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Affected by water level and rainfall, the failure probability of bank slope is of great
time-dependent characteristics. Combining the random �eld theory with Monte
Carlo simulation strategy to calculate long-term failure probability is a time-
consuming when considering the spatial variability of geotechnical materials.
Therefore, how to ef�ciently predict the long-term failure probability remains an
urgent problem, which is vital to ensure the safety of bank slopes. This study
combines remote sensing technology with machine learning methods to
conduct comprehensive analysis on the long-term stability and failure
probability of bank slope. Firstly, taking an actual bank slope as an example, the
failure mechanism and time-dependent characteristics of it is studied with aid of
the remote sensing technology. Subsequently, the stability of the bank slope
within a year is quanti�ed by the safety factor and seepage �eld obtained from the
numerical model. The failure probability of the bank slope in the same year is
calculated by the random �eld model, and the in�uence of uncertain parameters
on the failure probability is drawn. Three deep learning models, such as multilayer
perceptron, convolutional neural networks, and long short-term memory, are
adopted to predict the long-term failure probability in 10 years. The results show
that the failure probability increases with any of the uncertain parameters, such as
the coef�cient of variation, correlation coef�cient of shear strength, or scale of
�uctuation. The utilization of the novel method proposed by this study can
ef�ciently depict the time-dependent characteristic of the long-term failure
probability, and it is applicable in predicting the future failure probability of the
bank slope. Among three models, the long short-term memory model shows
better performance in predicting the time-dependent failure probability. The
input data amount and the ratio of the training and test sets have an insigni�cant
effect on the prediction results.
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1 Introduction

The stability of coastal slope is vital to the safety of coastal
engineering (Li et al., 2024; Li et al., 2025) such as the breakwater
and embankments and etc. There are many external affecting
factors especially the periodic wave loads and tidal water level
variations leading to a time-dependent characteristics for
deformation and stability of the coastal slope. The phenomenon
is similar in bank slope which has been widely studied. As a result,
studying the time-dependent characteristics of bank slope has
reference signi�cance on the safety of coastal slope.

With the construction of the Three Gorges Reservoir (TGR),
many slopes nearby have become bank slopes. Due to changes in
geological conditions and the surrounding environment, bank
slopes will further evolve into reservoir bank landslides. For
example, one of the greatest losses landslides the Qianjiangping
landslide, the volume of the landslide body reaches 24 million m3,
and the maximum surge generated by the landslide is 39 m, causing
economic losses of approximately 80 million Chinese Yuan (Yin
et al., 2015). The bedding slopes are the most common type in TGR.
As the causing factors and conditions are different and complex for
each landslide, the prevention and control of geological disasters
caused by landslides in this area still face big challenges.

During the �uctuations of water level, the rock and soil mass in
the sliding zone show an alternating dry and wet state. After being
soaked and softened, the shear strength of the rock and soil
decreases. This is an important condition for the revival of some
ancient landslides or the multistep deformation and failure of
reservoir bank landslides (Xu et al., 2020; Wu et al., 2023). By
considering the dry-wet cycling effect of the sliding body and sliding
zones of the Zhaoshuling landslide due to water level �uctuations,
the variation of its stability under the reduction of the shear strength
parameter of the slope body was analyzed (Zhang et al., 2022).
Coupling the erosion and damage of the slope surface caused by
rain, but the sliding zone had not yet reached saturation, Sun et al
(Sun et al., 2023). used permeable boxes as the sliding surface and
studied the effect of soil types in sliding zone on the revival of
landslides by �lling the permeable boxes with water. Su et al (Su
et al., 2023). analyzed microscopic changes of sliding zone soil after
interacting with acidic groundwater, normal groundwater, and
distilled water environments and found that all three types of
groundwater damaged the microstructure of the sliding zone soil
to varying degrees. Among them, acidic groundwater had the most
severe degree of damage to the soil structure. Zou et al (Zou et al.,
2023). studied the mechanical properties of the sliding zone soil of
the Liutang landslide through circum-shear tests and proposed a
stability estimation method for landslides. This method was able to
quantitatively express the relationship between the shear strength
and displacement of the sliding zone soil under different moisture
contents and normal stress states.

Rainfall is regarded as one of the important external factors
causing landslides in the reservoir area (Yazdani et al., 2024; Zhang
et al., 2024). Fan et al (Fan et al., 2020). generated a series of time
series with different peak rainfall intensities and magnitudes. By
comparing the dynamic characteristics of landslides induced by
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different rainfall patterns, they found that large early rainfall and
uniform rainfall were the most probable patterns to cause
landslides. Wang et al (Wang et al., 2021). classi�ed the landslides
caused by heavy rain into two failure modes. One was the sliding
along the shear surface owing to the failure of the soil, and the other
was the rapid sliding caused by the erosion of the slope. Yu et al (Yu
et al., 2023). studied the failure of bedding slope containing
interlayer soil under different rainfall patterns. They found that
under uniform rainfall conditions, the rainfall threshold during
landsliding would increase with the decrease of rainfall intensity.
When there were peaks in the rainfall pattern, the rainfall threshold
for landsliding was the smallest before the peak and the largest after
the peak. A large number of the above-mentioned studies have
shown that rainfall and reservoir water level are the main
controlling factors when estimating the stability of reservoir bank
landslides. Therefore, estimating the multistep deformation and
evolution process of reservoir bank landslides, the effect of rainfall
and reservoir water level, so-called the dynamic mechanical
environment in this study, needs to be considered.

Reliability analysis quanti�es the safety factor of geotechnical
engineering from a probabilistic perspective, providing an effective
way when considering the uncertainties of geotechnical engineering
(Li et al., 2016; Jiang et al., 2022). It has been widely applied and
developed in aspects such as uncertainty quanti�cation (Li et al.,
2019; Yang HQ. et al., 2021), advanced surrogate models (Li et al.,
2023), and reliability design (Vagnon et al., 2020; Yang YJ. et al.,
2021; Wang and Owens, 2022). Wu et al (Wu et al., 2017).
conducted a reliability analysis and found that the reliability of
the landslide gradually decreases as the strength of the sliding zone
soil weakens. Zhang et al (Zhang et al., 2020). analyzed the changes
in the failure probability of the Bazimen landslide under the
dynamic mechanical environment based on monitoring data, and
pointed out that the failure probability would increase with the
increase of soil variability. Liao et al (Liao et al., 2021)further
conducted dry-wet cycle tests to simulate the water level
�uctuations on the Majiagou landslide. By analyzing the time-
dependent reliability of the landslide for 10 years, they pointed
out that the landslide would translate to an unstable state.
Guardiani et al (Guardiani et al., 2022). adopted machine learning
methods as surrogate models to study the relationship between the
safety factor and time, and conducted sensitivity analyses on both
the mechanical and hydraulic parameters. However, geotechnical
parameters are usually regarded as random variables in the above-
mentioned research, and existing research indicates that not
considering spatial variability will lead to relatively conservative
results (Huang et al., 2021; Li et al., 2022).

The spatial variability of geotechnical materials is always
considered in numerical simulation under the basis on random
�eld theory and Monte Carlo simulations. Considering the high cost
and time-consuming calculation of MCS (Monte Carlo
simulations), scholars have combined data-driven methods to
construct surrogate models for achieving reliability analysis
quickly and accurately. Wang and Goh (2021) used convolutional
neural networks (CNNs) of which the predicting accuracy was very
close to the results calculated directly using random �elds, but the
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computational ef�ciency had been improved. Zhang et al (Zhang
et al., 2023b). took the Bazimen landslide as an example and
established the XGBoost and LightGBM prediction models to
obtain the safety factor. The above-mentioned research veri�ed
the applicability of machine learning methods in improving
ef�ciency in estimating the failure probability. However, for the
reservoir bank landslides in dynamic mechanical environments, the
failure probability of it is bound to show great time-dependent
characteristics, and the long-term failure probability is of signi�cant
importance in estimating the risk of landslides. A novel method is
needed to ef�ciently predict long-term reservoir bank landslide
probabi l i ty while accounting for soi l and rock mass
spatial variability.

This study, aiming at improving the prediction ef�ciency of the
long-term failure probability of bank slope under the in�uence of
dynamic mechanical environment, takes the Jiuxianping landslide
in TGR as an example and proposes a novel method for the long-
term failure probability prediction. To be speci�c, this paper is
organized as follows. First, through the analysis of on-site geological
and monitoring data, the failure mechanism and time-dependent
displacement characteristics of the Jiuxianping landslide are
determined. A numerical model of the landslide is established to
assess its seepage �eld and safety factor in 2020. Subsequently,
reliability analysis is performed using a random �eld model,
incorporating the spatial variability of the sliding zone. Also, the
effect of the uncertain parameters on failure probability is drawn.
Finally, based on the 10-year failure probability from the random
�eld model, a novel method for long-term failure probability
prediction through deep learning is proposed and its high
ef�ciency is veri�ed. Furthermore, performance when using
different deep learning models are compared and the effect of the
data amount is discussed.
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2 Stability evaluation of Jiuxianping
landslide

2.1 Overview of landslide

The Jiuxianping landslide is a large wading landslide with a total
volume of approximately 6902.5×104 m3. The distance between it
and dam is 239 km. The center point coordinates are 108°4657.35”
east longitude and 30°5627.63” north latitude. The average
thickness of the landslide body is 40 m, and the area is about
174×104 m2. The bedding landslide with large-scale is shown in
Figure 1. It is in a continuous deformation state, and once the
landslide becomes unstable, it will cause incalculable losses.

Figure 2 plots the overall view of the Jiuxianping landslide,
including the monitoring layout and actual view of the landslide. As
plotted in Figure 2, the rear edge of the Jiuxianping landslide shows
obvious signs of sliding. The middle of the slope is relatively
straight, while the front part is characterized by steep cliffs and
slopes. The overall failure mechanism of the Jiuxianping landslide is
sliding-bending. To be speci�c, the shallow, fragmented rock
masses are sliding locally while the rear accumulation body is
sliding along the bedrock surface in a pushing manner. Because
the Jiuxianping landslide is a bedding slope, the dip angle of the
rock strata is greater than the gradient of the slope. Under the
circumstance that the dip angle of the sliding surface is greater than
the friction angle of that surface, landslide occurs However, there
still exists a resistance for the rock mass to slide, and this makes the
rock mass in the middle and lower parts bend and deform until it
leads to collapse and failure. Therefore, the development of the
landslide can be divided into three stages: the slightly bended stage,
the strongly bended and uplifted stage, and the slide surface formed
FIGURE 1

Location of Jiuxianping landslide.
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