of reservoir landslides during
weather extremes. Afer phase unwrapping, we performed ofset
tracking to estimate the displacement between image pairs, which
helped to ensure the accuracy of our deformation measurements.
Te fnal stage of our analysis involved overlaying the processed
results with Google images for visual interpretation and combining
the deformation time series with water level and rainfall data.
Tis comprehensive analytical approach enabled us to examine
the relationships between environmental factors and surface
deformation patterns, providing valuable insights for geological
hazard assessment and prevention strategies. In this study, surface
deformation was expressed using negative values to indicate
downward ground movement (subsidence) and positive values to
indicate upward movement (uplif). T is convention was standard
practice in INSAR deformation monitoring, where larger negative
values indicated more severe subsidence. Tis representation
efectively illustrated the spatial distribution characteristics
and temporal evolution patterns of ground subsidence in the
study area.

2.4 Analysis of typical surface deformation
areas

In this study, we selected three representative deformation areas
to deeply explore the ground subsidence situation in the Tree
Gorges Reservoir area of Fengjie County. T ese three areas included:
ground subsidence in areas along the Yangtze River, subsidence
phenomena on road slopes along the river, and deformation
characteristics of ancient landslides in the reservoir area. T rough
this approach, we aimed to comprehensively understand ground
subsidence behavior under diferent geological and anthropogenic
conditions and explore potential factors infuencing these
deformations. For ground subsidence in areas along the Yangtze
River, we conducted a detailed quantitative analysis of cumulative
deformation data from 2020 to 2022. T rough this analysis, we
were not only able to assess the magnitude of subsidence rates but
also identify the spatial distribution characteristics of subsidence.
To enhance the accuracy of the analysis, we compared Google
historical satellite images with subsidence data, paying particular
attention to subsidence in river wetland areas. Tis comparison
revealed the potential contribution of large-scale infrastructure
construction, such as road and bridge construction, as well as river-
flling activities to ground subsidence. Additionally, we analyzed
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rainfall data and reservoir water level data to explore how these
hydrological factors interacted with ground deformation. We found
a signifcant temporal correspondence between the rapid decline
in reservoir water levels before the rainy season and accelerated
ground subsidence, suggesting that changes in reservoir water
levels might be an important factor afecting ground subsidence.
For subsidence on road slopes along the river, we conducted a
similar analysis. By comparing deformation data from diferent
time periods, we were able to track changes in subsidence rates and
identify potential subsidence hotspots. Furthermore, we conducted
a comparative analysis of historical images to verify our observations
and further understand the impact of road construction and other
human activities on slope stability. Finally, we conducted in-depth
research on the cumulative deformation of ancient landslides in
the Tree Gorges Reservoir area. Trough detailed analysis of
deformation data in landslide areas, we were able to assess the
stability of landslide bodies and identify potential risks of landslide
recurrence. T is analysis was crucial for understanding landslide
mechanisms and formulating efective disaster prevention and
mitigation measures.

2.5 Application and evaluation of machine
learning and deep learning models

To evaluate and compare the performance of diferent machine
learning models in predicting surface deformation, we selected
fve widely used algorithms: Random Forest (RF), Extremely
Randomized Trees (ERT), Gradient Boosting Decision Tree
(GBDT), Support Vector Regression (SVR), and Long Short-Term
Memory (LSTM). Tese models were applied to three areas with
diferent geological characteristics: urban ground deformation
along the river (Areal), road slope subsidence along the river
(Area2), and ancient landslide deformation in the reservoir area
(Area3). For model training and testing, we divided our SBAS-
INSAR-derived time series data (2020-2022) using a temporal
split strategy with a 7:3 ratio. Specifcally, the frst 70% of the time
series data (approximately from January 2020 to March 2021) was
used as the training set, while the remaining 30% (approximately
from April 2021 to December 2022) served as the test set. Tis
temporal splitting approach was chosen to evaluate the models’
ability to predict future deformation based on historical patterns.
We adopted six evaluation metrics to comprehensively measure
model performance: Root Mean Square Error (RMSE), Coefcient
of Determination (R%), Mean Absolute Error (MAE), Pearson
Correlation Coefcient, Mean Absolute Percentage Error (MAPE),
and Symmetric Mean Absolute Percentage Error (SMAPE). T ese
metrics were chosen because they could refect the prediction
accuracy and ftting degree of the models from diferent angles.
For each area, we trained all fve models using the same input
features and target variables. Input features for the prediction
models included: (1) temporal sequence data consisting of historical
deformation measurements at 24-day intervals from Sentinel-1
INSAR observations; (2) standardized diferential deformation rates
calculated using sequential measurements to capture the rate of
change; and (3) contextual spatial information preserved through
maintaining the pixel-wise relationship in the INSAR data matrices.
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Te target variable was the pixel-wise surface deformation rate
measured in mm/year, derived from SBAS-INSAR processing of
36 Sentinel-1 images. For model training, we used a temporal
sliding window of fve timesteps to predict the next timestep’s
deformation. Te dataset was split with a 7:3 ratio, where the
frst 70% of the chronological sequence (approximately from
January 2020 to March 2021) was used for training, and the
remaining 30% (approximately from April 2021 to December 2022)
for testing. To handle data imbalance and ensure computational
eFciency, we applied systematic sampling when the training samples
exceeded 20,050 points. T e hyperparameters for each model were
optimized using grid search with the following ranges: for SVR
(gamma = [0.1,0.5,1], C = [1,10,100], epsilon = [0.01,0.05,0.1]);
for tree-based models (n_estimators = [50,100,150], max_depth
= [5,10,15]); and LSTM (hidden_units = [32,64,128], dropout_
rate = [0.1,0.2,0.3]). Tis comprehensive approach allowed us to
capture both the temporal dynamics and spatial characteristics of
the deformation process while maintaining model generalization.
Afer training was completed, we applied these models to the test
set and calculated the above six evaluation metrics. Additionally,
based on time series INSAR technology, long-term predictions
of ground deformation were made for the study area, using the
best prediction model for each area, with a period from January
2020 to August 2024. To assess the accuracy and uncertainty
of the model predictions, we conducted a detailed comparative
analysis of observed data and predicted data. By comparing the
deformations in the three areas, we could see the prediction
performance of the models in diferent areas and the changes in
prediction uncertainty over time.

3 Results

We used the SBAS-INSAR time series method to detect active
slopes in the area and identifed numerous subsidence areas.
Our monitoring results revealed widespread signifcant ground
subsidence in the study area (Figure 3). For comparison and analysis,
we selected three signifcant deformation areas as shown in the
fgure, namely, ground subsidence in areas along the Yangtze River,
subsidence on road slopes along the river, and deformation of
ancient landslides in the reservoir area.

In this study, we analyzed deformation rates at diferent
locations, including urban areas, road slopes, and ancient landslide
areas. Afer statistical analysis, the average deformation rate
in urban areas was —-3.48 + 291 mm/yr (mean * standard
deviation); the average deformation rate on road slopes was —5.19
+ 3.62mm/yr; while the average deformation rate in ancient
landslide areas was -6.02 + 4.55mm/yr. Tese data refected
that the deformation rate in ancient landslide areas was more
signifcant compared to urban areas and road slopes, suggesting
that ancient landslide areas might have higher geological activity
frequency or more sensitive environmental response characteristics.
Moreover, the diference in standard deviations indicated the
variability of deformation rates at diferent locations, with the
ancient landslide areas showing the greatest variability, which might
be related to the complexity of geological structures and the
variability of environmental factors.
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FIGURE 3

10.3389/feart.2024.1503634

Deformation in three different locations of the study area. (A) Spatial distribution of deformation in riverside urban ground, riverside road slopes, and
ancient landslides in the reservoir area. (B) Comparison of deformation in the three locations, where the horizontal line and dot in the box plot
represent the median and mean values, respectively. (C) Frequency distribution of deformation in the three locations.

3.1 Urban ground deformation along the
river

Te cumulative deformation of urban ground along the river
over time could be seen in the fgure (Figure 4). We could see that
before the rainy season each year, such as 1 March 2020, 8 March
2021, and 15 March 2022, the cumulative deformation values in most
areas along the river were >1mm, with no signifcant subsidence;
afer entering the rainy season, such as 5 June 2020, and 12 June
2021, the cumulative deformation values in some areas of this region
decreased to —22 0 -17mm, with the rest also showing obvious
subsidence compared to March; afer the rainy season, such as 21
September 2020, 16 September 2021, and 11 September 2022, the
ground showed even more obvious subsidence, with cumulative
deformation in some areas along the river dropping below =42 mm.
T e cumulative ground deformation would rise in the following year.

We found that the average subsidence rate in urban areas
along the river reached —-3.484 + 2.914 mm/yr, which had already
exceeded the average subsidence rate in this area in recent
years (Figures 5A, B). By comparing Google historical satellite
images obtained in 2013 (Figure 5C) and 2020 (Figure 5D),
we could see that signifcant subsidence areas were mainly
distributed in the previous river wetland areas, indicating that this
intensifed subsidence was likely related to large-scale infrastructure
construction and associated river flling in recent years. In
addition, we also compared and analyzed the relationship between
cumulative deformation data in this area and rainfall data
obtained from meteorological stations, as well as reservoir water
level data (Figure 5E). From February to June 2020, the reservoir
water level in this area showed a rapidly declining trend, dropping
from 175m to 145m, with its subsidence rate ranging from 0
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to 10 mm/yr. However, a signifcant turning point occurred in
July 2020, with the reservoir water level rising to about 160 m.
Around September 2020, the reservoir water level experienced
some fuctuations, ranging between 152.5 m and 167.5m, with the
subsidence rate stabilizing at around —11 mm/yr. Until October, the
water level began to rise rapidly again, and from the end of the year
to February of the following year, the water level remained stable at
around 175 m. Subsequently, the reservoir water levels in 2021 and
2022 also maintained similar patterns of change as in 2020.

We found in our research that before entering the rainy season,
there would be a relatively rapid decline in reservoir water levels,
such as from February to June 2020, January to June 2021, and
January to May 2022. During these periods, the reservoir water levels
all showed a declining trend, mainly due to food discharge for food
prevention. Interestingly, we observed that during the same periods
of rapid water level decline, ground deformation monitoring data
also refected a signifcantly accelerated subsidence process in this
area. Taking these same periods, we found that most subsidence
increased with time and rising water levels, with subsidence rates
dropping from around -7 mm/yr to around =16 mm/yr. T is fnding
suggested that the lower the reservoir water level, the faster the
ground subsidence rate. To explain this, we proposed that when
reservoir water levels decreased, groundwater levels also decreased,
leading to signifcant compaction and subsidence of certain strata
above the decompression zone. However, since subsidence rates
were also afected by other factors such as local geological conditions
and rainfall infltration, the correlation between water level changes
and ground subsidence was not very high. In comparison, we found
that the correlation between rainfall and ground subsidence rates
was not obvious, with almost no signifcant ground deformation
observed before and afer entering and leaving the rainy season.
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FIGURE 4
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Cumulative deformation at equal time intervals in Deformation Area 1 (urban area).

3.2 Road slope deformation along the river

Our study found that another signifcant subsidence area was
located on the slopes afer road construction along the river
(Figures 7A, B). Te cumulative deformation of road slopes along
the river over time could be seen from the fgure (Figure 6). Taking
2020 as an example, in March, the cumulative deformation in
this area was >1mm, with no signifcant overall subsidence. Afer
entering the rainy season, the deformation became more apparent
in June and September, with cumulative deformation dropping to
—22 [0-17mm, only recovering slightly in December. T e years 2021
and 2022 maintained the same pattern of change but with varying
degrees of change.

During the investigation period, the average subsidence rate in
this area reached —-5.19 + 3.62 mm/yr (Figures 7A, B). It was worth
noting that, from the overall trend, this area showed continuous
ground subsidence during the study period (Figure 7E). Specifcally,
in early 2020, the deformation rate in this area fuctuated in the
range of —1.5 to —2.0 mm/yr. However, a signifcant subsidence
event occurred in May-August 2020, with the deformation rate
plummeting to about -9 mm/yr. Afer September 2020, the
deformation rate rebounded somewhat but still maintained at a
relatively high level of =7 to -9 mm/yr. From January to April 2021,
the deformation rate further rebounded to around -2 mm/yr. But
in May 2021, a larger-scale subsidence event occurred, with the
deformation rate again plunging sharply to a low of —18 mm/yr.
Although it rebounded aferward, it still maintained at a relatively
high level of =10 to —15 mm/yr. Entering 2022, the deformation
rate improved somewhat, but still maintained in the range of -5 to
—10 mm/yr most of the time.

Comparative analysis of historical images revealed that in 2013,
the road in this area had not yet been expanded, while in 2020, the

Frontiers in Earth Science

09

road was signifcantly widened (Figures 7C, D). We speculated that
the road construction at the foot of the slope changed the original
foundation soil structure and groundwater fow state, which was
the main reason for signifcant subsidence in this area. Moreover,
from the rainfall data, the overall rainfall situation in 2020 and
2021 was not abnormal and did not show an obvious corresponding
relationship with changes in subsidence rates. Especially before the
two signifcant subsidence events in May 2020 and May 2021, there
was no particularly heavy rainfall, with rainfall mostly below 5 mm.
T erefore, these two subsidence events were not much related to
short-term rainfall changes. Instead, during these two events, the
reservoir was in the process of rapid water level decline, dropping
rapidly from 175 m to 145m, and water level change should be
the main factor inducing subsidence. In fact, in 2022, the Yangtze
River experienced prolonged severe drought, with water levels at
low levels. Afer the rainy season, the water level remained in the
range of 145m-160 m for a long time, which could also explain
why this area had been in a state of high subsidence during this
period. Once the water level rose, the subsidence condition in this
areawould improve accordingly. T is fnding difered from previous
understandings, where past studies generally found that the rise in
reservoir water levels would increase groundwater pressure, thereby
leading to more severe soil subsidence.

3.3 Ancient landslide deformation in the
Reservoir area

Te cumulative deformation of ancient landslides in the T ree
Gorges Reservoir area showed the same periodic pattern as the
previous two study areas. Before each year’s rainy season, the
deformation was mostly >1mm, not very signifcant; afer entering
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FIGURE 5
Deformation Area 1 (urban ground subsidence along the river). (A) Deformation rate map overlaid on topographic contours. (B) Deformation rate map

overlaid on Google imagery. (C) Image of the area in 2013. (D) Image of the area in 2020. (E) Relationship between subsidence rate, rainfall, and water
level changes in this area from 2020 to 2022, and the gradually darkening color represents the average deformation rate of the region, where darker
colors indicate later periods.

the rainy season, the cumulative deformation suddenly decreased, overall, the cumulative deformation in this ancient landslide area
with most areas showing negative values; until the end of the year  increased year by year over these 3 years (Figure 8), with more and
and the beginning of the next year, it increased somewhat. However,  more areas falling into the range of =22 0 -17 mm.
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FIGURE 6

10.3389/feart.2024.1503634

Periodic cumulative deformation in Deformation Area 2 (slope subsidence after road construction along the river).

T e average deformation rate of ancient landslides in the T ree
Gorges Reservoir area was signifcantly faster than the previous
two locations, reaching —6.02 + 4.55 mm/yr, showing a trend of
continuous accelerated subsidence. T e annual average deformation
rate had signifcantly increased from -5 mm/yr before 2020 to
over =15 mm/yr in 2022 (Figure 9D). Te subsidence was most
signifcant in the middle part of the landslide body (Figures 9A, B),
which might be related to the gradually increasing frequency
of human activities (Figure 9C). Te rainfall distribution was
consistent with the seasonal changes in deformation rates. During
periods of higher rainfall, the absolute values of deformation rates
were also larger, such as around July in 2020, 2021, and 2022,
when rainfall reached as high as 5mm, with 2022 even reaching
12.5 mm. T e corresponding subsidence rates for these periods were
-5 mm/yr O -10 mm/yr, =10 mm/yr O -20 mm/yr, and =17.5 mm/yr
0-22.5 mm/yr respectively, all being the maximum subsidence rates
for the entire year, indicating that rainfall was one of the important
factors afecting ground deformation in this area. Te changes in
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reservoir water levels were generally consistent with rainfall and
deformation rates, also infuencing ground deformation.

3.4 Performance evaluation of machine
learning models in predicting ground
deformation in the Three Gorges Reservoir
area: multi-model multi-metric
comparative analysis

Te performance of fve machine learning models (RF, ERT,
GBDT, SVR, and LSTM) in three diferent ground deformation
areas was evaluated through six indicators. T e RMSE values ranged
from 4.68 to 10.11, with LSTM consistently showing the lowest
RMSE across all areas, especially in Area 1 (7.52) and Area 2
(4.68) (Figure 10A). Te coefcient of determination (R?) varied
between 0.45 and 0.75, with LSTM performing best in Area 2
(0.75) but poorly in Area 1 (0.45) (Figure 10B). Te MAE ranged
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FIGURE 7
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Deformation Area 2 (slope subsidence after road construction along the river). (A) Significant subsidence area combined with Google imagery. (B)
Subsidence area combined with elevation contours. (C) Image of the area in 2013. (D) Image of the area in 2020. (E) Relationship between subsidence
rate, rainfall, and temperature changes in this area from 2020 to 2022, the gradually darkening color represents the average deformation rate of the

region, whereas darker colors indicate later periods.

from 1.88 to 5.58, with GBDT performing best in Area 2 (1.88),
while LSTM performed best in Area 1 (4.58) (Figure 10C). Te
Pearson correlation coefcient ranged from 0.67 to 0.87, with
LSTM achieving the highest correlation in Area 2 (0.87) but the
lowest in Area 1 (0.67) (Figure 10D). T e MAPEshowed signifcant
diferences between models and areas, with values between 85.29%
and 250.88%. Notably, GBDT performed best in Area 2 (85.29%),
while LSTM excelled in Area 1 (126.86%) (Figure 10E). Te
Symmetric Mean Absolute Percentage Error (SMAPE) ranged from
58.8% to 91.1%, with LSTM consistently achieving the lowest
SMAPE across all areas, especially in Area 1 (58.8%) and Area
3(79.27%) (Figure 10F). Overall, these results indicated that model
performance varied signifcantly across diferent areas and metrics,
with LSTM and GBDT generally outperforming other models,
especially in Areas 1 and 2, while performance in Area three was
relatively more consistent across models.

Figure 11 showed the error band plots of observed and predicted
deformations for urban ground deformation along the river (Area
1), road slope deformation along the river (Area 2), and ancient
landslide deformation in the reservoir area (Area 3). Tese areas
used the best-performing GBDT, LSTM, and LSTM models for
prediction, respectively. In urban ground deformation along the
river, observed deformation gradually decreased from 0 mm to
about —10 mm, while predicted deformation decreased to =15 mm,
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showing a slight overestimation trend in the prediction data.
Te standard deviation increased in the later stages of the study,
indicating greater uncertainty in the predictions. For road slope
deformation along the river, observed deformation decreased
from 0 mm to —15 mm during the study period, while predicted
data decreased to nearly —20 mm, and the standard deviation of
predictions increased signifcantly in the later stages, reaching about
15 mm, indicating greater uncertainty in the model’s predictions
for this area. In ancient landslide deformation in the reservoir
area, observed data remained relatively stable around —10 mm,
while predicted deformation decreased to below -30 mm, with
the standard deviation of predictions reaching 25 mm in the later
stages, far higher than the observed data, refecting the most
signifcant overestimation trend of subsidence in the model for
ancient landslide deformation in the reservoir area (see Figure 11).

Figure 12 showed a comparison of the median observed and
predicted deformations for the three areas. In urban ground
deformation along the river, the observed median was —8.93 mm,
while the predicted median was —10.58 mm, with a small diference
between the two. For road slope deformation along the river,
the observed median was —9.49 mm, while the predicted median
was —13.19 mm, with a diference of 3.7 mm, showing a trend
of continued subsidence in the model. For ancient landslide
deformation in the reservoir area, the observed median was
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FIGURE 8
Periodic cumulative deformation in Deformation Area 3 (ancient landslide deformation) at equal time intervals.

—8.84 mm, while the predicted median was -13.79 mm, with a  for the reservoir area was 5.79 mm, higher than the observed
diference of 4.95mm, indicating signifcant overestimation in  4.81 mm, indicating greater variability and uncertainty in the
the model’s predictions. Te standard deviation of predictions  model predictions for this area.

Frontiers in Earth Science 13 frontiersin.org


https://doi.org/10.3389/feart.2024.1503634
https://www.frontiersin.org/journals/earth-science
https://www.frontiersin.org

Yang et al.

FIGURE 9

10.3389/feart.2024.1503634

Deformation Area 3 (ancient landslide deformation). (A) Contour map of the ancient landslide body. (B) Orthophoto of the ancient landslide body. (C)
Images of the area in 2004, 2010, and 2018, show frequent human activities in the central part. (D) Relationship between subsidence rate, rainfall, and
water level changes in this area from 2020 to 2022, and the gradually darkening color represents the average deformation rate of the region, where

darker colors indicate later periods.

4 Discussion

4.1 Reservoir water level decline
accelerates ground subsidence

In this study, we investigated the impact of reservoir water
level adjustments on the subsidence behavior of riverside cities,
slope areas along riverside roads, and ancient landslides. We found
a signifcant negative correlation between the two, revealing the
critical role of reservoir water level adjustments in triggering
and accelerating ground subsidence - the lower the reservoir
water level, the faster the ground subsidence rate (Figures 5E,
7E). We observed that artifcially lowering the reservoir water
level before the rainy season for food control exacerbated
ground subsidence in riverside areas. For riverside urban areas,
this phenomenon was particularly evident on slopes afer the
construction of riverside roads. During two periods of rapid water
level decline in May 2020 and May 2021 (Figure 5E), severe
subsidence events occurred in this area. Te decline in water
level led to a lowering of groundwater levels around the reservoir,
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reducing pore water pressure in the strata, increasing efective
stress between soil particles, and resulting in soil compression and
subsidence. T'is mechanism explains why reservoir water level
adjustments have a signifcant impact on subsidence in riverside
areas, not only verifying Song et al., 2018 fndings on increased
landslide activity due to reservoir water level decline, but also
extending it to broader riverside areas including urban ground
and road slopes. Furthermore, our study deepened Guzzetti et al.,
2022 view on the impact of hydrological changes on ground
stability by revealing how human-controlled reservoir water level
changes can become a key factor afecting ground subsidence,
while also considering changes to geological structures due to
human activities (such as road construction), thus providing a
more comprehensive framework for understanding subsidence
phenomena in riverside areas.

However, this mechanism difers from previous understandings.
Past research generally believed that rising reservoir water levels
increase groundwater pressure, leading to more severe soil
subsidence, and that water level fuctuations sofen the rock and
soil on the shore, inducing groundwater fuctuations and reducing
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FIGURE 10
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Performance evaluation of five machine learning models (RF, ERT, GBDT, SVR, and LSTM) in three surface deformation areas. (A) Root Mean Square
Error (RMSE). (B) Coefficient of Determination (R?). (C) Mean Absolute Error (MAE). (D) Pearson Correlation Coefficient. (E) Mean Absolute Percentage
Error (MAPE). (F) Symmetric Mean Absolute Percentage Error (SMAPE). Area one represents riverside urban ground deformation, Area two represents
riverside road slope subsidence, and Area three represents ancient landslide deformation in the reservoir area.

the shear strength of shore rock and soil, afecting landslide stability.
Our fndings may be related to the special geological conditions
of the area (Sun et al., 2019), such as the presence of diferent
types and thicknesses of soil layers, and diferent degrees and
directions of cracks. Tese conditions may afect the process and
speed of groundwater fow and soil consolidation. Taib et al.
(2017) study also showed that soil compactness afects pore
water pressure and thus the speed of water dissipation. T erefore,
we suggest that the potential impact on ground subsidence
should be fully considered when conducting reservoir scheduling
management.

Trough in-depth analysis of the subsidence phenomenon on
the slopes of riverside roads, we speculate that this diference
may be related to the following aspects: First, the area is
located on slopes afer the construction of riverside roads, and
its soil structure and permeability may be diferent from other
areas, leading to diferent response modes to water level changes
(Taib et al, 2017; Luo et al, 2022); Second, there may be
a certain degree of landslide or collapse phenomenon in the
area, making it more susceptible to the efects of gravity and
shear forces. When the reservoir water level drops, these forces
increase, thus accelerating ground subsidence (Stark et al., 2005;
Sun et al,, 2019); In addition, there may be some degree of
non-linear or lag efect in the area, making its reaction to
water level changes not immediate or synchronous. For example,
before the two signifcant subsidence events in May 2020 and
May 2021 (Figure 7E), there was no particularly large rainfall
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or water level change. However, there may be some cumulative
or delayed infuencing factors before or afer, leading to these
two sudden subsidence events, which is similar to some previous
research results (Chen et al., 2018).

In addition to the direct impact of rainfall, the seasonal
adjustment of reservoir water levels also had a signifcant impact
on subsidence in this area. Te lowering of water levels not only
afected groundwater levels but may also have altered slope stability,
especially in cases where human activities such as road construction
or modifcation had already changed the original topography and
geological conditions (Zhang et al., 2020).

Analysis of ancient landslides in the Tree Gorges reservoir
area revealed a trend of continuous accelerating subsidence,
contrasting sharply with conclusions drawn from short-term
data previously. Te mechanism of this continuous subsidence
may involve long-term changes in groundwater fow patterns
due to reservoir water level adjustments. Additionally, subsidence
in ancient landslide areas also interacts complexly with
factors such as rainfall, geological conditions, and human
activities (Xia et al., 2013).

Future research should focus on developing more complex
models to explain the complex interactions between water
level fuctuations, geological conditions, and human activities;
conducting long-term monitoring studies to better understand
the cumulative impact of water level adjustments on ground
stability; exploring potential mitigation strategies to reduce the
negative impact of necessary water level adjustments on ground
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FIGURE 11
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Surface deformation prediction results for three typical areas. Blue lines represent observed values, red lines represent predicted values, and colored
bands indicate prediction error ranges. Note: Negative values indicate ground subsidence in millimeters (mm).

subsidence; and studying the broader environmental and ecological
impacts of these ground deformation processes in reservoir
areas. By addressing these issues, we can further improve our
understanding of the complex dynamics in areas adjacent to
reservoirs and develop more efective management strategies for
these critical areas.

4.2 Human activities exacerbate natural
subsidence processes in riverside cities

Our results indicate that complex interactions between
natural and anthropogenic factors drive subsidence, presenting
signifcant seasonal variations and spatial heterogeneity. Te
average subsidence rate observed in our study area was —3.484 +
2.914 mm/yr, which aligns with the trend of increasing subsidence
rates in many urban deltas and coastal areas globally (Edmondsetal.,
2020). Te spatial distribution of subsidence is concentrated
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in former wetland areas that are currently undergoing rapid
urbanization, suggesting that human activities play a crucial role
in exacerbating natural subsidence processes. Similar patterns have
been observed in other rapidly developing delta regions, where
infrastructure development and wetland reclamation have led to
accelerated subsidence (Paszkowski et al., 2021).

Our analysis revealed a distinct seasonal pattern in subsidence
rates, with the most signifcant subsidence occurring during
and afer the rainy season. Tis temporal variation appears to
be closely related to reservoir water level changes, with lower
water levels corresponding to higher subsidence rates (Figure 5E).
Tis relationship can be explained by the compression of the
aquifer system due to reduced pore pressure caused by lowering
groundwater levels (Sharif et al., 2024). In our study, the impact
of rainfall on subsidence rates was less pronounced, contrasting
with fndings from some other regions. Tis diference may be
attributed to local geological conditions or the dominant role
of the managed water system (i.e., the reservoir) in controlling
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FIGURE 12
Box plot comparison of observed and predicted deformation results

for three surface deformation areas (riverside urban ground
deformation, riverside road slope deformation, and ancient landslide
deformation in the reservoir area). The blue and red solid lines
represent observed and predicted results, respectively, while the
horizontal lines and dots in the box plots represent the median and
mean values of deformation, respectively.

groundwater levels. However, it is worth noting that rainfall
patterns can indirectly infuence subsidence by afecting reservoir
management strategies (Chan et al., 2024).

Spatial analysis of subsidence patterns, particularly the
concentration of high subsidence rates in recently developed
urban areas, highlights the key role of land-use changes in driving
subsidence. Tis observation is consistent with fndings from
other studies that have documented increased subsidence rates
following the conversion of natural wetlands or agricultural lands
to urban areas (Machowski et al., 2016). Te replacement of
permeable surfaces with impervious urban infrastructure may alter
local hydrology and sediment dynamics, potentially exacerbating
subsidence.

Our fndings on the relationship between river fow and
subsidence rates are particularly noteworthy. Te observation of
reduced subsidence rates during periods of higher river fow
suggests that maintaining stable river fow may be a potential
strategy for mitigating subsidence in riverside urban areas. Tis
aligns with the fndings of Sharif et al. (2024), who found that
river fow can help prevent ground subsidence in urban areas by
maintaining groundwater levels and potentially promoting sediment
deposition.

A comparison of satellite images from 2013 to 2020
revealed signifcant land-use changes in subsidence-prone
areas, highlighting the rapid pace of urban development and
its potential consequences. Tis rapid transformation of the
landscape not only directly contributes to subsidence through
increased loading and groundwater extraction but also reduces
the area’s natural resilience to withstand and adapt to subsidence
processes (van Bijsterveldt et al., 2023).

In conclusion, our study highlights the multifaceted nature of
ground subsidence in riverside cities, emphasizing the need for an
integrated approach to managing subsidence that considers both
natural and anthropogenic factors. Future research should focus
on developing predictive models that incorporate these complex
interactions to better inform urban planning and water resource
management strategies for subsidence-prone areas.
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4.3 Progressive slope subsidence triggered
by road expansion

T e subsidence phenomenon we observed was closely related to
road expansion projects. By comparing images from 2013 to 2020, we
found that the road was signifcantly widened (Figures 7C, D), and this
engineering activity altered the original foundation soil structure and
groundwater fow patterns, becoming the main cause of signifcant
subsidence. During the investigation period, the average subsidence
rate in this area reached —5.19 + 3.62 mm/yr (Figures 7A, B). Tis
fnding is highly consistent with the results of Huang et al. (2022).
T ey pointed out that engineering excavation is the main trigger for
the reactivation of ancient landslides, while rainfall is a contributing
factor. Our study further confrms this view, while also highlighting
the need to consider the potential impact on slope stability when
conducting infrastructure construction.

T e subsidence patterns we observed also showed signifcant
spatial heterogeneity and temporal variation characteristics
(Figure 7E). Tis is consistent with the fndings of Gao et al. (2022).
Tey found that during the excavation and support process of
double-structured slopes when local displacements and plastic
strain concentration zones appear on the slope surface, the reference
signifcance of extreme values and safety factors decreases. T is
point was confrmed in our study, especially in the two signifcant
subsidence events observed in 2020 and 2021. T ese events were
concentrated in specifc areas, indicating that slope excavation may
lead to stress redistribution and local instability.

Notably, our study also suggests that the subsidence process
afer slope excavation may present progressive characteristics. As
Jiang et al. (2015) found in their study of the Jinping | Hydropower
Station, slope excavation may lead to progressive failure. T e pattern
of subsidence rate changes over time that we observed (Figure 6)
supports this view, especially the sustained high subsidence state
during the prolonged drought in 2022. From an engineering practice
perspective, our fndings have important implications for high-
slope excavation and reinforcement. Chen et al. (2016) emphasized
the importance of developing new engineering techniques and
processes in large-scale slope reinforcement projects. Our research
results provide an important scientifc basis for the development
and application of these techniques, especially in considering the
long-term stability impact of slope excavation.

Overall, our study deepens the understanding of the mechanism
by which slope excavation afects slope subsidence, providing
valuable insights for the planning, design, and risk management
of water conservancy projects. Future research can further explore
the interaction between slope excavation, water level fuctuations,
and geological conditions, and how these factors jointly afect the
long-term stability of slopes.

4 4 Accelerated deformation of ancient
landslides in the reservoir area: combined
effects of water level changes, drought,
and human activities

T e cumulative deformation of ancient landslides we observed

showed a clear periodic pattern, with a signifcant correlation
between landslide activity and the reservoir impoundment process
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(Tang et al., 2019). Our study further confrmed this, especially
during the rainy season and from the end of the year to the
beginning of the next year, when cumulative deformation showed
signifcant changes (Figure 8). Tis periodic change may be related
to reservoir water level fuctuations and the seasonal distribution
of rainfall, which is consistent with the fndings of Li et al. (2019),
who emphasized that water level fuctuations and rainfall are the two
main factors afecting landslide occurrence.

We also found that the average deformation rate of ancient
landslides showed an accelerating trend, signifcantly increasing
from =5 mm/yr in 2020 to over —15 mm/yr in 2022 (Figure 9D).
T is accelerating trend is consistent with the drive-resistance model
proposed by Zou et al. (2021). T ey pointed out that periodic water
level fuctuations afect slope stability, and annual displacement
“jumps” are related to the outward seepage forces generated during
water level decline periods.

Notably, the extreme drought event that occurred in 2022 may
have exacerbated this trend (Figure 9D). Long-term low water level
conditions may lead to signifcant changes in pore water pressure
within the landslide body, further increasing landslide instability.
Tis observation highlights the potential impact of extreme
climate events on landslide dynamics, while also emphasizing the
importance of considering climate change factors when assessing
landslide risks. Furthermore, we noticed that subsidence was most
signifcant in the middle part of the landslide body (Figures 9A, B),
which may be related to the increasing frequency of human
activities (Figure 9C). Tis fnding emphasizes the important role
of human activities in landslide deformation, which echoes the
research results of Hill et al. (2024). T ey pointed out that human
modifcations to the environment, such as vegetation removal,
agricultural activities, and increased slope gradients, may amplify
earthquake-induced landslide hazards.

Our study also revealed the important infuence of rainfall on
ancient landslide deformation. During periods of high rainfall, the
absolute values of deformation rates were also high, such as the high
subsidence rates of —17.5 mm/yr to —22.5 mm/yr corresponding
to high rainfall around July 2022. Tis is consistent with the
research results of Yao et al. (2019), who found that most of the
displacement of the Baijia Bao landslide occurred during the rainy
season and the annual drawdown period of the reservoir. However,
our study further suggests that the impact of rainfall may change
over time, which is consistent with the fndings of Song et al. (2018),
who pointed out that the increase in landslide activity is mainly
dominated by reservoir water level decline rather than rainfall.

It is worth noting that the deformation characteristics we
observed may be infuenced by complex interactions of multiple
factors. Reservoir water level is the main driving factor for
deformation, while rainfall may promote deformation during
periods of high water levels (Huang et al., 2020). From the
perspective of long-term stability, our research results have
important implications for assessing and managing landslide risks
in the Tree Gorges reservoir area. Slow-moving landslides,
although rarely causing direct loss of life (Lacroix et al., 2020),
may lead to signifcant damage to infrastructure and sometimes
suddenly transform into rapidly moving landslides. T erefore, our
fndings provide an important basis for assessing the long-term
behavior and potential risks of landslides. Notably, there is an
important limitation in our monitoring approach that should be
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addressed. Since we only used ascending Sentinel-1 data, our
measurements might underestimate the horizontal displacement
component (Chang et al., 2022), particularly in ancient landslide
areas where slope-parallel movements could be more signifcant
than vertical subsidence. T is limitation suggests that future studies
should combine descending orbit data or other monitoring methods
to obtain a more complete characterization of landslide movement
patterns, as demonstrated by Chang et al. (2024) in their study of
slow-moving landslides in vegetated terrain.

4.5 LSTM model demonstrates superior
performance in predicting surface
deformation in the three gorges reservoir
area

Tis study applied four machine learning models (RF, ERT,
GBDT, and SVR) and one deep learning model (LSTM) to
predict and evaluate the performance of deformation in diferent
surface deformation areas of the Tree Gorges reservoir area.
Te results showed signifcant diferences in model performance
across diferent regions and evaluation metrics, with LSTM and
GBDT performing excellently in most cases. In terms of prediction
accuracy, the LSTM model performed best on metrics such as
RMSE and SMAPE, especially in the areas of riverside urban
ground deformation and riverside road slope deformation. However,
we also noted that LSTM’s performance was not as good as
other models in some metrics and regions. For example, in
terms of R%, LSTM performed relatively poorly in the riverside
urban ground deformation area. Tis diference may refect the
complexity of underlying mechanisms and infuencing factors
in diferent deformation areas. Reservoir landslides ofen exhibit
stepped deformation characteristics, which pose challenges for
prediction models (Jiang et al., 2024). T erefore, future research
could consider combining physical mechanisms and deep learning
methods to better capture this complex deformation behavior.

Te GBDT model performed excellently on some metrics,
especially in terms of MAE and MAPE. Tis suggests that
GBDT may have advantages in handling outliers and non-linear
relationships. When predicting the development degree of natural
fractures in coal seam reservoirs, tree-based ensemble learning
methods (such as random forest and XGBoost) were also found to
have high prediction accuracy (Wang et al., 2024). Tis inspires us
to consider combining the advantages of multiple models in future
research, such as the method combining multi-temporal InSAR
(MT-InSAR) and gated recurrent units (GRU) (Zhou et al., 2024).

In the time series analysis of prediction results, we found
diferences in prediction trends among diferent deformation areas.
Particularly in the reservoir ancient landslide deformation area,
the model signifcantly overestimated the subsidence trend. Tis
overestimation may be related to the complex geological conditions
and hydrological factors in the area. Hill et al.'s study pointed out
that for non-periodic signals or predictions of single measurement
points, simple extrapolation methods may sometimes be superior
to complex time series prediction methods (Hill et al., 2021).
T erefore, when dealing with complex geological environments, it
may be necessary to incorporate more geological and hydrological
information to improve the model’s predictive ability.
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To improve the reliability of long-term predictions, future
research could consider introducing more auxiliary data, such
as combining environmental factors like rainfall, groundwater,
and lake area changes as proposed by Radman et al. (2021). Te
methods and results of this study provide new ideas for large-scale,
long-term surface deformation monitoring and prediction. Te
semi-supervised learning method proposed by Tiwari and Shirzaei
provides the possibility for automatic detection of deformation
hotspots in INSAR data (Tiwari and Shirzaei, 2024). Combined
with this method, our model may achieve a larger-scale and
more efcient surface deformation early warning system in the
future. Meanwhile, the deep autoencoder architecture developed
by Rouet-Leduc et al. provides new approaches for autonomously
extracting millimeter-level deformation signals from InSAR
time series (Rouet-Leduc et al., 2021), which may help improve
the sensitivity of our model in handling minute deformations.

5 Conclusion

Tis study conducted a comprehensive analysis and prediction
of surface deformation in Fengjie County of the Tree Gorges
reservoir area by applying SBAS-INSAR technology and various
machine learning models. Te research results revealed complex
surface dynamic processes in the region, especially in key areas
such as riverside urban ground, riverside road slopes, and
ancient reservoir landslides. Among these, the ancient reservoir
landslide area showed the most signifcant subsidence, with an
average deformation rate of —6.02 + 4.55 mm/yr, far higher than
other areas. We found that factors such as reservoir water level
adjustments, rainfall, geological conditions, and human activities
jointly infuence surface deformation. Particularly noteworthy is
the signifcant negative correlation between reservoir water level
decline and accelerated ground subsidence, which difers from
previous understandings and highlights the unique geological and
hydrological conditions of the area. At the same time, human
activities, especially urbanization processes and road expansion
projects, signifcantly exacerbated natural subsidence processes.
Tese fndings not only deepen our understanding of surface
dynamics in the Tree Gorges reservoir area but also provide
an important scientifc basis for reservoir management and
urban planning.

In terms of applying prediction models, this study compared
the performance of various machine learning and deep learning
models, fnding that the LSTM model performed best in most cases,
especially in handling complex time series data. However, the study
also found diferences in the performance of diferent models across
various regions and evaluation metrics, refecting the complexity
of surface deformation prediction. Notably, models tended to
overestimate when predicting deformation in the reservoir’s ancient
landslide area, highlighting the challenges of long-term prediction
in complex geological environments while also refecting the
complexity and severity of deformation in landslide areas. Future
research should focus on integrating more geological, hydrological,
and environmental data, and developing hybrid models that
combine physical mechanisms and machine learning, to improve
the accuracy and reliability of predictions, especially for high-
risk areas such as landslides.
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