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a b s t r a c t

Timely identification of accelerating precursors and performing reliable time-to-failure analysis are the
key components in the management of slope failure risks. This study focuses on rock slope failures and
proposes a framework for online identification of accelerating precursors and dynamic probabilistic
prediction of failure time grounded in Bayesian inference. By integrating the Bayesian online change-
point detection (BOCD) method with a typical dimensionless trend (TDT) model, the BOCD-TDT algo-
rithm is first developed for online identification of acceleration events and their corresponding onset of
acceleration (OA). Subsequently, a Bayesian approach is employed to estimate the parameters of the
inverse velocity (INV) method, enabling the dynamic probabilistic prediction of slope failure time while
quantifying observational and model uncertainties across different accelerating deformation stages.
Building on this, the influence of starting point (SP) selection, trend update (TU), and multi-data fusion
on prediction reliability is evaluated, and a novel decision criterion for impending slope failure is
proposed. The feasibility of the proposed methods is then validated using 73 rock slope failure cases.
Results show that using INV data, the BOCD-TDT algorithm can reliably identify acceleration events and
the corresponding OA. In time-to-failure analysis, the reliability of dynamic failure predictions can be
enhanced by incorporating both observational and model uncertainties corresponding to the defor-
mation stages into the Bayesian prediction model, along with TU detection and multi-data fusion. The
proposed failure probability criterion provides valuable guidance for the identification of impending
failure and the establishment of ultimate alert thresholds.
© 2026 Institute of Rock and Soil Mechanics, Chinese Academy of Sciences. Published by Elsevier B.V.
This is an open access article under the CC BY-NC-ND license (http://creativecommons.org/licenses/by-

nc-nd/4.0/).

1. Introduction

Rock slope failure (e.g. rock slide, rock avalanche, and rock fall)
is a globally widespread geological hazard, posing significant
threats to human life and property (Zhou et al., 2011; S€attele et al.,
2016; Liu et al., 2017; Blondeau et al., 2021). Historical data indi-
cate that out of 38 recorded landslide disasters (from 1000 to
1999) involving over 1000 casualties, 75 % were caused bymassive
rock slope failure (Evans, 2006). Accurately predicting slope failure

time and subsequently formulating early-warning strategies is an
effective approach to preventing or mitigating potential losses
(Segalini et al., 2018). With the development of monitoring tech-
nology, the acquisition of monitoring data on slope movements
can provide powerful support for slope failure prediction (Casagli
et al., 2023; Lau et al., 2023). However, reliable failure prediction is
still highly challenging because the deformation and failure pro-
cess of rock slopes is controlled by various endogenous/exogenous
factors (Donati et al., 2021).

Displacement and its derivatives (i.e. velocity and acceleration)
are the most reliable indicators for characterizing slopemovement
and predicting failure occurrence (Pecoraro et al., 2019). Extensive
case observations have shown that displacements occurring in
typical rock slopes before imminent failure exhibit a power-law

* Corresponding author.
E-mail address: jqh1972@whu.edu.cn (Q. Jiang).
Peer review under responsibility of Institute of Rock and Soil Mechanics,

Chinese Academy of Sciences.

Contents lists available at ScienceDirect

Journal of Rock Mechanics and
Geotechnical Engineering

journal homepage: www.jrmge.cn

https://doi.org/10.1016/j.jrmge.2025.08.048
1674-7755/© 2026 Institute of Rock and Soil Mechanics, Chinese Academy of Sciences. Published by Elsevier B.V. This is an open access article under the CC BY-NC-ND
license (http://creativecommons.org/licenses/by-nc-nd/4.0/).

Journal of Rock Mechanics and Geotechnical Engineering 18 (2026) 3779–3803



divergent phenomenon similar to accelerating creep behavior
(Crosta and Agliardi, 2003; Agliardi et al., 2020). Accelerating
behavior is considered a precursor of rock slope failure (Carl�a et al.,
2017a). Therefore, over the past 60 years, scholars and engineers
have proposedmany empirical or semi-empirical models based on
the accelerating creep theory to extrapolate slope failure time,
such as Saito's method and its generalizations (Saito, 1965;
Fukuzono, 1985; Voight, 1988; Mufundirwa et al., 2010). Despite
the emergence of numerous encouraging models for slope failure
prediction, their precision cannot be guaranteed, and their real-
time predictive performance often proves unsatisfactory
(Manconi and Giordan, 2016).

Specifically, there are several reasons that limit the reliability of
slope failure prediction using existing models. First, the materials
and structures of the rock slopes have spatial variability, resulting
in complex geological conditions and topographical features (Jiang
et al., 2014; Zhang et al., 2023, 2024a; Chen et al., 2024a, 2024b).
With the superposition of seasonal/periodic or episodic triggering
factors (e.g. rainfall, groundwater fluctuation, snow melt, excava-
tion, and earthquake), slope deformations exhibit nonlinearity and
uncertainty (Gu et al., 2023, 2024; Wang et al., 2023; Hu et al.,
2024; Zhou et al., 2024a). Consequently, it is challenging to pre-
cisely capture the current/future deformation information and the
effect of triggering factors, as well as the mechanical response
relationships between them (Ma et al., 2018; Chen et al., 2022).
Even during the accelerating deformation stage, which leads to
failure, slope deformations exhibit distinct stages or TUs (Rose and
Hungr, 2007; Dick et al., 2015). Thus, there is considerable diffi-
culty in the accurate identification of failure precursors. Second,
constrained by limitations in data collection, transmission, and
processing technologies, survey data and monitoring data from
slope sites may be incomplete and inaccurate, potentially affecting
the establishment and performance of predictive models (Zheng
et al., 2014, 2015; Abdulai and Sharifzadeh, 2019). Additionally,
the limitations of model assumptions, errors in parameter esti-
mation, and the lack of user experience can also reduce the reli-
ability of predictive models (Bozzano et al., 2014; Zhang et al.,
2020). To sum up, factors such as the complexity of slope defor-
mation and failure process, precursor identification, model as-
sumptions, data limitations, or errors in parameter estimation
contribute to the uncertainty of failure prediction.

Accurately identifying the onset of acceleration (OA) during the
accelerating deformation stage is one of the key problems in
predicting slope failure time (Dick et al., 2015). Presently, several
methods have been proposed to identify OA, mainly involving
using data filtering or smoothing algorithms to detect change-
points or outliers in velocity–time series and then treating them as
the OA (Carl�a et al., 2017b; Du and Song, 2022; Sharifi et al., 2022).
These detection methods provide effective tools for failure pre-
diction; however, the reliable detection of the OA still presents
several notable challenges. First, there is limited research on the
impact and quantification of uncertainty stemming from errors
and noise in raw data on the online detection of OA. Additionally,
the long-term evolution of rock slopes often experiences multiple
cycles of acceleration and deceleration – from the initial defor-
mation to final failure – under the influence of external triggers
(Paronuzzi et al., 2016). This implies that the identified OAmay not
necessarily correspond to the actual onset of the failure process,
potentially leading to erroneous failure time predictions. There-
fore, OA identification must incorporate the division and recog-
nition of deformation stages to differentiate between the final
acceleration preceding runaway failure and normal acceleration
events (Chen and Jiang, 2020; Casagli et al., 2023; Zhang et al.,
2024b). Typically, the slope deformation and failure process is
categorized into three primary stages – primary, secondary, and

tertiary (or accelerating) – based on the characteristics of slope
displacement curves that resemble creep behavior (Sullivan,
2007). Furthermore, the accelerating deformation stage can be
subdivided into several substages according to the progression of
acceleration intensity (Xu et al., 2011; Scoppettuolo et al., 2020).
Finally, the ambiguity in failure trends during the initial acceler-
ating deformation stage (Carl�a et al., 2017b) raises questions about
whether selecting OA as the SP for time-to-failure analysis is the
most optimal choice – a matter that requires further discussion.

Quantifying the predictive uncertainties is another critical factor
for performing reliable failure prediction (Zhang et al., 2020). Some
scholars have recognized the variability in predictive performance
among different models and recommend contrasting the predicted
values of multiple models to undertake reliable decision-making
(Intrieri and Gigli, 2016; Sharifi et al., 2024). Zhang et al. (2022a)
organically combined a variety of machine learning methods
through the selective ensemble technology of margin distance
minimization, significantly improving the prediction effect of slope
stability. The effective filtering of data noises is also beneficial in
time-to-failure analysis (Du and Song, 2022; Sharifi et al., 2022), but
filtering operations are sometimes arbitrary and subjective.
Although these methods have somewhat improved failure predic-
tion, most studies still rely on deterministic analysis. Due to the
uncertainties arising from endogenous/exogenous factors, the fail-
ure time calculated by deterministic models is generally interpreted
as only an approximation of actual slope failure timing (Carl�a et al.,
2018). To address this, several pioneering studies have considered
the use of interval or probabilistic prediction instead of traditional
deterministic analysis (Carl�a et al., 2017b; Zhang et al., 2020; Shen
et al., 2023). Carl�a et al. (2017b) smoothed monitoring data by
means of both short- and long-term moving averages, thereby
defining the time interval within which failure could occur. Zhang
et al. (2020) employed maximum likelihood estimation to predict
the probability distribution of slope failure time by superimposing
both observational andmodel uncertainties. However, the real-time
predictive potential of this approach has not yet been systematically
evaluated. Shen et al. (2023) employed quantile-based ensemble
learning to quantify the uncertainty of the slope safety factor while
improving the prediction accuracy. Recently, Bayesian models have
also been introduced into slope failure, volcanic eruption, or ma-
terial failure prediction, yielding preliminary results (Bou�e et al.,
2015; O'Dowd et al., 2021; Zhang et al., 2022b; Zhou et al.,
2024b). For instance, Zhou et al. (2024b) utilized Bayesian updat-
ing combined with Voight's model to establish a dynamic proba-
bilistic prediction model, quantified the effects of observational
uncertainty, and validated the model using three typical landslide
cases, but did not account for model uncertainty. Overall, there is
currently very limited research on these methods in terms of the
impact on the prediction reliability of slope failure, particularly
concerning uncertainty analysis across different stages of slope
deformations, selection of SPs for calculations, updating of accel-
erating trends, and fusion of multi-source data. Furthermore, given
current technological capabilities, such as monitoring techniques
and predictive modeling, a more critical consideration is how to
utilize probabilistic prediction information for decision-making or
early-warning, rather than concentrating exclusively on achieving
highly precise timing predictions.

The rest of the paper is organized as follows. Section 2 provides
an overview of the proposed methods and their implementation
procedure. Section 3 presents three typical failure cases to exem-
plify the feasibility of the proposed methods. Section 4 demon-
strates the online identification results of accelerating precursors.
Section 5 conducts a dynamic probabilistic prediction analysis for
slope failure time following the identified OA. Finally, Sections 6
and 7 present the discussion and conclusions of this study.
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2. Methodology

2.1. Deformation patterns and deformation stage division of rock
slopes

Identifying the deformation pattern and evolutionary stage of a
slope is fundamental to conducting time-to-failure analysis. This
study focuses on creep rock slopes, excluding the consideration of
brittle failure. The trends of the displacement–time (S-t) curve,
which comprehensively reflect the entire slope deformation and
failure process (i.e. from initial deformation to final failure or
restoration of stability), are chosen here to classify the deforma-
tion patterns of rock slopes with creep behavior. Creep rock slopes
can generally be classified into four representative categories,
including three-state creep pattern, progressive deformation
pattern, intermittent acceleration–deceleration creep pattern, and
regressive convergence pattern, with specific descriptions in
Appendix A.

According to the creep theory and existing research, the long-
term evolution process of different types of rock slopes is
divided into four stages: initial deformation (stage I), steady
deformation (stage II), accelerating deformation (stage III), and
stable deformation (stage IV) (Saito, 1965; Fell et al., 2000; Intrieri
et al., 2019). At stage I, under long-term land surface modifications
or sudden triggering by external factors, initial damage occurs in
the rock mass, and slope deformation transitions from zero to
significant displacement. Rock mass damage develops continu-
ously at stage II, and slope deformation is characterized by slow
movements. The displacement–time curve at stage II may undergo
minor adjustment or acceleration–deceleration evolution due to
occasional or seasonal variations, but the mean deformation ve-
locity remains relatively low. At stage III, the rock slope undergoes
rapid or sudden accelerating deformation owing to intermittent
damage interpenetrating to form progressive damage, accompa-
nied by severe failure. Additionally, the rock slope can be restored
to a state of stability (stage IV) from stages I or II, where the
deformation processes either cease or occur at an extremely slow
velocity. Slope stabilization can be achieved through natural pro-
cesses, such as the re-establishment of equilibrium, or through
relevant engineering interventions. The stage division of the four
types of slope deformation patterns is shown in Appendix A.

Although the above method of stage division aids in under-
standing the staged characteristics of slope deformation and fail-
ure process, it remains within the realm of conceptualization.
Recently, an emerging method of interest is the typical dimen-
sionless trend (TDT) model using displacement–time series pro-
posed by Cascini et al. (2014, 2022) to quantitatively divide the
stability state of slow-moving landslides, based on common ki-
nematic features of landslides (Fig. 1). To obtain dimensionless
displacement D and dimensionless time T, both the displacement
segment and the corresponding time interval during the active
stages of landslides are normalized as follows:

Di; j =
si; j − s0; j
sp; j − s0; j

(1)

Ti; j =
ti; j − t0; j
tp; j − t0; j

(2)

where s0,j, sp,j, si,j, t0,j, tp,j, and ti,j are the initial, final, and present
displacements and the corresponding times of the jth selected
stage, respectively. A power-law function with the characteristic
exponentm is utilized to fit the dimensionless displacement–time
curve:

D= Tm (3)

The fitting of Eq. (3) requires at least three data points. Three
fundamental displacement trends are identified from the magni-
tude of m, i.e. concave-shaped trend (stable stage) with 0 < m < 1,
linear trend (neutrally stable stage) with m = 1, and convex-
shaped trend (unstable/accelerating stage) with m > 1. Moreover,
the convex-shaped trend can be further subdivided into a weakly
stable trend for 1 < m < 2 (substage IIIa), a weakly unstable trend
for 2 ≤ m < 3 (substage IIIb), and a strongly unstable trend for
m ≥ 3 (substage IIIc), in terms of the intensity of acceleration.
Although originally intended to identify deformation stages of
slow-moving landslides, the applicability of TDT to creep-type
slope failure has already been demonstrated (Cascini et al.,
2022). In this study, the characteristic exponent m is used to
dynamically divide the slope deformation stages, which provides
support for the identification of accelerating precursors and the
quantification of prediction uncertainties.

2.2. Online accelerating precursor identification

To dynamically identify accelerating precursors in the slope
deformation, this study proposes an online identification algo-
rithm integrating a Bayesian changepoint detection (BOCD)
method with the TDT model, termed the BOCD-TDT algorithm.
BOCD is first utilized to identify one or more changepoints in a
time series as candidates for OA. Subsequently, TDT is initiated to
determine whether the changepoint is an OA and to identify the
current deformation stage of the slope. The characteristic expo-
nent m > 1 indicates the emergence of accelerating deformation.

The Bayesian approach for changepoint detection is appealing
due to its ability to characterize the uncertainty in the evolution of
time series (Fearnhead, 2006). In this study, the widely used BOCD
method proposed by Adams and MacKay (2007) is selected for
changepoint detection. BOCD incorporates new observations in
real time and then updates the prior distribution of historical data
to determine whether the new data originate from a new or pre-
vious distribution. As each new observation is added to the de-
tector in the time series x, a distribution of run length rt for the
current regime is created. Within the given time step t, if the time
series continues its original trend, rt increases by 1 (growth); if a
changepoint occurs, rt drops to 0 (changepoint), as shown in Fig. 2.
Since retrospective segmentation of the time series is not required,
BOCD allows for the precise online inference of the most recent
changepoint. The observed points corresponding to the end of the
continuous increase in rt are regarded as the potential OAs (red
dots in Fig. 2b). The specific modeling and parameter calibration
details of BOCD are presented in Appendix B.

TDT calculation is performed simultaneously with the detec-
tion of changepoints to identify acceleration events and subse-
quently determine the OA. The detailed calculation steps are as
follows:

(1) Starting from the initial observation, new observations are
continuously incorporated, and the TDT is calculated in real
time until a changepoint occurs.

(2) Once a changepoint is detected, the SP for performing TDT is
updated to the changepoint until the next changepoint
appears.

(3) When an acceleration event is detected, the calculated re-
sults of TDT are assessed and interpreted, especially in cases
where multiple acceleration events occur within the
deformation pattern. This includes determining the current
deformation stage of the slope and assessing whether this
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acceleration is trending toward failure. Additionally, to
enhance the robustness of identification of acceleration
events (such as disturbance from data noise and fitting er-
rors in TDT), it is assumed that acceleration events can only
be identified when m is persistently greater than 1.05 with
the corresponding changepoint confirmed as OA.

(4) Research indicates that the slope deformation trend in some
cases is also updated during the accelerating deformation
stage (Dick et al., 2015). To address this issue, the multi-
track TDT calculation is conducted. First, after a new
changepoint is identified, the TDT following OA (TDTOA)
continues to update without interruption. Synchronously, a
new TDT (TDTN) is added after the new changepoint is
detected. Then, m values calculated from TDTOA and TDTN
are compared. If both TDTOA and TDTN show a continuous
increase in m and m > 1, it is considered that the sustained
acceleration trend has not stopped. Conversely, if them from
TDTOA decreases, and the m from TDTN also shows a
decreasing trend or m < 1, it is concluded that the acceler-
ation trend has ceased. At this time, updates to TDTOA can be
halted. This method can enhance the reliability of acceler-
ating the precursor while also enabling automatic online
judgment.

2.3. Bayesian estimation of slope failure time

In this study, the inverse velocity (INV) method proposed by
Fukuzono (1985) is selected to predict the failure time of rock
slopes during the accelerating deformation stage. This method has
been extensively applied in engineering practice because of its
concise mathematical form and ease of use. Its mathematical
expression is as follows:

Λ=
[
A(α � 1)

(
tf � t

)] 1
α�1 (4)

where Λ is the inverse of deformation velocity v, i.e. Λ = 1/v; tf is
the predicted failure time; and A and α are the constant parameters
related to material properties, scale, and deformation patterns of
rock slopes. The linear INV (LINV) method with α = 2 is commonly
used in practical applications due to its simplicity, as well as the
inability of the nonlinear trend to achieve higher and more robust
predictive accuracy (Rose and Hungr, 2007; Chen and Jiang, 2020).
Let α = 2, then Eq. (4) reduces to

Λ=A
(
tf � t

)
(5)

As mentioned earlier, there is an error ε between the predicted
failure time tf obtained by LINV and the actual failure time Tf
because of various influencing factors. Drawing from the research
of Zhang et al. (2020), sources of ε are categorized into observa-
tional uncertainty εo (stemming from observation errors and
environmental noises) and model uncertainty εm (stemming from
model assumptions), where both εo and εm are normally distrib-
uted random variables.

To consider the contribution of εo to the prediction, Eq. (5) is
rewritten as

Λ=A
(
tf � t

)
+ εo (6)

where εo is the normally distributed random variable, following
N(0, σ20).

Based on Bayes’ theorem, using the prior information of θ (i.e. A,
α, and σ0) and the observational data D = {d1, d2, …, dj}, where j is
the number of observational data, the posterior distribution p(θ|D)
of the LINV parameters is

p(θ|D) = λp(D|θ)p(θ) (7)

where λ is the normalized parameter, p(θ) is the prior distribution,
and p(D|θ) is the likelihood function. p(D|θ) is given by

Fig. 1. Kinematic characterization of landslides using dimensionless displacement curves (Cascini et al., 2022).

Fig. 2. Schematic diagram for implementing BOCD (Adams and MacKay, 2007).
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p(D|θ)=
∏

j=1

ϕ
(dj − A

(
tf − tj

)

σ0

)

(8)

It is assumed that the prior distributions for both A and tf are
improper uniform distributions with a lower bound of 0, and the
prior distribution for σ0 follows a normal distribution with a mean
of 0 and a standard deviation of 1. The posterior parameter esti-
mation of Eq. (8) is performed using the Metropolis-Hastings al-
gorithm, which is a popular Markov Chain Monte Carlo (MCMC)
method for obtaining a sequence of random samples from a
probability distribution (Metropolis et al., 1953; Hastings, 1970).
The length of the Markov chain is 50,000, and the first 10,000
samples are discarded to eliminate the influence of the initial
points.

To facilitate the calibration of model uncertainty, it is assumed
that the random samples of the posterior distribution of tf follow a
normal distribution. A total of n failure cases are used to quantify
model uncertainty. According to the study by Zhang et al. (2020),
model uncertainty εm is also assumed to follow a normal distri-
bution N(μm, σ2m). Let Ω = {μm, σm}. For the ith case (i = 1, 2, …, n),
assuming that the actual failure time Tfi follows a normal distri-
bution N(μai, σai), and the predicted failure time tf also follows a
normal distribution N(μfi, σ2fi), the relationship between Tf and tf is
as follows:

μa = μf + μa

σa =
̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅

σ2f + σ2m
√

⎫
⎬

⎭
(9)

The model uncertainty Ω can be calculated as follows:

p
(
Tfi|Ω

)
=ϕ

(
Tfi − μai

σai

)

(10)

To calibrate both observational and model uncertainties across
different accelerating deformation substages, a foundational
database is developed by collecting 70 rock slope failure cases
from the scientific literature, as detailed in Appendix C. Subse-
quently, the proposed probabilistic failure time predictionmethod
dynamically calculates failure time and the corresponding obser-
vational uncertainty for continuously updated observational data
according to the OA. Based on this, model uncertainty for different
deformation substages is then calibrated using Eq. (10).

The framework for online accelerating precursor identification
and dynamic failure time prediction of rock slopes is illustrated in
Fig. 3.

3. Three rock slope failure cases outside the database

In addition to the database, three rock slope failure cases are
considered to further test the reliability of the proposed probabi-
listic failure time prediction method and to demonstrate the
implementation process of online accelerating precursor identifi-
cation. The deformation patterns of these three failure cases
include the three-state creep pattern (Jimingsi landslide), pro-
gressive deformation pattern (Zhouzhi landslide), and intermit-
tent acceleration–deceleration creep pattern (Vajont landslide).

3.1. Case 1: Jimingsi landslide

Jimingsi landslide is a typical translational landslide, situated
on the south bank of the Yangtze River in Zigui County, Hubei
Province, China (Fig. 4) (Qin et al., 2006). The lithology is
composed of thick-bedded limestone interbedded with soft mar-
lite. The elevations of the leading and trailing edges of the

landslide are 250 m and 480 m, respectively. Slope angles of the
original slope range between 35◦ and 55◦, coinciding with the dip
angle of the rock formation. In this study area, the rock mass
structures are fragmented with well-developed faults and frac-
tures. In particular, fault F4 plays a controlling role in forming the
landslide boundary. Due to long-term limestone mining activities,
the sliding mass experienced a creep sliding-tension deformation.
In early May 1991, the sliding mass exhibited a sharply acceler-
ating deformation behavior under the influence of heavy rainfall
and finally detached from the mountain at about 4:58 a.m. local
time on June 29, 1991. The typical cumulative displacement–time,
velocity–time, and inverse velocity–time curves recorded from
early April 1990 to imminent failure are shown in Fig. 5 (Xu et al.,
2011). The displacement–time curve of the Jimingsi landslide
displays a typical three-state creep pattern.

3.2. Case 2: Zhouzhi landslide

The Zhouzhi landslide is located along the G108 National High-
way in Zhouzhi County, Shaanxi Province, China (Yu et al., 2019). It
has a position elevation of about 750 m, with a relative elevation
difference of about 127 m from the water surface of the Heihe
reservoir (Fig. 6). The slidingmass is composed of Lower Proterozoic
sericite quartz schist covered with Quaternary residual slope de-
posits. Sericite quartz schist is a type of soft rock that is prone to
softening and weathering. The attitude of the rock formation is
225◦–230◦∠45◦–50◦. The slope surface of this landslide has a dip
angle of 145◦–150◦, and its inclination is nearly perpendicular to
that of the rock formation. The study area is tectonically active. The
Youfanggou–Huangtai fault zone passes through the southern part
of this landslide, with an attitude of NW∠50◦–60◦. Several cracks
have developed on the ground surface. A local collapse has already
occurred in this area due to rainfall in October 2017, indicating that
the original slope is already in an unstable state. To prevent land-
slides from threatening passing vehicles, potentially unstable areas
have been monitored using the global navigation satellite system
(GNSS) since December 15, 2017. Four monitoring stations are
installed on the ground surface. At 4:00 a.m. local time on February
19, 2018, a new local collapse occurred on the right side of the
landslide. The cumulative displacement–time, velocity–time, and
inverse velocity–time curves obtained from monitoring stations in
the collapse area are shown in Fig. 7. It can be observed that the
displacement–time curves exhibit a typical progressive deformation
pattern.

3.3. Case 3: vajont landslide

The Vajont landslide is one of the most famous landslides in
history due to its complex failure mechanisms and catastrophic
impacts, including significant economic losses and human casu-
alties (Massironi et al., 2013; Paronuzzi et al., 2016; Carl�a et al.,
2017b; Bak et al., 2019). This landslide is located on the left bank
of the Vajont Valley (Eastern Italian Alps), Friuli Venezia Giulia,
Italy (Fig. 8). A vast limestone rock mass with a volume of
approximately 2.7 × 108 m3 detached from the slope of Mount Toc
at about 10:39 p.m. local time on October 9, 1963, and slid into the
Vajont reservoir at a speed of around 110 km/h. The enormous
sliding mass filled the reservoir in a very short time, causing the
dam to overflow and triggering a tsunami wave of 5 × 108 m3,
which destroyed seven villages in the Piave Valley and resulted in
approximately 2500 deaths. Records of cumulative displacement
(and velocity/inverse velocity)–time curves and reservoir water
level arewell-documented in the literature for the period between
the initial impoundment to the runaway failure in the Vajont
landslide, as shown in Fig. 9. Notably, the movement of the sliding
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mass was strongly controlled by the reservoir water impoundment
with a positive correlation between its deformation and the rise in
the reservoir water level. The Vajont landslide exhibits a typical
intermittent acceleration–deceleration creep pattern, with the

displacement–time curve exhibiting continuous slow develop-
ment (during the dead water level period) and intermittent stages
of deceleration (during the drawdown period) and acceleration
(during the filling period).

4. Results of online accelerating precursor identification

The above three failure cases (Jimingsi landslide, Zhouzhi
landslide, and Vajont landslide) are used to illustrate the imple-
mentation of the BOCD-TDT algorithm and validate its perfor-
mance in detecting accelerating precursors. Three types of time
series, namely, displacement–time, velocity–time, and inverse
velocity–time series, are utilized to test the sensitivity of the
BOCD-TDT algorithm.

4.1. Precursor identification in the Jimingsi landslide

The precursor identification results using the displacement–
time, velocity–time, and inverse velocity–time series, respec-
tively, are shown in Fig. 10. It should be noted that the run length
(maximum probability curve), rt, in Fig. 10 does not develop lin-
early because the time intervals between the monitoring data
points are not evenly spaced. The BOCD algorithm assumes that
the time intervals between data points are evenly spaced. Thus,
in an ideal scenario, the rt would appear as a sloped straight line.

Fig. 3. Flowchart for the identification of OA and dynamic probabilistic prediction.

Fig. 4. Overview of Jimingsi landslide: (a) Location of Jimingsi landslide; and (c)
Geological cross-section (modified from Qin et al., 2006).
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The OA candidate points (CPs) identified from the three types of
time series, namely CPS, CPv, and CPΛ, during the accelerating
deformation stage are shown in Fig. 11.

From the displacement–time series (Fig. 10b), two change-
points are detected, but their positions differ considerably from

the transition points between the different deformation stages
(stages I, II, and III). In particular, the timing of the detected CPS has
a significant delay compared to the occurrence of OA (Fig.11). From
the velocity–time series, no changepoint is detected between
stages I and II as the transition velocity between the two stages is
relatively small. All three changepoints are detected from the
accelerating deformation stage. The first changepoint is located
close to the OA, while the other two changepoints correspond to
the positions where trends in the velocity–time series are updated.
More changepoints are detected in the inverse velocity–time se-
ries. Using the inverse velocity–time series allows for more reliable
identification of the transition points between the three defor-
mation stages with shorter delays. The identified location of CPΛ is
very close to the occurrence of the true OA. In short, for the three-
state creep pattern, the signals of the initial accelerating defor-
mation stage can be detected from all three types of time series,
but OA identification using inverse velocity data has higher
sensitivity.

The results after dynamic updating of the characteristic expo-
nent m are shown in Fig. 10e. In this case, changepoints used for
updating TDT calculation are obtained from inverse velocity–time
series. TDTs for the 1st and 2nd updates corresponding to stages I
and II havem values that are less than 1, except for two data points
at the end of the 2nd update, where m exceeds 1, due to a certain
delay in the online identification of OA. The updates of the last
three TDTs occur during the accelerating deformation stage. In the

Fig. 5. Cumulative displacement–time, velocity–time, and inverse velocity–time curves before failure in Jimingsi landslide.

Fig. 6. Overview of the Zhouzhi landslide (modified from Yu et al., 2019): (a) Location
of the Zhouzhi landslide; and (c) Geological map.

Fig. 7. Cumulative displacement–time, velocity–time, and inverse velocity–time curves before failure in the Zhouzhi landslide.
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3rd update,m remains consistently greater than 1.05, and its value
exceeds 5 at the last observation. In the 4th and 5th updates, m
values continue to increase and remain above 1, implying that
these two are only updates of the accelerating trend rather than
the cessations of acceleration.

4.2. Precursor identification in the Zhouzhi landslide

The precursor identification results using the displacement–
time, velocity–time, and inverse velocity–time series in the
Zhouzhi landslide, respectively, are shown in Fig. 12. From the
inverse velocity–time series (Fig. 12a), it is evident that this land-
slide continued to accelerate until its final failure. Theoretically,
the first observation point is the OA, and there are no other
changepoints that serve as candidates for OA. No changepoint is
detected in either the displacement–time or velocity–time series,
which is as expected. However, a changepoint is detected in the
velocity–time series, representing an unprecedented acceleration

that occurs before the impending failure. On the whole, BOCD
effectively captures the evolution law of the progressive defor-
mation pattern.

The results of dynamic updating of the characteristic exponentm
obtained from inverse velocity–time series are shown in Fig. 12e m
consistently remains above 1.05 throughout the observation period,
and is greater than 3 in the last observation, clearly indicating the
imminent failure of Zhouzhi landslide. In the early stage, m is
relatively low (m= 1.05�1.2), corresponding to a gradual increase in
deformation velocity, with an average daily rise of 1 mm/d. Visually,
the earliermonitoring data of displacement–time and velocity–time
series show a pattern of steady deformation (Fig. 12a). However,
upon closer examination, this actually represents a phase of slowly
accelerating deformation, which explains the relatively low m
values. Instead, the inverse velocity–time series clearly displays the
initial acceleration trend. Thus, this result highlights the critical
importance of incorporating inverse velocity data into slope risk
management, especially during the initial accelerating deformation

Fig. 8. Overview of the Vajont landslide: (a) Location of the Vajont landslide (modified from Massironi et al., 2013); (b) Schematic diagram of the landslide area (modified from
https://www.ilpost.it/2013/10/09/il-disastro-del-vajont/vajont-dam/); and (c) Geological section of the Vajont landslide prior to failure (modified from Bak et al., 2019).

Fig. 9. Cumulative displacement (velocity/inverse velocity)–time curves, and reservoir water level in Vajont landslide.
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stage when the failure trend is not apparent.

4.3. Precursor identification in the vajont landslide

The online changepoint detection results using the
displacement–time, velocity–time, and inverse velocity–time se-
ries in the Vajont landslide, respectively, are shown in Fig. 13.

Two changepoints are detected from the displacement time
series, which are located in the first two accelerating deformation
periods. BOCD can only approximately capture the time points at
which shifts in the long-term deformation evolution trends of rock

slopes occur from the displacement–time series. However, these
two changepoints reasonably divide the deformation trend of the
Vajont landslide into three stages.

From the velocity–time series, five changepoints are detected.
BOCD can detect the evolutionary law of acceleration–deceleration
deformation during the 1st and 3rd reservoir impoundment pe-
riods. The detection timing of the 4th changepoint is very close to
the OA of the accelerating deformation stage prior to failure. For
the 2nd reservoir impoundment period, although BOCD detects
the acceleration event, it fails to capture the deformation charac-
teristic transitioning from acceleration to deceleration during the

Fig. 10. Online accelerating precursor identification in Jimingsi landslide: (a) Displacement–time, velocity–time, and inverse velocity–time series; (b–d) The heatmaps of
changepoint detection results from the displacement–time, velocity–time, and inverse velocity–time series, respectively; and (e) Them values that are dynamically updated based
on changepoint detection results from the inverse velocity–time series. The gray dashed lines represent the positions of changepoints identified from the inverse velocity–time
series. The heatmaps show the posterior probability of the current run p(rt|x1:t) at each time step. The navy-blue solid lines in the heatmaps represent the maximum probability of
rt continuing to increase, and the red dashed lines indicate the most likely positions where the changepoints occur.

Fig. 11. Relative positions of OA and three detected changepoints.
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drawdown operation. This is because, compared to the other two
acceleration events, the 2nd acceleration event involves a slow
acceleration process, resulting in relatively smaller velocity values.
This result further validates that BOCD has a higher sensitivity to
time series with sharp changes evident.

Consistent with the previous two cases, BOCD can obtain more
accurate changepoint information from the inverse velocity–time
series and detects 10 changepoints. From the relative positions
of the changepoints (gray dashed lines in Fig. 13a) and the
displacement and inverse velocity–time series, it can be observed
that the detected changepoints effectively capture the key points
of the deformation trend change. Overall, except for the two
changepoints indicating TUs during the 2nd and 3rd acceleration
events, the other changepoints reasonably segment the kinetic
characteristics of the Vajont landslide.

The results of dynamic updating of the characteristic expo-
nent m obtained from inverse velocity–time series are shown in
Fig. 13e. TDTs undergo two updates during the first accelerating
deformation stage. The m of the 1st update increases continu-
ously from 1.42 to 7.71, while the m of the 2nd update gradually
decreases over time. According to the study by Cascini et al.
(2022), m ≥ 3 shows a strongly unstable trend in slope defor-
mation. Additionally, the pre-existing sliding surface before
reservoir impoundment and the strong sensitivity of deformation
to the fluctuations in the reservoir water level suggest that the
Vajont landslide was already in an extremely dangerous state

during the initial impoundment period. For the 2nd accelerating
deformation period, changepoint detection is relatively complex,
with a total of four changepoints detected. Nevertheless, the
multi-track TDT calculations reliably identify the duration of the
acceleration events. m increases from an initial value of 1.2–2.92,
indicating a weakly unstable trend in slope deformation. During
the 3rd accelerating deformation period, TDTs undergo three
updates. In the 8th update, the m reaches 10.39 in the last
observation. Regarding failure time prediction, the 9th update of
the TDT obtains ideal results because the inverse velocity data
after the 9th changepoint (OA) are arranged in an approximately
straight line.

According to the analysis of the three historical cases above, it
can be concluded that the proposed BOCD-TDT algorithm effec-
tively divides the kinetic behaviors of three types of creep rock
slopes (three-state creep pattern, progressive deformation pattern,
and intermittent acceleration–deceleration creep pattern) during
different deformation stages, and in turn, reliably identifies ac-
celeration events and their corresponding OA. For online detection
of changepoints, the sensitivity of the BOCD to displacement–time,
velocity–time, and inverse velocity–time series increases in this
order. Therefore, inverse velocity data are recommended for the
online identification of acceleration events. Moreover, when using
displacement data for detection, the proposedmethod can provide
a more reasonable division of the sub-deformation stages in the
long-term evolution of creep rock slopes.

Fig. 12. Online accelerating precursor identification in Zhouzhi landslide.
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5. Dynamic probabilistic failure time prediction

5.1. Uncertainty characterization of predicted failure time

To calibrate the model uncertainty of the LINV method during
different accelerating deformation substages, 70 failure cases from
the established database are used to calibrate the observational
uncertainties of tf. The observational data during the accelerating
deformation stage are divided into five observed time intervals,
namely T1.5 = [tOA, tm = 1.5], T2 = [tOA, tm = 2], T2.5 = [tOA, tm = 2.5],
T3 = [tOA, tm = 3], and Tlast = [tOA, tlast], where tOA represents the
observed time at OA, tm = 1.5, tm = 2, tm = 2.5, tm = 3, and tlast are the
observed times when m reaches 1.5, 2, 2.5, 3, and the last obser-
vation, respectively. It should be noted that in certain cases, one or
two observation intervals may be missing due to sparse and
scattered monitoring data, cessation of monitoring before m rea-
ches 3, or even slope failure occurring whenm < 3. However, each
observed time interval used for statistical analysis contains at least
50 historical cases, ensuring statistical significance. The relation-
ship between the predicted failure time tf and the actual failure
time Tf in each observed time interval is shown in Fig. 14. In the
overall trend, as m increases, the slope k of the fitting line tf = kTf
gradually approaches 1, and the coefficient of determination R2

also increases. This implies that the closer the observed time to Tf,
the higher the predictive accuracy. When the time interval T2 and
beyond is used, the LINV method can obtain relatively reliable
predictive results.

Subsequently, tf and Tf obtained from different observed time
intervals for each case are substituted into Eq. (21) to calculate the
model uncertainty. The normal distributions of the model un-
certainties obtained from different observed time intervals are
illustrated in Fig. 15. The model uncertainties calculated for the
observed time intervals T1.5, T2, T2.5, T3, and Tlast are as follows:
N(7.27 d, 9.682 d2), N(3.42 d, 3.632 d2), N(2.12 d, 2.612 d2), N(2.11 d,
2.72 d2), and N(1.02 d, 1.432 d2), respectively. Consistent with the
fitting results in Fig. 14, the model uncertainty generally decreases
as m increases.

When m > 2, the kinetic behavior of slope deformation is clas-
sified as aweakly stable trend, and the correspondingmean value of
model uncertainty is only 3.42 d, at which point the LINV method
can provide reliable failure probabilistic prediction. The mean value
and standard deviation of the model uncertainty for Tlast are both
relatively small, indicating that once the slope deformation is in a
strongly unstable trend (m > 3), a deterministic failure prediction
can be conducted. Additionally, the mean value of model un-
certainties for each observed time interval is greater than 0, indi-
cating that the LINV method is a conservative predictive model.
From the above analysis, it can be concluded that even when using
the last observation before impending failure to perform time-to-
failure analysis, the model uncertainty cannot be ignored.

This study proposes that both observation and model un-
certainties should be considered simultaneously in dynamic pre-
diction, with the model uncertainty being updated as the
deformation stage develops. The results of the probability density

Fig. 13. Online accelerating precursor identification in the Vajont landslide.
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function (PDF) and cumulative distribution function (CDF) of tf,
calculated with and without considering model uncertainty, are
shown in Fig. 16. As can be observed, considering model uncer-
tainty enhances the ability of the prediction interval to contain tf.
To further validate the feasibility of the proposed method, pre-
dictive results for different observed time intervals are calculated
using all failure cases in the database. The predictive results are
quantified using normalized failure time tnorm to facilitate com-
parison (Zhang et al., 2022b):

tnorm =
2Tf �

(
tfU + tfL

)

tfU � tfL
(11)

where tfU and tfL represent the upper and lower bounds of the 95 %

confidence interval (CI) for the predicted failure time, respectively;
tnorm in [–1, 1] indicates that the 95 % CI of tf contains Tf; tnorm in
(–∞, �1) indicates that Tf is earlier than the lower bound of the
95 % CI for tf; and tnorm in (1, +∞) indicates that Tf is later than the
upper bound of the 95 % CI for tf. The comparison of tnorm results
for different observed time intervals using 70 historical cases is
shown in Fig. 17, both with and without considering model un-
certainty. After considering both observational and model un-
certainties, the number of cases (red scatters) where Tf lies outside
the 95 % CI of tf significantly decreases. For example, for the Tlast,
when only observational uncertainty is considered, 16 cases lie
outside the 95 % CI, while after considering model uncertainty,
only one case lies outside the 95 % CI. In addition, with the increase
in value of m, the number of cases deviating from 95 % CI and the

Fig. 14. Relationship between tf and Tf in each observed time interval.
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degree of deviation show a decreasing trend on the whole,
regardless of whether the model uncertainty is considered.

Furthermore, the study also reveals a negative correlation be-
tween A and tf. The bivariate kernel density contour plot for the
joint distribution of A-tf parameters calculated from the last
observation without considering model uncertainty is shown in
Fig. 18. The darker region represents a higher density of samples,
suggesting a greater probability of the Bayesian-estimated pa-
rameters appearing in these regions. The histograms with curves
on the top and right sides of the plot represent the sampling dis-
tributions of A and tf, respectively. In the two cases shown in the
figures, the negative correlation coefficient ρ between A and tf is
approximately 0.6, despite the prior assumption that A and tf are
independent. Therefore, future studies may consider including the
A-tf joint distribution in Bayesian parameter estimation to provide
more accurate inference and facilitate more effective decision-
making.

5.2. Explanatory examples of dynamic probabilistic prediction

To incorporate model uncertainty in dynamic prediction, the

following predictive strategy is proposed. Assuming the values of
m obtained by TDT fall within the intervals (1, 1.5], (1.5, 2], (2, 2.5],
(2.5, 3], and (3, +∞] in the dynamic prediction, the model uncer-
tainty terms corresponding to observed time intervals of T1.5, T2,
T2.5, T3, and Tlast are added in the predictive results through Eq.
(20). A few explanatory examples of dynamic prediction using
three failure cases (Jimingsi landslide, Zhouzhi landslide, and
Vajont landslide) outside the database are described as follows.

5.2.1. Jimingsi landslide
Dynamic predictions, with and without including model un-

certainty, in the Jimingsi landslide are shown in Fig. 19. According
to the BOCD-TDT algorithm, the actual failure time Tf from the
identified OA to eventual failure is approximately 91.21 d. Due to
the significant TU during the accelerating deformation stage, the
inverse velocity curve can be approximately divided into three
segments (Fig. 11). Therefore, in the early accelerating deformation
stage (1.1< m < 1.4, with a weakly stable trend), it is difficult to
obtain a reliable prediction, regardless of whether model uncer-
tainty is considered. With the addition of new monitoring data in
the Bayesian model, the predictive accuracy improves, and tf
gradually approaches Tf. When m > 1.5, the predictive accuracy is
high, and the tf fluctuates around Tf. Whenm > 2, the deformation
trend toward failure becomes evident with extremely high pre-
dictive accuracy. Whenm > 3, the landslide deformation exhibits a
strongly unstable trend, a deterministic prediction can be carried
out in this stage.

By comparing the prediction results with and without consid-
ering model uncertainty, it is evident that the prediction interval
(FImod, magenta error bars) considering model uncertainty cap-
tures Tf (June 29, 1991) is earlier than the prediction interval (FIobs,
blue error bars) without considering model uncertainty. Specif-
ically, the FImod first includes Tf on May 23, 1991, whereas the FIobs
includes Tf for the first time nearly a week later, on May 31, 1991.
Moreover, the mean value of tf (89.39 d) considering model un-
certainty approaches Tf on June 2, 1991, and thereafter, the mean
value fluctuates around Tf, i.e. the lead time of reliable prediction is
27 d. In contrast, without consideringmodel uncertainty, a reliable
prediction is not achieved until June 14,1991, resulting in a delay of
12 d.

5.2.2. Zhouzhi landslide
Dynamic predictions with and without incorporating model

uncertainty in the Zhouzhi landslide are shown in Fig. 20. Tf from
the identified OA to the eventual failure is approximately 66.17 d.
When m < 1.5, the accelerating failure trend is not pronounced,
leading to significant fluctuations in the mean and standard de-
viation of tf, making it difficult to obtain a reliable prediction.
When m > 1.5, the predicted mean value gradually converges

Fig. 15. Normal distribution of model uncertainty for different observed time
intervals.

Fig. 16. PDF and CDF of tf with and without considering the model uncertainty from the last observation in (a) Hogarth landslide (No. 29) and (b) Venetia 2003 failure (No. 64).
These two failure cases are from the database. The subscript “Model” represents the distribution function considering model uncertainty.
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toward Tf as m increases, and the prediction interval narrows
progressively. Unfortunately, regardless of whether model uncer-
tainty is considered, the LINV method fails to accurately predict
the failure, even when the final observation is included in the
predictive procedure. Although the LINV method is easy-to-
operate and widely used, it does not necessarily imply excep-
tionally high predictive accuracy (Intrieri et al., 2019), as demon-
strated by the calibration of model uncertainty. Additionally,

factors such as the dynamic characteristics of the displacement
curve and the accuracy of raw data processing have a notable in-
fluence on the predictive performance. Using high-frequency
monitoring data or multi-data fusion is a feasible solution to
address this issue, whichwill be further analyzed in the Discussion
section. Nevertheless, after m > 1.3, the prediction interval in-
cludes Tf within it.

Fig. 17. Comparison of predictive results without (left) and with (right) considering model uncertainty.
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5.2.3. Vajont landslide
The Vajont landslide experienced three acceleration events

(Events 1–3) from the onset of monitoring to its eventual failure, as
shown in Fig. 9. The first two acceleration events did not cause
catastrophic failure. Dynamic predictions with and without
considering model uncertainty for the three acceleration events
are shown in Fig. 21. Tf values from the identified OA of the three
acceleration events to the eventual failure of the landslide are
1219.94 d, 642.94 d, and 154.42 d, respectively. Similar to the first
two failure cases, as m increases, the mean value of tf tends to
stabilize and gradually converges to a certain value. The standard
deviation also decreases continuously, leading to a narrowing of

the prediction interval. However, the tf values calculated from
Events 1 and 2 differ greatly from Tf. For Event 3, before failure, the
obtained mean value of tf fluctuates around Tf. Excluding indi-
vidual predictive values, the mean value of tf calculated with
consideration of model uncertainty is closer to Tf than that
calculated without considering model uncertainty. The prediction
interval considering model uncertainty consistently encompasses
Tf throughout the entire calculation process.

For the first two acceleration events, the failure to predict the
timing of the catastrophic event occurrence warrants further
exploration. In natural environments, many rock slopes typically
have intermittent accelerations from initial deformations to

Fig. 18. Joint distributions of tf and A from the last observation: (a) Hogarth landslide; and (b) Venetia 2003 Failure.

Fig. 19. Comparison of dynamic predictions with and without considering model uncertainty in Jimingsi landslide.

Fig. 20. Comparison of dynamic predictions with and without considering model uncertainty in Zhouzhi landslide.
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catastrophic landslides or collapses. Therefore, it is essential to
have a clear understanding of the deformation and failure mech-
anisms of a slope, along with its current evolutionary stage, for
reliable failure prediction. For example, distinguishing whether
the slope deformation is due to the creeping of the rock mass or
sliding along the sliding surface (or zone) is crucial, as the
displacement curves and acceleration patterns may show signifi-
cant differences between these two types of scenarios. The Vajont
landslide is a prehistoric rockslide that was reactivated following
reservoir impoundment. Before the reservoir impoundment, the
landslide had already developed a deep-seated shear zone with a
thickness of 40–50 m, which has a significant influence on the
hydrogeological and mechanical behavior of the slope (Paronuzzi
et al., 2016). In addition, the materials of the sliding mass have
high permeability. Consequently, the landslide deformation is
highly sensitive to the strong seepage effect induced by fluctua-
tions in the reservoir water level. In Events 1 and 2, the peak values
of the characteristic exponent m are approximately 7.71 and 2.92,

respectively. According to the TDT classification, the landslide
displacement trends of Events 1 and 2 correspond to substages IIIc
(strongly unstable trend) and IIIb (weakly unstable trend). During
the first and second impoundment periods, the predictivemodel is
unable to provide a precise tf. Nevertheless, considering the
structural features of the potential sliding mass and its hydro-
geological response patterns, proactive and effective emergency
measures should be implemented, given the current deformation
stage. Moreover, the predictive results of this case demonstrate
that utilizing prediction information to develop available predic-
tion criteria or decision-making guidelines is a crucial aspect of
failure prediction.

5.3. Impact of SP selection for time-to-failure analysis on
prediction reliability

As analyzed above, even if acceleration events are reliably
identified, the predictive accuracy remains low, and the predictive

Fig. 21. Comparison of dynamic predictions with and without considering model uncertainty in the Vajont landslide.
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uncertainty is significant due to the relatively obscure failure trend
during the initial accelerating deformation stage. Therefore,
although OA is crucial for identifying the precursor of failure, the
timing for initiating failure prediction requires further evaluation.
To clarify this issue, the performance of dynamic prediction is
tested using observational data from different SPs within the
accelerating deformation stage. The predictive results for the three
failure cases (Jimingsi landslide, Zhouzhi landslide, and Vajont
landslide), without considering the model uncertainty, are pre-
sented in Fig. 22. The observational data following m > 1.5 are
used, and the changing trend of tf tends to stabilize; conversely,
when SPs before m < 1.5 are selected, tf deviates from Tf and ex-
hibits significant oscillations during the early period. When SPs
after m > 2 are selected, the predictive accuracy is further
enhanced. When SPs after m > 3 are selected, a deterministic
prediction can be achieved.

Furthermore, the TU during the accelerating deformation stage
is another important factor in the selection of SPs. Before discus-
sing the impact of TU on predictions, reliable identification of TU is
essential. To this end, an additional detection algorithm for auto-
matically identifying TU points is employed here, namely the
piecewise regression model with Bayesian information criterion
(PRM-BIC) proposed by Pilgrim (2021). A more detailed descrip-
tion of PRM-BIC can be found in the original literature. Taking the
Jimingsi landslide as an example, TU identification and segmented
dynamic prediction are shown in Fig. 23. According to this algo-
rithm, two TU points are identified in this landslide, dividing the
Λ-t curve into three segments (Trends 1–3). The identified posi-
tions of the TU points are reasonable and objectively reflect the
changing characteristics of the Λ-t curve. Using the observational
data from Trends 1 and 2, the prediction errors are relatively large.
In comparison, the prediction errors for Trend 3 are relatively
small, and tf becomes more stable over time, as expected.

In summary, selected SPs and TU points have varying degrees of
influence on the reliability of dynamic predictions. While using
subsequent observational data following the OA for time-to-failure
analysis, TU identification should also be conducted for the
continuously added new observations. When a TU point occurs, it
is recommended to use it as the SP for calculations and update
subsequent predictions accordingly. At the same time, multiple
time-to-failure analyses should be implemented, updating pre-
dictions from different SPs to provide more comprehensive pre-
dictive information. Using observational datawithm > 2 for failure
prediction is a better selection.

6. Discussion

6.1. Decision-making criteria for imminent failure in dynamic
prediction

The above analyses indicate that the LINV method used in the
dynamic analysis has clearly defined stage-dependent character-
istics and uncertainties, making it highly challenging to accurately
predict the precise timing of slope failure. Therefore, rather than
focusing solely on achieving extremely high levels of predictive
accuracy, an alternative way is to explore how to use predictive
information to make reliable decisions. To this end, the following
decision-making suggestions are proposed.

It is essential to first identify the deformation stages of rock
slopes, thereby determining the appropriate timing for initiating
the time-to-failure analysis. (1) In the initial and steady defor-
mation stages, slope deformation develops relatively slowly, with
no clear indicators of imminent failure, making it difficult to
accurately predict the slope failure time. Therefore, during these
two stages, emphasis should be placed on identifying slope

deformation stages and then early detection of any potential
accelerating deformation behavior. The BOCD-TDT algorithm pro-
vides an effective method for the division of deformation stages
and the identification of acceleration events online. (2) During the
initial accelerating deformation stage, the failure trend is not yet
clearly defined since the time from Tf is relatively far off. As a
result, even small disturbances can lead to significant prediction
errors. In this period, it is recommended to integrate various
observed information, such as macroscopic slope deformation
characteristics, and focus on predicting the failure trend to assess
the possibility of slope failure. (3) Oncem > 1.5, a concrete time-to-
failure analysis can be initiated. When m > 2, a relatively reliable
prediction for failure time can be made. When m > 3, a deter-
ministic prediction for failure time is possible. The predictedmean
value and prediction interval can be used to assess the most likely
time of slope failure.

For the case ofm > 1.5, a failure probability criterion is provided
here to quantify the risk arising from predictive uncertainty, which
combines tf with the failure probability Pf:

Pf
(
Tf < τ

)
=Φ

⎛

⎜
⎝

τ − μf − μm̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅

σ2f + σ2m
√

⎞

⎟
⎠ (12)

where τ is the assumed slope failure time, and τ = tp+ Δt, in which
tp is the present observed time, and Δt is the time interval between
τ and tp. Eq. (12) expresses that the Pf of slope failure occurring is
given by Φ(•) within the future Δt. The value of Δt can be selected
based on the specific situation and the risk attitude of decision-
makers. In this study, in conjunction with the stage division of
the accelerating deformation stage, the following prediction
criteria are preliminarily established:

Pf ≥ 50% (m ≥ 1:5;Δt = 14d)
Pf ≥ 25% (m ≥ 2;Δt = 7d)
Pf ≥ 5% (m ≥ 3;Δt = 1d)

⎫
⎬

⎭
(13)

According to Eq. (13), when m ≥ m′ (e.g. 1.5), the imminent
failure signal of a slope can be issued if Pf ≥ Pʹ

f within the future Δt
(e.g. 14 d). The selection of Δt as 1-, 7-, and 14-d in Eq. (13) is
inspired by Crosta and Agliardi (2003), and it also allows for suf-
ficient lead time to respond to risk scenarios of varying intensities.
Similarly, the gradation of Pf levels considers the deformation
characteristics of creep rock slopes and refers to existing studies
on hazard risk assessment (Chowdhury and Flentje, 2003; Chen
et al., 2022). Overall, the selection of these parameter values is
consistent with the evolutionary process of creeping rock slopes
and human risk perception habits.

The calculated results for validating the feasibility of the pro-
posed prediction criteria are shown in Fig. 24, using three failure
cases of Jimingsi landslide, Zhouzhi landslide, and Vajont land-
slide. Based on Eq. (13), the red shaded area represents the critical
prediction zone where imminent failure can be predicted, while
the blue shaded area indicates a non-prediction zone where a
reliable prediction cannot yet be made. In the Jimingsi landslide,
whenm > 1.5, the Pf of slope failure occurring within the next 14 d
exceeds 80 %, and thereafter, with the increase in value ofm, the Pf
remains no lower than 50 %. In the Zhouzhi landslide, a reliable
prediction signal for imminent failure can only be issued when
m > 2, with the corresponding Pf being 25.4 %, which can be issued
about 4 d in advance. In the Vajont landslide, a reliable prediction
for imminent failure cannot be made untilm > 3, corresponding to
a Pf of 9.4 %, but this allows for a warning approximately 13 d in
advance. The three case studies validate the feasibility of the
proposed prediction criteria. Overall, a reliable prediction for
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Fig. 22. Mean values of tf without considering model uncertainty obtained from different SPs: (a) Jimingsi landslide; (b) Zhouzhi landslide; and (c) Vajont landslide.

Fig. 23. TU identification using the PRM-BIC algorithm and segmented prediction in Jimingsi landslide. The blue shaded area in the figure represents the uncertainty in TU
identification, represented by a 95 % CI.
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imminent failure can be made only when m > 2, which is consis-
tent with the analysis results discussed earlier.

6.2. A decision-making framework for failure prediction through
multi-data fusion

Previous studies have generally overlooked how to organically
integrate predictive information from multiple monitoring points
for time-to-failure analysis. They either relied solely on data from a
single monitoring point for time-to-failure analysis or only pro-
vided qualitative descriptions of the predictive information ob-
tained from multiple monitoring points, lacking quantitative
decision-making methods (Rose and Hungr, 2007; Carl�a et al.,
2017b; Silva et al., 2021). In this study, a conceptual framework
for multi-source predictive information fusion is provided, along

with a preliminary exploration of its application for predictive
decisions.

The conceptual framework for multi-source information fusion
in slope failure prediction is illustrated in Fig. 25. The specific
implementation process is as follows:

(1) Deformation zone partition. Due to the spatial variability of
materials and structure in rock slopes, especially large-scale
rock slopes, the deformation intensity and processes of
different zones within the same slope vary, and even exhibit
entirely different deformation patterns (Crosta et al., 2017).
Therefore, potential failure zones of the slope should be
divided into multiple sub-zones according to the geological
conditions, the spatial layout of monitoring points, and the

Fig. 24. Probabilistic decision of imminent failure: (a) Jimingsi landslide; (b) Zhouzhi landslide; and (c) Vajont landslide.
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deformation patterns reflected by monitoring data.
Accordingly, monitoring points should be grouped.

(2) Online accelerating precursor identification using multi-
data. Identifying accelerating precursors is the basis for
conducting time-to-failure analysis. As previously
mentioned, due to the spatio-temporal variability in the
evolution of rock slopes and the presence of outliers in in-
dividual monitoring data, relying solely on single moni-
toring data for accelerating precursor identification is not
always effective. Therefore, the proposed BOCD-TDT algo-
rithm should be extended to utilize multi-source moni-
toring data for OA identification. This requires further
research in the future.

(3) Time-to-failure analysis and selection of optimal fusion
targets. The time-to-failure analysis should be performed on
the observational information obtained from different
monitoring points belonging to different sub-zones.
Generally, when a slope failure is imminent, the deforma-
tion in the failure zone exhibits a synchronization effect (Lin
et al., 2013). Therefore, before data fusion, an available se-
lection criterion or threshold (e.g. Bayesian decision-making
criteria, clustering analysis method, and machine learning
method) should be applied to filter the predictive informa-
tion obtained from monitoring points, to determine the
optimal number of fusion targets.

Fig. 25. A conceptual framework of multi-source information fusion for slope failure prediction.
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(4) Multi-objective data fusion and fused failure prediction.
Multi-objective fusion of the predictive information is per-
formed using fusion algorithms such as Bayesian estimation
and filtering algorithms. During the data fusion process, the
selection of the optimal number of fusion points should be
performed simultaneously, allowing for dynamic switching
of the fused monitoring targets. This dynamic switching is
based on the online selection results of the optimal fusion
targets.

A simple demonstration of fusion prediction using multi-
source data is presented using the observational data obtained
from two monitoring points of the Zhouzhi landslide, as shown in
Fig. 26. Since there are only two monitoring points, the step of
selecting the optimal number of fusion points is omitted. The
fusion algorithm also adopts the relatively simple Kalman filter
(Welch and Bishop, 1995), which is actually a special case of
Bayesian estimation. For the fusion of k data points following N(μk,
σ2
k) using the Kalman filter, the fused mean μfused and standard

deviation σfused can be derived as follows:

μfused =
∑K

i=1

μk
σ2k

/
∑k

i=1

1
σ2i

σfused =

̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅
(
∑k

i=1

1
σ2i

)�1
√√√√√

⎫
⎪⎪⎪⎪⎪⎪⎪⎪⎬

⎪⎪⎪⎪⎪⎪⎪⎪⎭

(14)

The derivation process of the multi-data fusion method using
the Kalman filter is described in Appendix D. From the above
equation, it can be observed that as the variance of tf at a given
observation point increases, its weight in data fusion decreases.
The tf calculated at monitoring point JC03 is very close to Tf, with a
smaller standard deviation than that at JC02 (Fig. 26b), making the
fused prediction closer to the predictive result of JC03. Compared
to predictions only using JC02 or JC03, the fused prediction yields
better results in this case, with tf exhibiting more stable changes
over time. Therefore, it is strongly recommended that failure
prediction involve multivariate fusion analysis to avoid significant
bias caused by the inappropriate selection of a single monitoring
point.

6.3. Applicability and limits of the proposed methods

This study proposes the use of Bayesian inference to detect
accelerating precursors and predict failure time for rock slopes,

and validates the feasibility and effectiveness of the proposed
methods. However, the applicability and limitations of the method
need to be clarified, as detailed below:

(1) The proposed methods are more suitable for rock slopes
with creep deformation characteristics, but they also show
promising application potential in brittle failure-type rock
slopes. Previous studies have demonstrated that high-
frequency monitoring data can significantly improve the
identification of accelerating precursors of brittle failures
and extend the application scope of the LINV method (Carl�a
et al., 2017a). To preliminarily assess the feasibility of the
BOCD-TDT algorithm for OA detection, a brittle failure case
with high-frequency monitoring data is used, as detailed in
Appendix E. Due to the sudden and rapid nature of brittle
failure, it is suggested that the changepoint signals detected
by the BOCD algorithm can be directly used as early-
warning signals. For similar reasons, probabilistic failure
prediction may be conducted without considering model
uncertainty.

(2) In the BOCD-TDT algorithm, the same timescale λ and prior
hyperparameters μ0, κ0, α0, and β0 are used in all cases for
convenience, and good detection results are achieved.
However, it must be emphasized that these parameters
should be calibrated based on the specific scenarios due to
differences in data sources, monitoring instrument accu-
racy, sampling frequency, and other factors. As an example,
this study also evaluated the performance of changepoint
detection under different λ values, as detailed in Appendix F.
The results demonstrate that the changepoint detection
results obtained from different λ values indeed vary
considerably. Therefore, in specific cases, the timescale and
hyperparameters should be calibrated or adaptively
adjusted based on the detection results from preliminary
monitoring data. Additionally, it is worth noting that,
compared to other λ values, the parameter (λ = 100) used in
the three landslide cases presented in this study yields
optimal results.

(3) As mentioned above, high-frequency monitoring data
should be used whenever possible to improve the ability of
the proposed methods to identify accelerating precursors
and predict failure time. A crucial prerequisite is that the
noise in the high-frequency monitoring data must be
scientifically processed (Sharifi et al., 2022). Furthermore,
with the widespread application of technologies such as
interferometric synthetic aperture radar (InSAR) in slope

Fig. 26. Time-to-failure fusion analysis in Zhouzhi landslide. (a) Dynamic prediction; and (b) PDF of tf obtained from the last observation.
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monitoring, there is growing interest in using such low-
sampling frequency and relatively low-precision moni-
toring data for failure prediction (Li et al., 2020). The results
of the accelerating precursor and failure prediction using
InSAR data in the Maoxian landslide are shown in Fig. 27
(Yan, 2021). The proposed methods can detect its acceler-
ating precursor, and the prediction interval can also
encompass Tf, but the accuracy is relatively poor. However,
InSAR monitoring offers several advantages, including non-
contact measurement, large-scale coverage, multi-temporal
analysis, low cost, data visualization, and adaptability to
harsh environments (Casagli et al., 2023; Zhu et al., 2024).
These capabilities make InSAR suitable for long-term,
spatially extensive monitoring of potentially unstable
slopes, particularly in areas that are difficult to access. The
2008 Wenchuan earthquake prompted substantial invest-
ment by the Chinese government in early-warning systems
of geological disasters. China is currently constructing a
nationwide monitoring system from the perspectives of
“space–air–ground–interior” and “multi-source, multi-scale,
and multi-physical field” (Ji et al., 2019; Xu et al., 2023; Zhu
et al., 2024). This initiative has further elevated the impor-
tance of InSARmonitoring, accelerating progress toward the
established goals for the early-warning systems of unstable
slopes, which are to provide timely, comprehensive, and
accurate alerts. Therefore, as a crucial component of early-
warning systems, the predictive information provided by

InSAR remains a valuable reference for the early warning of
slope creep failure, especially in large-scale rock slopes.

(4) As an accelerating precursor phenomenon generally exists
before slope failure, the methods of precursor identification
and dynamic probabilistic prediction proposed in this study,
while primarily applicable to rock slopes, can also be
extended for failure prediction and early warning of soil
slope failures. Additionally, the proposed methods can be
applied to non-displacement monitoring data, such as
microseismic signals and tilting angle of deformation
(Amitrano et al., 2005; Xie et al., 2020; Wang et al., 2025), as
long as such monitoring data can capture the power-law
growth trend of slope deformation before failure. For
example, the feasibility of the proposed methods using
tilting angle data from the Heifangtai soil landslide is shown
in Fig. 28 (Wang et al., 2022). However, if the proposed
methods are to be extended to soil slopes and non-
displacement monitoring data, further case studies are
required to calibrate model parameters (e.g. timescale,
hyperparameters, and model uncertainty).

(5) Rock slope material failure involves a positive feedback
mechanism during the accelerating deformation stage,
leading to countless doubling operations in deformations
until eventual failure (Sammis and Sornette, 2002; Chen and
Jiang, 2020). This process typically results in a power-law
form for the velocity–time curves of the accelerating
deformation stage. The curve shape of the inverse velocity

Fig. 27. Accelerating precursor identification and failure prediction using InSAR data in Maoxian landslide.

Fig. 28. Accelerating precursor identification and failure prediction using tilting angle data in Heifangtai landslide.
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trend is related to the properties of the underlying physical
mechanisms driving instability, particularly when the stress
transfer processes during crack nucleation and propagation
dominate, which are consid]ered to exhibit a linear failure
trend (Kilburn and Petley, 2003; Carl�a et al., 2018; Zheng
et al., 2024a, 2024b). In future research, physical-
mechanical mechanisms, heterogeneity of materials, and
drivers of instability should be incorporated into the INV
method for time-to-failure analysis to provide more
convincing predictive results.

(6) Identification of OA and failure probability criterion can be
used to set dynamic thresholds for the early-warning pro-
cedure. The occurrence of OA is considered the initial alert
threshold, signaling the start of a progressive stage of failure
(Carl�a et al., 2017b), which simultaneously triggers the
activation of the probabilistic failure prediction procedure.
The failure probability criterion can serve as a secondary
alert threshold or an ultimate alert threshold to identify the
potential risk of slope failure in advance and implement pre-
determined evacuation and/or remedial strategies
promptly.

(7) The methods proposed in this study do not provide a uni-
versal tool for failure predictions of all types of rock slopes
under all circumstances, due to the complex deformation
process and failure mechanisms. The integration of geolog-
ical knowledge (e.g. material properties, rock mass struc-
tures, hydrology, and macroscopic deformation
characteristics), multi-source and multi-scale monitoring
data, and mathematical (or numerical) models is likely the
essential path for future slope deformation and failure
predictions. With the rapid development of machine
learning, physics-informed and data-driven failure time
prediction models are expected to become a powerful tool
(Cui et al., 2024; Liu et al., 2024). Nevertheless, the results of
this study suggest that incorporating the proposed methods
into the early-warning procedures of rock slopes would be
of significant value.

7. Conclusions

In this study, the BOCD-TDT algorithm for online identification
of kinetic behaviors and accelerating precursors is proposed and
validated using failure cases characterized by different deforma-
tion patterns of rock slopes. Bayesian estimation is then used to
conduct dynamic probabilistic failure prediction, which can pro-
vide predictive decision criteria and recommendations. The
following conclusions can be drawn from the main results:

(1) The BOCD-TDT algorithm can divide the kinetic behaviors of
different deformation stages for three types of creep defor-
mation patterns of rock slopes online. It can also reliably
identify the accelerating precursor phenomena and the
corresponding onset of acceleration. The detection results
show that the BOCD-TDT algorithm is highly sensitive to
inverse velocity–time series. Therefore, it is recommended
to use inverse velocity data for precursor identification.

(2) The uncertainty calibration results indicate significant dif-
ferences in model uncertainty across different accelerating
deformation substages. With the development of slope
deformation, both the mean and standard deviation of
model uncertainty show an overall trend of gradual
decrease. When the characteristic exponent m > 2 of slope
deformation, a reliable failure prediction can be achieved.
Only when the characteristic exponent m > 3 is observed
can the deterministic prediction yield ideal results.

(3) Predictive reliability can be enhanced by dynamically
superimposing the corresponding observational and model
uncertainties according to the changes in slope deformation
stages. In light of the significant TU detected, it is advisable
to adjust the SP of the predictive procedure to coincide with
the TU point. Additionally, multi-data fusion can reduce the
uncertainty in failure prediction caused by the improper
selection of individual monitoring points, thereby
enhancing predictive accuracy.

(4) The case study validates the feasibility of the proposed
quantitative criterion for slope failure prediction combined
with predicted failure time and failure probability, which
can provide a valuable reference for the early warning of
slope disasters.
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