‘1 remote sensing

Article

Landslide Displacement Intelligent Dynamic Inversion:
Technical Framework and Engineering Application

Yue Dai 209, Wujiao Dai I

check for

updates
Academic Editors: Jun Hu, Wanji
Zheng, Jiehua Cai and Zhong Lu

Received: 10 July 2025
Revised: 7 August 2025
Accepted: 11 August 2025
Published: 14 August 2025

Citation: Dai, Y.; Dai, W.; Chen, C.;
Ao, M.; Li, J.; Huang, Q. Landslide
Displacement Intelligent Dynamic

Inversion: Technical Framework and

Engineering Application. Remote Sens.

2025, 17, 2820. https:/ /doi.org/
10.3390/rs17162820

Copyright: © 2025 by the authors.
Licensee MDPI, Basel, Switzerland.
This article is an open access article
distributed under the terms and
conditions of the Creative Commons
Attribution (CC BY) license

(https:/ /creativecommons.org/
licenses /by /4.0/).

2, Chunhua Chen 3, Minsi Ao 3, Jiaxun Li 1* and Qian Huang !

School of Geosciences and Info-Physics, Central South University, Changsha 410083, China;
daiyue@csu.edu.cn (Y.D.); jiaxunli@hhu.edu.cn (J.L.); 235012190@csu.edu.cn (Q.H.)

Key Laboratory of Metallogenic Prediction of Nonferrous Metals and Geological Environment Monitoring,
Central South University, Changsha 410083, China

Hunan Province Mapping and Science and Technology Investigation Institute, Changsha 410018, China;
chench@sobds.com (C.C.); aoms@sobds.com (M.A.)

School of Earth Sciences and Engineering, Hohai University, Nanjing 211100, China

*  Correspondence: wjdai@csu.edu.cn; Tel.: +86-130-1739-5896

Abstract

Displacement back-analysis is a crucial approach to enhance the effectiveness of landslide
monitoring data. To improve the computational efficiency and reliability of large-scale
three-dimensional landslide displacement inversion, this study develops a novel Landslide
Displacement Intelligent Dynamic Inversion Framework (LDIDIF), which integrates the
Bayesian displacement back-analysis (BBA) approach, a Long Short-Term Memory (LSTM)
surrogate model, and the RANdom SAmple Consensus (RANSAC) algorithm. Specifically,
BBA is employed to dynamically calibrate geotechnical parameters with uncertainty, the
LSTM model replaces traditional numerical simulations to reduce computational cost, and
RANSAC filters inlier observations to enhance the robustness of the inversion model. A
case study of the Dawanzi GNSS landslide is conducted. Results show that the LSTM
surrogate model achieves prediction errors below 2 mm and enhances computational
efficiency by approximately 50,000 times. The RANSAC algorithm effectively identifies
and removes GNSS outliers. Notably, LDIDIF significantly reduces the uncertainty of shear
strength parameters within the slip zone, yielding a calibrated displacement precision
better than 10 mm. The calibrated model reveals that the landslide is buoyancy-driven and
that frontal failure may trigger progressive deformation in the rear slope. These findings
offer valuable insights for landslide early warning and reservoir operation planning in the
Dawanzi area.

Keywords: deformation monitoring; numerical simulation; Bayesian displacement
back-analysis; surrogate model; robust estimation

1. Introduction

Landslide monitoring and early warning for individual slopes is essential for the pre-
cise prevention and mitigation of geological hazards [1-4]. Numerical simulation remains
one of the most powerful tools for analyzing landslide failure mechanisms and evaluating
slope stability [5-7]. Displacement back-analysis, which calibrates geotechnical parameters
using deformation monitoring data to improve simulation precision, has become a core
technique in landslide monitoring and early warning systems [8-12]. In this context, dis-
placement back-analysis is regarded as a crucial approach to enhance the effectiveness of
landslide monitoring data.
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Accurate geotechnical parameters are fundamental to the success of numerical sim-
ulations. Although such parameters can be obtained through in situ or laboratory tests,
they may not fully capture the true mechanical behavior of rock and soil masses, resulting
in discrepancies between simulations and field observations [13-15]. Bayesian displace-
ment back-analysis (BBA) addresses this challenge by incorporating monitoring data to
update the probability distributions of geotechnical parameters. This approach allows for
uncertainty quantification and improves the reliability of simulation-based assessments.
Recent studies have demonstrated the effectiveness of sequential Bayesian updating using
time-series data, which enhances model precision and predictive capability [16,17]. More-
over, by combining BBA with reliability analysis, researchers have been able to evaluate
slope safety factors and failure probabilities directly based on observational data [18-20].
The incorporation of subsurface pore pressure and displacement monitoring has also been
shown to reduce parameter uncertainty [21,22]. Notably, Dai et al. [23] highlighted the
advantages of integrating surface and subsurface data, which can substantially improve
the convergence and efficiency of BBA. These findings highlight the critical importance of
monitoring data in the displacement back-analysis process.

Currently, multi-source monitoring systems—"air-space-ground-subsurface”
platforms—have largely overcome the limitations of single-technique observation. These
systems enable comprehensive tracking of landslide evolution at high spatial and temporal
resolutions [24-29]. For example, technologies such as inclinometers and multipoint exten-
someters can directly capture deformation along the slip surface and help identify failure
precursors in advance. Meanwhile, the integration of GNSS, Interferometric Synthetic
Aperture Radar (InSAR), terrestrial laser scanning, Unmanned Aerial Vehicles (UAVs), and
robotic total stations enables the acquisition of surface displacement data with high spatial
and temporal resolution. However, due to environmental conditions, sensor limitations,
and immature automated data processing algorithms, the acquired monitoring data often
contain errors [30-32], posing significant challenges for displacement back-analysis. As a
result, current landslide monitoring data are characterized by multi-source heterogeneity,
error contamination, and high spatiotemporal resolution.

To address the multi-objective optimization challenges posed by the integration of
diverse monitoring datasets, several strategies have been proposed [33-36]. Nevertheless,
gross errors remain inevitable in automated deformation monitoring [37,38], and robust
estimation techniques for displacement back-analysis remain underexplored. Further-
more, displacement back-analysis requires repeated forward simulations, and the frequent
updating of model parameters based on high-frequency data can dramatically increase
computational demands. This challenge is especially pronounced in large-scale three-
dimensional (3D) models, where a single simulation may require several hours or longer.
Recently, machine learning-based surrogate models have emerged as efficient alternatives
to traditional numerical simulations. They are capable of accelerating computations by
three to four orders of magnitude [39—41].

In summary, improving the computational efficiency and robustness of displacement
back-analysis is crucial to achieving precise monitoring and early warning for individual
landslides. Building upon the conventional BBA framework, this study develops a novel
Landslide Displacement Intelligent Dynamic Inversion Framework (LDIDIF), which inte-
grates a machine learning surrogate model and a robust RANSAC-based outlier detection
algorithm. A comprehensive case study on the Dawanzi GNSS-monitored landslide is
presented to demonstrate the application of the proposed framework, encompassing de-
formation pattern analysis, hydrological surrogate modeling, dynamic inversion of shear
strength parameters, and stability assessment under high reservoir water levels.
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2. Study Area and Data
2.1. Geological Background of the Dawanzi Landslide

The Baihetan (BHT) hydropower station, located on the lower reaches of the Jinsha
River at the border between Sichuan and Yunnan provinces, China, is the world’s second-
largest hydropower project after the Three Gorges Dam. The Dawanzi (DWZ) landslide is
situated approximately 22.5 km upstream of the BHT dam site, adjacent to the downstream
outlet of the DWZ tunnel on the Hubai Highway, bounded by the Tuandigou (TDG) and
Xiaojiasha (X]S) gullies. The DWZ tunnel (K8 + 000 to K8 + 965) directly traverses the
landslide body. The main contributing factors to the landslide include gravitational forces,
weathering and unloading of rock masses, and river incision. The landslide covers an area
of approximately 286,000 m?, with a longitudinal length of 800 m, an average width of
358 m, and an estimated volume of 19.82 million m?, corresponding to an average thickness

of 69.3 m. Figure 1a presents a UAV image of the DWZ landslide captured in May 2023.
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Figure 1. General information of the study area: (a) UAV image of the DWZ landslide taken in May
2023; (b) typical geological cross-section of the DWZ landslide.
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The initial impoundment of the BHT reservoir began on 6 April 2021, with the water
level rising from 657.55 m to the normal pool level of 825 m, which was reached on
25 October 2022. Slope failures were observed in several sections of the DWZ landslide
both before and after impoundment. Specifically, a collapse occurred in Collapse I prior to
impoundment, followed by minor reactivation in the same area and significant failures in
Collapse II after the reservoir reached higher water levels.

The crest of the DWZ landslide reaches an elevation of 2250 m. The upper section
(20002250 m) is gently inclined, with slopes ranging from 15° to 25°. In contrast, the
middle section (730-2000 m) exhibits steeper gradients of 30° to 50°, while the landslide toe
(below 730 m) is relatively flat, with slope angles less than 15°. The central portion, located
between elevations 730 and 850 m, shows the steepest slopes, ranging from 40° to 45°, and
the rear scarp slopes range from 30° to 35°.

Figure 1b illustrates a representative geological cross-section of the DWZ landslide.
Borehole data and field investigations indicate that the colluvial material is composed pre-
dominantly of Quaternary loose deposits (Q). The underlying bedrock comprises medium-
thick dolomite of the Lower Cambrian (¢7), thin-bedded sandstone of the Middle Cambrian
Xiwangmiao Formation (¢7), and thin- to medium-bedded dolomite of the Upper Cambrian
Erdaoshui Formation (e3e). The bedrock generally strikes north-south and dips 45-55°
toward the east. The slip surface mainly consists of weakly cemented gravelly silty clay,
which exhibits low shear strength and reduced mechanical stability under saturated condi-
tions, making it highly prone to shear failure. The landslide mass is primarily composed of
large angular boulders, with minor amounts of fine-grained soil and coarse gravel. Based
on lithological and structural characteristics, the subsurface stratigraphy can be categorized
into bedrock (g1, €3, €3), slip zone (SZ group), and landslide mass (LM group).

2.2. Monitoring Data

The first impoundment of the BHT reservoir commenced on 6 April 2021. On 7 July
2021, a large-scale reactivation of the ancient Wangjiashan landslide—approximately 80 km
from the dam site—resulted in a complete slope failure. Since then, increasing concern has
arisen regarding the stability of reservoir-affected slopes under impoundment conditions.
As one of the major potential hazards in the BHT reservoir area, the DWZ landslide has
been the focus of intensive deformation monitoring using multiple techniques deployed by
relevant agencies.

(1) Environmental monitoring

The environmental monitoring system includes rainfall and reservoir water level
observations. Water levels are measured by the reservoir observation station, while rainfall
data are collected by rainfall monitoring stations installed at the entrance and exit of the
DWZ tunnel. These stations were commissioned on 28 April 2022. Monitoring results
indicate that the daily rainfall data from both stations are generally consistent. In this
study, rainfall data from the tunnel exit—closer to the landslide mass—are selected for
hydrological analysis. Figure 2 presents the time series of reservoir water level and daily
rainfall from November 2021 to January 2023.

(2) GNSS monitoring

As shown in Figure 3, the monitoring layout consists of three primary cross-sections
and one auxiliary section, encompassing a total of eleven GNSS observation stations. It
should be noted that the GNSS1 and GNSS11 stations are situated beyond the boundary of
the DWZ landslide and the data from these stations do not represent the displacement of the
landslide. Therefore, this study only utilized data from GNSS52-10, excluding the GNSS1 and
GNSS11. The automated GNSS monitoring system became operational on 22 November
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2021, utilizing the Real-Time Kinematic (RTK) positioning method. Its reference station,
installed on the roof of a civil building opposite the slope in a geologically stable area,
served as a relatively stable reference point for the monitoring system. Between November
2021 and January 2023, the GNSS stations continuously recorded cumulative displacements
in both horizontal (H) and vertical (V) directions. These time-series displacements are

depicted in Figure 4.
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Figure 2. Reservoir water level variations and daily rainfall near the DWZ landslide.
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Figure 3. Layout of monitoring cross-sections and GNSS monitoring stations.
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Figure 4. Cumulative horizontal and vertical displacements recorded by GNSS.

3. Methodology

The proposed LDIDIF framework integrates the BBA approach, a machine learning
(ML) surrogate model, and the RANSAC algorithm. Its core objective is to sequentially cali-
brate uncertain geotechnical parameters using the BBA approach to enable high-precision
numerical simulations. Compared to the conventional BBA frameworks, LDIDIF intro-
duces three key improvements: (i) the ML surrogate model replaces traditional numerical
simulations to enhance computational efficiency, (ii) the RANSAC algorithm is incorpo-
rated to identify and eliminate outlier observations, thereby improving the robustness
of displacement inversion, and (iii) uncertain geotechnical parameters are dynamically
calibrated based on continuously updated monitoring data. Overall, LDIDIF enables real-
time landslide stability assessment with improved precision, reliability, and computational
efficiency.

3.1. Overall Architecture
As illustrated in Figure 5, LDIDIF consists of four main modules:
(1) Data preparation and numerical modeling

This module involves integrating deformation monitoring data with geological in-
vestigation results. The prior precision of observational data is estimated based on sensor
technical parameters, while the statistical characteristics of geotechnical parameters (e.g.,
mean, standard deviation, and coefficient of variation) are defined using available prior
information. The spatial reference systems of the digital elevation model (DEM) and moni-
toring datasets are unified to ensure geometric consistency. Subsequently, a 3D mesh model
of the landslide is constructed using the DEM and geological cross-sections. Suitable consti-
tutive models, boundary conditions, and initial stress states are applied. These preparatory
steps form the basis for displacement back-analysis.

(2) Construction of the ML surrogate model

To reduce the computational burden of repeated forward simulations, ML surrogate
models are used to approximate the landslide response. In this study, an LSTM neural
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network is adopted to construct a hydrologically driven surrogate model. The LSTM
architecture is particularly effective for capturing temporal dependencies in time-series
data and performs well in scenarios involving small datasets, multiple features, and multi-
task learning.

(3) Optimization of observational data using RANSAC

Automated deformation monitoring data are essential for the real-time characteriza-
tion of landslide deformation patterns. However, such data often contain gross errors due
to environmental noise and sensor limitations. To improve the reliability of displacement
back-analysis, the RANSAC algorithm is introduced to identify and exclude outliers. By
iteratively selecting consistent inlier subsets from large datasets through random sampling
and model fitting, RANSAC enhances the quality of observational data used in the Bayesian
updating process.

(4) Bayesian dynamic displacement back-analysis

In the LDIDIF framework, geotechnical parameters are treated as random variables
with prior probability distributions. A joint likelihood function is constructed based on the
surrogate model outputs and inlier observations identified by RANSAC. Bayesian updating
is then performed to estimate the posterior distributions of the parameters. Notably, a
sequential updating scheme is adopted, wherein the posterior from each update serves
as the prior for the next. This iterative structure enables real-time dynamic inversion and
supports the development of intelligent, automated landslide early warning systems.
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Figure 5. Overall architecture of the LDIDIF framework.
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3.2. Bayesian Displacement Back-Analysis

The BBA approach serves as the core of the LDIDIF framework. In this approach,
uncertain geotechnical parameters are modeled as random variables, and their probability
distributions are iteratively updated using field monitoring data via Bayesian inference.
This process effectively reduces parameter uncertainty and improves the reliability of
numerical simulations.

Consider a geotechnical system represented as a physical system with a set of uncertain
parameters denoted by 6. Suppose a monitoring station provides displacement observations
dops(t). The relationship between system response and observations can be represented as
follows:

dops(t) = g(6,t) +e(t), 1)

where g(-) denotes the numerical simulation model, and ¢(#) represents Gaussian noise
with zero mean and standard deviation . Model bias is neglected in this study.

Bayesian updating combines the prior distribution of the parameters with the likeli-
hood of the observed data to produce the posterior distribution:

p(9|dobs) & L(Q‘dobs) : p(@), (2)

where, L(0|d,ps) is the likelihood function, which quantifies the consistency between
model predictions and observed data. At a specific time £, the likelihood function can be
formulated as follows:

L(9|dobs(t)) = 202

5“
qI\)

exp<_ [dobs (1) —g<e,t>}2>. @)

In practical applications, multiple monitoring points and heterogeneous data sources
are typically available. These observations are commonly assumed to be independent.
Accordingly, a separate likelihood function is constructed for each data source, and the
joint likelihood is obtained by taking their product.

The prior distribution p(6) represents the initial uncertainty of the geotechnical pa-
rameters. In this study, 8 is assumed to follow a log-normal distribution, consistent with
previous research [42,43]. The probability density function (PDF) of a log-normal distribu-
tion is given by the following:

| 1 (In6; — A;)?
p(gl) \/277_[ XP< 2€2 >' (4)

where A; = In (yi /4/1+ (512) =4/In 1 + (5 yl, and J; denote the mean and standard
deviation of the parameter 0;, respectlvely

The posterior distribution p(6|dgps) is typically approximated using the Markov Chain
Monte Carlo (MCMC) method. In this study, the Differential Evolution Adaptive Metropo-
lis (DREAM) algorithm is employed due to its high sampling efficiency in high-dimensional
parameter spaces. By utilizing a parallel multi-chain strategy, DREAM significantly outper-
forms traditional algorithms such as Metropolis-Hastings (MH) and Gibbs sampling [44].

3.3. LSTM-Based Surrogate Modeling

The surrogate model is designed to replace conventional numerical simulations in
forward computation, that is, to evaluate the function g(6, t) in Equations (1) and (3). In
recent years, ML surrogate models have emerged as efficient alternatives to traditional
forward modeling in geotechnical applications due to their ability to provide high-speed,



Remote Sens. 2025, 17, 2820

9o0f23

sub-millisecond prediction results. Among various ML models—such as Support Vector
Regression (SVR), Back Propagation Neural Networks (BPNNs), and eXtreme Gradient
Boosting (XGBoost)—LSTM networks have demonstrated superior performance in cap-
turing sequential dependencies and modeling complex nonlinear temporal behaviors [45].
Therefore, LSTM is employed in this study to construct either excavation-driven or hydro-
logically driven surrogate models for landslide deformation prediction.

In general, the inputs to the LSTM model include geotechnical parameters along
with their associated loading conditions (e.g., excavation steps or reservoir water levels),
while the output corresponds to the predicted displacement response of the landslide.
The training and testing datasets are typically generated using Latin Hypercube Sampling
(LHS) in combination with numerical simulations, as described in prior studies [45]. Once
the dataset is prepared, the LSTM model is trained through the following steps:

(1) Prepare training samples. Suppose a total of i training samples are available. Each

sample consists of m input features (Xj; Xj» ... Xjy,) and n corresponding target
responses (Vi1 Yip - -- Yin)- The initial input matrix can be expressed as follows:
X' = (Xl{n)mxn’ (5)

where X! represents the #n-th input feature value of the i-th training sample.

(2) Normalize the input data. To eliminate differences in scale among input features,
normalization techniques such as min—max scaling or Z-score standardization are
applied. This results in a dimensionless matrix suitable for model training.

(38) Configure the LSTM network. Key model parameters include the input dimension m,
the output dimension 7, the number of network layers K, and the number of neurons
S per layer. These parameters define the overall structure of the LSTM model.

(4) Train the network. The LSTM model is trained using the back propagation algorithm,
which iteratively updates the connection weights between neurons through forward
and backward passes to minimize the loss function, typically measured by the mean
squared error.

The prediction performance of ML surrogate models is often sensitive to hyperpa-
rameter settings. Manual tuning is both time-consuming and inefficient. To address
this, optimization algorithms such as Particle Swarm Optimization (PSO) are commonly
employed to automatically identify the optimal parameter configurations [46,47].

3.4. RANSAC Algorithm

The RANSAC algorithm is a robust sample selection technique used to identify a high-
quality subset of inliers from datasets potentially contaminated with outliers. It operates
by performing random sampling and consistency verification to construct optimal models
and solutions based on the most representative observations [48-50]. In this context, inliers
refer to data points that conform well to the model, typically exhibiting residuals within
an acceptable threshold, while outliers are observations that significantly deviate from the
model due to gross errors, noise, or other anomalies.

In the LDIDIF framework, the RANSAC algorithm is implemented at each time step ¢
to enhance the robustness of BBA. The procedure consists of the following steps:

(1) Random sampling. Randomly select a minimal subset Sy consisting of k observations
from the full dataset. This subset is used to generate an initial estimate of the model
parameters.

(2) Posterior estimation. Using Sy compute the posterior distribution of the uncertain
parameters based on Equation (2). The mean of the posterior distribution 6 is then
used to calculate predicted displacements (6, t) for all monitoring points.
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(3) Residual computation and inlier identification. For each observation, compute the
residual between the observed displacement and the predicted displacements:

v = |di(t) — g(0,1)|. (6)

Each residual is then compared with a predefined threshold é. If v; < 6, the obser-
vation is classified as an inlier. The number of inliers #;, is recorded. Typically, the
threshold J is set to three times the standard deviation of the observational error.

(4) Iteration and optimal set selection. Repeat steps 1-3 for n iterations. At the end of
the process, select the inlier subset Sj, that yields the maximum number of inliers.
This optimal inlier set is subsequently used to construct the likelihood function for
the formal Bayesian updating.

3.5. Data Processing Workflow

A comprehensive case study is conducted using the DWZ landslide as the test site.
The data processing workflow includes the following steps:

First, a 3D numerical model of the DWZ landslide is constructed. Based on this
model, deformation characteristics and mechanisms are analyzed through a combination
of monitoring data analysis and trial numerical simulations.

Second, a LSTM surrogate model driven by the reservoir water level is developed to
replace the conventional numerical simulations.

Third, the RANSAC algorithm is applied to the GNSS time-series data to perform
consistency checks. Based on the identified inlier observations, the BBA approach is
employed to dynamically calibrate the shear strength parameters of the slip zone.

Finally, the calibrated numerical model is used to assess the stability of the DWZ
landslide under the highest reservoir water level. This provides scientific support for
landslide risk management during high-water-level conditions.

4. Results
4.1. 3D Numerical Modeling

A 3D mesh model of the DWZ landslide was developed using Rhinoceros and Griddle
software, based on DEM and representative geological cross-section data (Figure 6). Other
software such as FLAC3D 7.0, ANSYS 2022 R1, MIDAS GTS NX 2021, and ABAQUS
2022 can also be used. Practical implementation can refer to the corresponding software
manuals. In the model coordinate system, the X-axis aligns with the Jinsha River flow
direction (north—south), while the Y-axis follows the landslide movement direction along
the riverbank. The model domain measures 2083 m in the X-direction and 3193 m in the
Y-direction, with elevations ranging from 0 m to a maximum of 2150 m.

According to geological investigations, the landslide mass is primarily composed of
gravelly soil, gravelly silty clay, and bedrock. Consequently, the model was divided into
three material zones: the landslide mass (LM group), the slip zone (SZ group), and the
underlying bedrock. The geotechnical and hydrological parameters used in this study were
obtained from the BHT hydropower station geological survey report and supplemented
with bibliographic data [51,52]. Table 1 summarizes the basic numerical model parameters,
while Table 2 presents the geotechnical properties of each material group, derived from
laboratory tests.
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Figure 6. 3D mesh model of the DWZ landslide.

Table 1. Basic model parameter settings.

Model Parameter Value
Constitutive model Mohr-Coulomb
Mesh size (m) 30/50
Element type Triangle
Number of elements 460,937
Number of nodes 83,943
Boundary conditions East, West, South, North, Bottom fixed
Mechanical convergence ratio 1x107*
Fluid time (s) t x 24 x 60 x 60
Water density (kg/m?) 1000
Porosity 0.3
Biot modulus (Pa) 4.0 x 10°

Table 2. Laboratory test values of geotechnical parameters.

E

°© 3
Group MPa)  ° ¢ (kPa) O r (kN/m®) K (m/s)

Natural Saturated Natural Saturated Natural Saturated

LM 500 0.30 240 220 24 22 23.0 24.0 4 x10°°
SZ 500 0.30 270 250 26 24 21.7 225 4 x10°°
Bedrock 25,000 0.4 1400 1200 47 42 26.0 26.8 1 x 10°10

Hydromechanical coupling analyses were performed in FLAC3D. The landslide sur-
face was modeled as a free boundary, and fluid flow was governed by Darcy’s law. Under
saturated conditions, it was assumed that all pores were fully saturated with water. Fluid-
related properties, including water density, porosity, and Biot modulus, are listed in Table 1.
The mechanical and hydraulic parameters of each material group are detailed in Table 2.
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4.2. Deformation Characteristics and Mechanism

(1) Deformation Characteristics

Reservoir monitoring data (Figure 2) show that the water level remained relatively
stable between 775 m and 799 m from November 2021 to September 2022. However,
beginning in September 2022, the reservoir water level rose rapidly, reaching the design
level of 825 m by 25 October 2022. Rainfall monitoring data indicate that precipitation was
concentrated from May to September, with a maximum daily rainfall of 35.5 mm.

GNSS3, located near the landslide toe, recorded the most significant cumulative
displacement and is therefore selected as a representative monitoring station. Figure 7
illustrates the cumulative displacement during the rainfall period, while Figure 8 shows
the displacement evolution in relation to water level rise. Prior to 12 October 2022, the
cumulative horizontal displacement ranged from 48.7 mm to 107.2 mm, corresponding
to an average annual displacement rate of 84.6 mm/year. According to the classification
criteria [53], the landslide was in a slow-moving stage during this period.

As shown in Figure 7, rainfall from May to September had limited influence on slope
deformation. In contrast, Figure 8 reveals a marked acceleration in both horizontal and
vertical displacement during the rapid reservoir impoundment period (12 October 2022
to 12 January 2023), indicating a strong correlation between reservoir level rise and slope
movement. Specifically, horizontal displacement at GNSS3 increased from 110.1 mm
to 1128.3 mm (average 11.1 mm/day), while vertical displacement rose from 52.8 mm
to 933.6 mm (average 9.6 mm/day). These results indicate that the landslide was in an
accelerating deformation stage during this period
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Figure 7. Cumulative displacement curve of GNSS3 during the concentrated rainfall period.
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Figure 8. Relationship between GNSS3 displacement and reservoir water level.
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(2) Deformation Mechanism

The DWZ landslide is situated on a steep slope composed primarily of loose grav-
elly soil and gravelly silty clay. These materials exhibit relatively high permeability
(4 x 107 m/s), which promotes both infiltration and drainage. During reservoir im-
poundment, the high-permeability toe region becomes easily influenced by external water
levels, resulting in a rise in groundwater table and increased slope saturation (Figure 9).

Buoyancy

Figure 9. Conceptual model of the buoyancy-driven landslide mechanism under rising reservoir
levels.

To investigate the deformation response under water level rise, the following simula-
tion strategy was employed:

(1) A solid mechanics model was used to compute the initial stress field and achieve
geostatic equilibrium under gravity;

(2) A steady-state seepage model simulated pore pressure and effective stress conditions
under the low water level (775 m), with all grid displacements reset to zero;

(3) Reservoir levels were then elevated to 785 m, 795 m, 805 m, 815 m, and 825 m, and
the resulting displacement fields were computed. Simulation results are shown in
Figure 10.

H-Displacement (m)

l 0.0
-0.2
-0.4
—-0.6
I—O‘S
-1.0
-1.2
-1.4
-1.5

(@)775m  (b)785m (¢)795m (d)805m (e)815m () 825m
B Water level

Figure 10. Simulated surface deformation of the DWZ landslide during water level rise.

The simulations indicate that surface displacement increased significantly with rising
water levels, particularly at the landslide toe, where the deformation zone expanded and
intensified. This behavior is primarily governed by a buoyancy-driven sliding mechanism:

e  The toe region, being highly permeable, responds quickly to reservoir impoundment
by raising the internal groundwater level, thereby increasing the buoyant force acting
on the landslide mass;

e  Submergence also leads to a rise in pore water pressure, which reduces the effective
stress and consequently the shear strength along the slip surface;
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e These changes collectively lower the normal stress and increase the driving shear
stress along the slip surface, leading to failure initiation at the toe and progressive
mobilization of the entire landslide mass.

To preliminarily explore the influence of geotechnical parameters on displacement
responses, a set of trial simulations was conducted. The results suggest that the cohesion
and internal friction angle of the saturated slip zone may significantly affect the deformation
pattern. These two parameters are thus treated as uncertain variables in the subsequent
back-analysis.

4.3. Hydrologically Driven Surrogate Model

To improve the computational efficiency of displacement back-analysis, a hydrologi-
cally driven surrogate model was developed to predict the displacement responses of each
GNSS monitoring station under rising reservoir water levels. Beginning on 16 September
2022, the reservoir level increased from 775 m to the design elevation of 825 m and stabi-
lized on 25 October 2022. As shown in Figure 11, the reservoir level rise during this period
can be approximated as linear. Taking time in days as the temporal unit, the water level
variation can be expressed by the following:

H(t) = 775 + 1.25t,t € (0,40d). )

830
820
810 f
800
790 |
780 |

770
08 09 10 11 12

Month

Water level

Water level (m)

Figure 11. Linear rise in reservoir water level during the impoundment period.

According to Equation (7), the initial reservoir level is 775 m, with a rise rate of
1.25 m/day. Based on this, 40 water level scenarios were defined. The LSTM surrogate
model was then trained to predict displacement responses under these 40 scenarios. The
uncertain input parameters were defined as cqjp € (230,270) and felip € (22,26). A total
of 50 parameter samples were generated by LHS, yielding 2000 input combinations when
paired with the 40 water levels.

The surrogate model was constructed using an LSTM network. The dataset was
randomly split into a training set (80%) and a testing set (20%). The LSTM model achieved
a coefficient of determination (R?) of 0.99 on both sets, and the average prediction time
per sample was only 3.0 ms—compared to 162 s for traditional numerical simulations—
resulting in a ~50,000-fold improvement in computational efficiency. It should be noted
that generating the training and testing datasets required approximately 3.75 days. Al-
though dataset generation is time-consuming, once the surrogate model is trained, it can
be repeatedly used with extremely low computational cost (3.0 ms per prediction). These
results highlight the model’s excellent fitting capability and rapid response. Table 3 summa-
rizes the Root Mean Square Error (RMSE) values of the LSTM predictions across different
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stations. The testing errors are only marginally higher than those in training, indicating
strong generalization and predictive performance.

Table 3. RMSE of LSTM predictions for training and testing sets (unit: mm).

GNSS Station 2 3 4 5 6 7 8 9 10
Training Horizontal 0.85 1.44 0.78 0.75 0.79 0.93 0.79 0.96 0.79

sets Vertical 1.08 1.17 0.64 0.65 0.82 0.75 0.74 0.73 0.60
Testing  Horizontal 0.82 1.43 0.78 0.75 0.78 0.93 0.80 0.97 0.79

sets Vertical 1.04 1.10 0.68 0.71 0.92 0.83 0.79 0.81 0.71

Figures 12 and 13 illustrate the distribution of prediction errors using violin and box
plots. Most prediction errors lie within £2 mm, with very few outliers. The medians
are close to zero, and the narrow interquartile ranges suggest low bias, low dispersion,
and high consistency. Despite the large-scale deformation observed at GNSS3—exceeding
one meter—the LSTM model maintained excellent predictive performance throughout the
impoundment process. Figure 14 compares the LSTM-predicted and FLAC3D-simulated
displacements at GNSS3 under varying reservoir levels. The high level of agreement
demonstrates the surrogate model’s capability to effectively replicate numerical simulation
results and confirms its suitability for hydrologically driven landslide modeling.
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Figure 12. Violin and box plots of prediction errors for the test set (horizontal direction).
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Figure 13. Violin and box plots of prediction errors for the test set (vertical direction).
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Figure 14. Predicted vs. FLAC3D-simulated displacement at GNSS3 under different reservoir levels:
(a) horizontal direction, (b) vertical direction.

4.4. Dynamic Inversion of Shear Strength Parameters in the Slip Zone

(1) Sample Consistency Check

The consistency check results for the time-series displacement data from nine GNSS
stations in both horizontal and vertical directions are shown in Figure 15. In the figure,
black markers denote inliers identified by the RANSAC algorithm, while red markers
represent outliers corresponding to gross errors. Most outliers are observed in the vertical
component, with relatively few in the horizontal direction.

This finding is consistent with the known limitations of GNSS monitoring, where
vertical precision is generally inferior to horizontal precision. Furthermore, the inlier subsets
form smooth time series that align with the expected acceleration patterns of landslide
deformation, whereas the excluded outliers exhibit sudden deviations or discontinuities.

These results validate the effectiveness of the RANSAC algorithm in extracting high-
quality observations that faithfully represent the true deformation behavior of the landslide.
This significantly improves the robustness and reliability of the LDIDIF framework.

(2) Inversion Results and Analysis

Based on laboratory testing, prior statistics of uncertain parameters can be obtained,
as shown in Table 4. These prior distributions reflect the inherent uncertainty of the
geotechnical parameters. The evolution of parameter uncertainty is a key indicator of
inversion performance. Figure 16 presents the variation in the coefficient of variation (CV)
for the uncertain parameters throughout the Bayesian updating process in LDIDIFE. A clear
downward trend is observed, indicating a gradual reduction in parameter uncertainty. The
CV values converge and stabilize after approximately 28 update steps, which indicates
that the obtained posterior parameters are stable and can be reliably used to represent the
geotechnical parameters of the slope throughout the update period.

Using the posterior parameters from the 28th update, displacement simulations were
performed at nine monitoring stations across 40 time steps. The corresponding RMSE
values are shown in Figure 17. Prior to calibration, simulated displacements deviated signif-
icantly from the observations, and the prediction errors in both the horizontal and vertical
directions almost exceeded 25 mm, with the maximum error reaching over 80 mm (Table 5).
After calibration, the simulations matched the observed values closely, with prediction
errors in both horizontal and vertical directions remaining below 10 mm. These results
confirm that LDIDIF effectively performs dynamic inversion of geotechnical parameters,
greatly enhancing the precision of numerical simulations.
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Figure 15. Consistency check results for time-series displacement at nine GNSS stations.
Table 4. Prior statistics of uncertain parameters.
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Figure 16. Evolution of the coefficient of variation for uncertain parameters.
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Table 5. RMSE of simulated displacements under prior vs. updated parameter (unit: mm).

Figure 17. Comparison of observed vs. simulated displacements before and after parameter calibra-

GNSS Station 3 4 5 6 7 8 9 10
Prior Horizontal 44.91 83.23 23.08 23.65 28.25 23.62 18.73 2645  26.82
simulated ~ Vertical 52.35 75.28 28.29 26.13 26.92 24.06 29.37 20.78 17.50
Updated Horizontal ~ 5.79 9.87 4.87 4.52 4.47 5.14 4.96 5.03 4.62
simulated  Vertical 7.81 10.55 7.40 7.86 9.21 8.30 8.12 9.39 9.78

4.5. Stability Analysis Under the Highest Reservoir Water Level

Based on the LDIDIF-calibrated numerical model, stability analyses were conducted

along the most severely deformed cross-section (profile 1-1), which includes GNSS2 and
GNSS3. To evaluate the influence of reservoir level, two scenarios were simulated: one
corresponding to a moderate water level (795 m) and the other to the design maximum level
(825 m). The simulated displacement fields under both conditions are shown in Figure 18.
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Figure 18. Simulated displacement along profile 1-1 under the highest reservoir level.
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At the 795 m reservoir level, slope deformation is primarily localized near the toe of
the slope, adjacent to the slip surface. The displacement contours are sparse and confined,
indicating a relatively stable condition. Although some deformation occurs below the
waterline, the unloading effect induced by buoyancy remains limited. The residual shear
strength along the slip surface appears sufficient to counteract the mobilized shear stress,
thereby preventing large-scale failure or progressive sliding.

In contrast, under the 825 m water level condition, both the magnitude and spatial
extent of deformation increase significantly. Pronounced displacement is observed at the
submerged slope toe, accompanied by denser contour lines and an upslope expansion of
the deformation zone along the slip surface. These results suggest that the elevated water
level intensifies the buoyancy effect, which in turn reduces the effective normal stress and
shear resistance at the slope toe, triggering initial failure in this region. Subsequently, the
destabilization at the toe generates a traction effect on the mid and rear sections of the
landslide body, leading to amplified deformation throughout the slope.

In summary, the stability of reservoir-induced landslides exhibits strong sensitivity to
variations in water level. Under high water conditions, the submerged slope toe is most
vulnerable to failure due to buoyancy-induced unloading. Localized failure at the toe
can propagate upslope through traction-induced deformation, ultimately threatening the
integrity of the entire slope. These findings underscore the critical importance of continuous
deformation monitoring at the slope toe during reservoir impoundment and offer scientific
guidance for the development of targeted risk mitigation strategies.

5. Conclusions

To improve the computational efficiency and reliability of landslide displacement
inversion, this study proposes an intelligent dynamic inversion framework (LDIDIF) that
integrates the BBA approach, a ML surrogate model, and the RANSAC algorithm. The
proposed framework was validated through a comprehensive case study of the DWZ
landslide. Key findings are summarized as follows:

e The LSTM surrogate model achieved an R? of 0.99 and improved computational
efficiency by approximately 50,000 times, enabling rapid and accurate displacement
prediction.

e Integration of the RANSAC algorithm effectively identified and excluded gross errors
in GNSS observations, significantly enhanced the robustness of the inversion model.

e The proposed framework enabled dynamic and high-precision inversion of shear
strength parameters, with calibrated simulations closely matching field measurements
within a 10 mm margin.

e  Stability analysis revealed that rapid reservoir impoundment substantially reduces the
anti-sliding resistance at the slope toe due to buoyancy effects, emphasizing the critical
need for continuous deformation monitoring under high-water-level conditions.
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Overall, the LDIDIF framework provides a robust and efficient solution for real-time
landslide displacement inversion and stability assessment. It demonstrates strong potential
for enhancing early warning systems and informing the development of more effective risk
mitigation strategies for hydrologically induced landslides.
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Abbreviations

Notation

0 uncertain parameter (geotechnical parameter)

dobs observed displacement

g() model response; predicted displacement

€ Gaussian noise

t time state

p probability density function

L likelihood function

o standard deviation of corresponding measurement

A mean of logarithm parameter

Ci standard deviation of logarithm parameter

Ui mean of parameter

6; standard deviation of parameter

i number of samples

m number of input features; input dimension of the LSTM
n number of target responses; output dimension of the LSTM
Xim input features

Yin target responses

Sk minimal subset

k number of sample observations

0 posterior distribution using Sy to compute

v; residual between the observed displacement and the predicted displacement
0 predefined threshold

Min number of inliers

Sin inlier subset



Remote Sens. 2025, 17, 2820 21 of 23

E elastic modulus
c cohesion
f internal friction angle
K saturated permeability coefficient
R? coefficient of determination
Abbreviations
LDIDIF Landslide Displacement Intelligent Dynamic Inversion Framework
BBA Bayesian displacement Back-Analysis
LSTM Long Short-Term Memory
RANSAC RANdom SAmple Consensus
GNSS Global Navigation Satellite System
InSAR Interferometric Synthetic Aperture Radar
UAV Unmanned Aerial Vehicle
DEM Digital Elevation Model
MCMC Markov Chain Monte Carlo
MH Metropolis-Hastings
DREAM Differential Evolution Adaptive Metropolis
SVR Support Vector Regression
BPNN Back Propagation Neural Networks
XGBoost eXtreme Gradient Boosting
LHS Latin Hypercube Sampling
RMSE Root Mean Square Error
Ccv Coefficient of Variation
BHT Baihetan
TDG Tuandigou
XJS Xiaojiasha
DWZ Dawanzi
LM Landslide Mass
Sz Slip Zone
ML Machine Learning
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