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ABSTRACT

Landslide probability estimation is crucial for risk assessment and mitigation, yet existing approaches
often fail to effectively quantify the combined influence of multiple triggering factors. This study
introduces a novel probabilistic methodology that explicitly incorporates three primary landslide
triggers: heavy rainfall, significant earthquakes and severe human activity. The proposed framework
calculates landslide probability by integrating conditional probability theory with dependency
coefficients that capture trigger interactions. Unlike conventional models that assume independence
among triggers, this approach accounts for both interdependent and counteracting interactions, leading
to a more realistic assessment of landslide likelihood. The methodology employs Poisson-distributed
event probabilities to estimate the annual occurrence of each trigger, while historical landslide records
are used to derive conditional probabilities of failure. Additionally, a buffer-based approach is
introduced to estimate landslide spatial impact on the total study area. This comprehensive
methodology enhances predictive accuracy by integrating empirical observations, statistical probability
models, and expert reasoning where necessary. The proposed framework provides geotechnical
engineers and decision-makers with a systematic tool for landslide risk assessment and hazard
mitigation.

Keywords: landslide probability, rainfall, earthquake, human activity, risk estimation, Poisson
distribution.

1 INTRODUCTION

Landslides are among the most common and devastating geological hazards causing
significant loss of lives and major economic damage every year in communities globally.
Previous studies have reported that the 17% of fatalities, attributed to natural hazards
worldwide, are caused by landslides [1]. Different natural phenomena and human
disturbances trigger landslides. Natural triggers include meteorological changes, such as
intense or prolonged rainfall or snowmelt, and rapid tectonic forcing, such as earthquakes or
volcanic eruptions. On the other hand, human-induced disturbances include land use changes,
deforestation, excavation, changes in the slope profile and irrigation [2]. Due to the diverse
range of natural and human-induced triggers, accurately assessing landslide risk remains a
complex task [3]. It has been recognized that considerable uncertainties exist in models and
parameters that are commonly used for landslide risk estimation [4]. Thus, traditional
methods, whether qualitative, semi-quantitative, or quantitative, often struggle with handling
uncertainties in input data [5]. Particularly, regional landslide susceptibility assessments are
complex, as they must consider a wide range of contributing factors [3]. Given these
challenges, probabilistic analysis is gaining more attention in landslide hazard assessment,
as it allows for the consideration of estimation uncertainties and the spatial variability of
geological, geotechnical, geomorphological, and seismological parameters [6].

Landslide probability estimation involves inherent uncertainties that can be addressed
using different probabilistic approaches. Lee, in one of his research works, broadly classified
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these approaches into objective and subjective probabilities [7]. Objective probability is
based on observed data or experiments and represents the relative frequency of landslide
occurrences over multiple instances. It is considered measurable and verifiable through
empirical studies. Conversely, subjective probability relies on expert judgment and available
knowledge to quantify uncertainty. This approach is particularly useful when empirical data
are scarce or incomplete, allowing practitioners to incorporate expert assessments into
probability estimates [7]. Despite their applicability, both objective and subjective
probability approaches are constrained by data availability and the inherent uncertainties in
landslide occurrence and triggering conditions.

2 LITERATURE REVIEW
Various methodologies have been developed to improve the accuracy of landslide probability
estimation and hazard assessment. These methodologies can be classified into six main
categories based on their principles and data utilization. The categories differ in data
requirements and applicability to various geographical regions. This section provides an
overview of the major methods for estimating landslide probability.

2.1 Empirical (historical) methods

Historical records of landslide occurrences, along with quantitative stability analyses,
provide a basis for objectively estimating event probabilities. However, probabilistic
assessments of landslide hazards that are based on historical records are difficult to apply,
because most landslide records cover short periods of historical time and small geographic
areas. Furthermore, landslide records often do not contain information regarding date of
occurrence [8]. Landslide inventories can be created by gathering historical records of past
events or by interpreting aerial photographs, supplemented with field verification. The way
landslides are represented on inventory maps varies depending on the scale of failures and
the nature of the study, ranging from detailed depictions of landslides to simplified point
representations indicating their locations [9].

2.2 Heuristic (expert-based) methods

Probability assessments can be based on expert judgment, utilizing existing knowledge and
experience from similar projects and locations. This method, known as subjective probability
assessment, depends on the evaluator’s confidence in predicting whether a landslide will
occur or not [10]. One of the most widely used heuristic approaches is the analytic hierarchy
process (AHP). AHP is a semi-qualitative method, which involves a matrix-based pair-wise
comparison of the contribution of different factors for landsliding. It is a multi-objective,
multi-criteria decision-making approach, which enables the user to arrive at a scale of
preference drawn from a set of alternatives [11]. Another commonly applied method is
weighted overlay analysis, where multiple thematic layers such as lithology, land use, and
rainfall intensity are combined with assigned weights based on expert opinions to produce a
slope stability susceptibility map [12]. Despite their qualitative nature, heuristic models can
be combined with data-driven and deterministic methods to enhance the accuracy of slope
stability assessments, particularly in regions with limited historical data or high geological
complexity [11].
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2.3 Deterministic (process-based) models

Deterministic, process-based models are widely used in geotechnical engineering to assess
slope stability by simulating the fundamental physical processes governing slope behaviour.
These models incorporate triggering factors such as rainfall infiltration, changes in
groundwater levels, seismic activity, and external loading to evaluate failure mechanisms
[13]. Deterministic models rely on mathematical formulations that integrate geotechnical and
hydrological properties to estimate the factor of safety (FoS), a key parameter in stability
assessments. Numerical approaches, such as the finite element and finite difference methods,
allow for more advanced analyses by considering heterogeneous soil conditions, complex
slope geometries, and dynamic loading effects [14]. These techniques enable engineers to
model stress distribution, strain development, and failure surfaces with greater accuracy.
Furthermore, in seismic stability analysis, deterministic models incorporate pseudo-static or
fully dynamic considerations to account for earthquake-induced accelerations and their
impact on slope stability [15]. However, the reliability of these models is highly dependent
on accurate input parameters derived from site-specific investigations, laboratory testing, and
empirical correlations.

2.4 Statistical models (bivariate and multivariate)

Bivariate analysis is among the most basic statistical methods and is widely applied across
various disciplines. Several bivariate statistical analysis (BSA) techniques have been
developed, including the frequency ratio (FR), weight of evidence (WoE), and evidential
belief function (EBF) [16]. The theoretical formulation of FR, along with its application in
landslide susceptibility and flood mapping, has been documented in studies by Yilmaz [17]
and Tehrany et al. [18]. This method represents the ratio of the area where an event has
occurred to the total study area [17]. The WoE method, on the other hand, is a data-driven
approach grounded in Bayesian probability theory. To apply WoE, two key parameters,
positive weight (W*) and negative weight (W-), must be calculated [19]. A more advanced
approach is multivariate analysis, which evaluates the combined influence of multiple
interrelated factors on slope failure. In this method, landslides are considered the result of
various environmental variables that change across space and time. Multivariate analysis
allows the estimation of the relative weight of each contributing factor by means of statistical
procedures such as multiple regression or discriminant analysis. These procedures have
already been applied in landslide susceptibility assessment, demonstrating that they are
capable of successfully predicting slope failures using either categorical data, or quantitative
terrain parameters [20]. Other statistical methods, such as logistic regression, are also used
in landslide susceptibility mapping to model the relationship between landslide occurrence
and factors like slope angle, aspect, and lithology [21].

2.5 Simulation models (Bayesian, Monte Carlo)

Monte Carlo simulation (MCS) and Bayesian networks (BNs) are two powerful probabilistic
methods for landslide probability estimation, each offering unique advantages in dealing with
uncertainty and variability [22]. Marin and Mattos [23] utilized MCS in a physically based
landslide susceptibility analysis, where multiple realizations of geotechnical parameters, such
as soil strength and hydrological conditions, were generated to capture the inherent
uncertainties in slope stability modelling. By running thousands of simulations, they provided
a probabilistic distribution of failure likelihood rather than a deterministic safety factor,
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enhancing risk assessment. VVogel et al. [24] applied BN learning for natural hazard analysis,
demonstrating its capability in integrating expert knowledge with observational data. The BN
approach structures causal relationships among landslide-influencing factors, such as
precipitation, slope angle, and soil properties, updating probability distributions dynamically
as new data becomes available.

2.6 Data-driven models

Within the last decade, with the advancement of artificial intelligence (Al), state-of-the-art,
data-driven, and computationally powerful methods have started to emerge on the horizon.
Once such methods are trained using a required amount of data, they are showing promising
results in predicting landslides. Currently, the development of Al methods is highly dynamic
in almost every section of academia and industry, and landslide susceptibility mapping
(LSM) is following a similar trend [25].

The fuzzy set theory developed by Zadeh [26] and different fuzzy logic operators
discussed later use the combination of fuzzy membership functions related to landslide
causative factors, namely the fuzzy AND, fuzzy OR, fuzzy algebraic sum, and the fuzzy
gamma (y) operator [27]. In landslide susceptibility mapping, spatial objects on a map are
considered as members of a set [28]. The Artificial Intelligence (Al), Deep Learning (DL)
and Machine Learning (ML) modelling techniques, namely boosted regression tree (BRT),
random forest (RF), logic regression (LR) and support vector machines (SVM), convolution
neural network (CNN), deep convolution neural network (DCNN), backpropagation neural
network (BPNN) and U-Net model, fuzzy expert system (FES), extreme learning machine
(ELM), artificial neural network (ANN), explainable artificial intelligence (XAl), and
certainty factor-random (CF-RF) hybrid, have been successfully used with remote sensing
datasets from different sources to map the susceptibility of landslides and predict and monitor
landslide deformation zones [29].

3 RESEARCH GAPS AND PROPOSED APPROACH
While existing methods contribute significantly to landslide risk analysis, their effectiveness
varies depending on data availability, scale, and the complexity of triggering interactions.
Despite advancements in landslide probability estimation, many models oversimplify the
relationships between multiple triggering factors by assuming independence or assigning
static weights. For example, traditional, statistical, and deterministic approaches often fail to
explicitly account for conditional dependencies among key triggers, leading to potential
inaccuracies in risk assessment. Additionally, while machine learning techniques have been
applied to landslide susceptibility mapping, they typically require extensive training data and
do not inherently capture the probabilistic nature of landslide occurrences.

To address these limitations, this study proposes a probabilistic framework that integrates
elements from the historical, heuristic, and deterministic categories discussed in the literature
review. By incorporating conditional probability theory and dependency coefficients, the
framework enhances landslide probability estimation by explicitly modelling the interactions
between multiple triggering factors. The proposed model enhances predictive accuracy,
providing a more systematic, adaptable, and evidence-based approach to landslide risk
assessment.
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4 PROPOSED METHODOLOGY
In a previous study by Morgan [30], landslide risk was defined in terms of either property
damage or loss of life through the following two equations. When considering the annual
probability of loss of life for a specific individual, landslide risk is expressed as:

R(DI) =P(H)xP(SIH)XP(T|S)xV(LIT) (1)

where R(DI) represents the annual probability of loss of life, P(H) is the annual probability
of the landslide event, and P(SIH) is the probability of spatial impact given the event. For
property damage, the equivalent expression is:

R(PD) =P(H) xP(SIH)XV(PIS)XE )

where R(PD) is the annual loss of property value.

The focus of the current study is on the probability aspect of landslides, specifically the
terms P(H) x P(SIH), which remain consistent in both equations. The objective is to
understand how to quantify these two probability terms. This study quantifies landslide
probability by integrating Poisson-distributed event probabilities [31] with dependency
coefficients for three major triggering factors: heavy rainfall (R), significant earthquakes (E),
and severe human activity (A). Heavy rainfall, particularly intense rainfall over a short period,
can destabilize slopes and is a common triggering factor in high-precipitation regions.
Significant earthquakes induce landslides by shaking the ground and loosening soil and rock,
especially in hilly and mountainous areas. Severe human activities such as deforestation,
mining, road construction, and improper land use can also disturb slope stability, increasing
the likelihood of landslides. The inclusion of these factors reflects the real-world
understanding that landslides are typically triggered by a combination of natural and
anthropogenic causes. For the current study, the overall probability of a landslide impact is
defined as P(L), and is expressed as:

P(L) = P(H)xP(S|1H) 3
Given that the focus is on the three triggering factors, P(H) is defined as:
P(H)= P(LNR)+ P(LNE) + P(LNnA)- AP 4)

where 4P accounts for overlapping contributions (dependencies) between triggering factors.
Substituting this into the equation for P(L), we get:

P(L)=(P(LNR)+ P(LNE) + P(LNA)— AP) xP(S|H) (5)
In this study, the expression for 4P, is given by:
AP = P(LNRNE) + P (LNRNA) + P (LNENA) (6)

For simplicity, the AP equation accounts for dependencies between a landslide and two
triggering factors at a time, rather than all three simultaneously. This assumption is
reasonable and reflects a realistic approach to capturing the most significant interactions
without overcomplicating the analysis.

Finally, substituting the expression for AP into the equation for P(L), we obtain:
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P(L)=(P(LNR)+ P(LNE) + P(LNA)— P(LNRNE) — P(LNRNA) — P(LNENA)) x P(S|H) (7)
The following sections will detail the computation of each term in the P(L) equation.

4.1 Estimating the probability of a landslide associated with a triggering factor

The flowchart in Fig. 1 illustrates how the probability of a landslide associated with a

triggering factor (F) will be computed for each of the three triggering factors considered in
this study, as discussed in the following subsections.

Identification oftriggering Threshald definition for
Factors (e.g Rainfall, any triggering factor F
Earthguale, Human Activity. )
h
Count the munber of Collection of
triggering events in a historical records
certain time period
4 B
Use the Poisson Distribution to estimate Historical landslide records
the armual probability of a triggering during triggering events
factor F
¥
¥ )
Probability of a landslide
Probability ofa triggering b4 triggered by factor F:
factor: P(FY F(L/F)

}

Probability of a Landslide
ocourring in association with a
Trigoering Factor: F(LNE)

Figure 1: Probability of a landslide associated with a triggering factor.

4.1.1 P(LNR): Landslides triggered by heavy rainfall
Using conditional probability, the probability of a landslide occurring due to heavy rainfall
is expressed as:

P(LNR) = P(LIR)P(R) ®)

To calculate the annual probability of heavy rainfall, P(R), a threshold must first be
defined based on local climate conditions or historical records (e.g., R > 50 mm/day, R >
100 mm/day, or other region-specific criteria). Once the threshold is established, historical
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rainfall data for a specific region over a defined period (e.g., 10 or 20 years) should be
gathered. During this period, the number of heavy rainfall events is counted, and the average
annual occurrence (4) is determined as:

Number of heavy rainfall
A= . 9)
Total years

Assuming rainfall occurrences follow a Poisson distribution, the probability of at least one
heavy rainfall in a given year is:

PR)=1—e* (10)

The Poisson distribution is chosen because it effectively models the occurrence of rare,
independent events over a fixed time period, such as heavy rainfall exceeding a defined
threshold. It assumes that these events occur randomly but at a constant average rate, making
it a suitable choice for estimating the probability of extreme weather events [31].

To determine P(L|R), landslide records triggered by heavy rainfall must be examined over
the same defined period (e.g., 10 or 20 years) to ensure a consistent time limit of analysis.
The probability is estimated as:

Landslides caused by heavy rainfall

P(LIR) =

(11

Total heavy rainfall events

With P(LIR) and P(R) computed, P(LNR) can be determined.

4.1.2 P(LNE): Landslides triggered by significant earthquakes
Similarly, using conditional probability, the probability of a landslide occurring due to
significant earthquakes is given by:

P(LNE) = P(L|IE)P(E) (12)

To determine the annual probability of significant earthquakes, P(E), a threshold
magnitude must be chosen based on historical records and expert recommendations (e.g.,
M > 4.0 or M >5.0). Based on this threshold, historical earthquake data for a specific region
over a defined period (e.g., 20 years) is recorded, and the average annual occurrence (1) is
calculated by dividing the total number of significant earthquake events by the length of the
period.

Assuming a Poisson distribution, P(E) is then calculated as:

P(Ey=1—e* (13)

To estimate P(LIE), records of landslides triggered by significant earthquakes are reviewed
over the same defined period, and the probability is determined as:

Landslides caused by significant earthquakes
P(LIE) = yse 3 (14)

Total significant earthquake events
With P(LIE) and P(E) computed, P(LNE) can be then determined.

4.1.3 P(LNA): Landslides triggered by human activities
Following the same approach, the probability of a landslide occurring due to severe human
activity is given by:
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P(LNA) = P(L|A).P(A) (15)

To estimate the annual probability of severe human activity, P(A) a threshold must first be
established to define what qualifies as a ‘severe’ event. Unlike rainfall or earthquakes, where
intensity is naturally measured (e.g., mm/day, magnitude), human activities require defining
severity based on observable impact. A severe human activity event could be defined using
one or more of the following measurable criteria:

e Deforestation rate: Removal of a certain area of forest per year (e.g., > 10 hectares).

e Major construction projects: Large-scale infrastructure development (e.g., projects
covering > X square kilometres).

e Excavation or earthworks: Volume of soil displaced beyond a critical limit (e.g., > Y
cubic metres).

e Urban expansion: Increase in impervious surface (e.g., roads, buildings) beyond a set
percentage over time.

Other relevant criteria may also be considered depending on the specific context of the
analysis.

Once the threshold is set, historical records from sources such as satellite imagery, land-
use change reports, environmental impact assessments, and government records should be
reviewed over a defined period (e.g., 20 years). The number of years where at least one severe
human activity event occurred is counted, and the total number of events over that period is
recorded. Using these records, the average number of severe human activity events per year
(4) is calculated as:

Total severe human activity events
1= Y (16)

Total years

Assuming a Poisson distribution, the probability of at least one severe human activity event
occurring in a given year is:

PA)=1- e (17)

To determine P(LIA), records of landslides triggered by severe human activity must be
reviewed over the same defined period. The number of landslides caused by these activities
is divided by the total number of severe human activity events, providing an estimate of
P(LIA). With P(LIA) and P(A) computed, P(LNA) can be determined.

4.2 Estimating 4P
As mentioned at the beginning of the methodology, 4P is given by:
AP = P(LNRNE) + P(LNRNA) + P(LNENA) (18)

This relationship can be effectively visualized using a Venn diagram, as shown in Fig. 2. In
this representation, the landslide event serves as the sample space, while the three intersecting
sets correspond to the three triggering factors. The three yellow shaded areas in the diagram
illustrate the components of the AP equation, with each one representing the intersection
between two triggering factors, excluding the region where all three factors overlap. Since

WIT Transactions on The Built Environment, Vol 217, © 2025 WIT Press
www.witpress.com, |ISSN 1743-3509 (on-line)



Earthquake Resistant Engineering Structures X1V 11

Landslide Event: “L”

Significant
Earthquakes “E”

Severe Human
Activity “A”

@ )g/\

Figure 2: Venn diagram of landslide triggers.

the landslide is considered the sample space, each yellow shaded area in the figure also
denotes the intersection of a landslide occurrence with two triggering factors simultaneously.
These three yellow regions correspond directly to the three components of the 4P equation,
each capturing the probability of a landslide conditioned on the simultaneous presence of two
specific factors.

By applying the definition of conditional probability, AP can be rewritten as:

AP = P(L|R,E)P(RNE) + P(L|R, A)P(RNA) + P(L|E, A)P(ENA) (19)

A key consideration in this formulation is how dependencies between different factors are
treated. To balance model accuracy and practical feasibility, the assumption of independence
in intersection probabilities is made, where the joint occurrence of rainfall and earthquakes,
rainfall and human activity, and human activity and earthquakes is assumed to be
independent. This assumption simplifies the estimation of intersection probabilities and
avoids introducing additional dependency parameters, which may be difficult to quantify
with available data. Therefore,

P(RNE) = P(R)P(E),P(RNA) = P(R)P(A),P(ENA) = P(E)P(A) (20)

The values of these probabilities are obtained from the previous sections of the methodology.

While the occurrence of any two events may be relatively independent, especially if they
are driven by separate geophysical and meteorological processes, their combined effect on
landslides is the primary concern. Landslides are influenced by these factors in a complex
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and dependent manner. Thus, while the intersection terms are treated as independent,
dependencies are incorporated into the landslide conditional probabilities:

P(LIR,E),P(LIR,A),P(LIE, A)

(21)

These terms account for how the combined effects of rainfall, human activity, and
earthquakes contribute to landslide susceptibility, capturing their interactions in a physically
meaningful way. For example, the probability of a landslide occurring given that both heavy
rainfall (R) and severe human activity (A) have taken place is estimated as:

where:

P(LIR,A) = P(LIR)-P(L1A)-pLRA

(22)

e P(LIR) and P(L|A) are computed from the previous section of the methodology.

e pL,RA represents the interaction strength between heavy rainfall (R) and severe human
activity (A) in triggering landslides (L). It adjusts how much more (or less) likely a
landslide is to occur when both triggers happen together, compared to treating them as

independent.

To determine this dependency factor, a qualitative scale is established to guide expert
reasoning, as proposed in Table 1.

Table 1: Interpretation of pL,RA values and their expected interaction effects on landslide
probability.
pL,RA value | Interpretation Expected interaction effect
10 No dependency Heavy rainfall and severe human activity do not
' (independent) influence each other in triggering landslides.
Weak positive The combined effect slightly increases landslide
1.0-15 q P likelihood beyond what would be expected if they
ependency .
acted independently.
Moderate nositive The combined effect increases landslide likelihood
1.5-3.0 d P more than would be predicted by their independent
ependency i
probabilities alone.
Strona positive The interaction significantly amplifies landslide
>3.0 de engdsnc probability, making it much greater than what
P Y independent effects would suggest.
Weak neaative The combined effect slightly reduces landslide
0.5-1.0 g probability compared to what would be expected
dependency .
from independent effects.
Strong nedative Some factors reduce the landslide probability when
<05 de engdeng both triggers are present, possibly due to
P Y counteracting influences.

The same procedure is applied to estimate P(LIR,E) and P(LIE,A). Once these values are
obtained, they are substituted into the AP equation to calculate the overall value.
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4.3 Estimating P(SIH)

In cases where detailed landslide data is unavailable, a buffer-based approach can be
employed to approximate the probability that a given area will be affected by a landslide.
This method estimates the probability P(SIH) by defining a predefined buffer zone around
landslide-prone areas, accounting for potential runout distances and secondary impacts. The
first step in this approach is identifying landslide-prone areas. These areas are determined
using terrain analysis, historical landslide records, and susceptibility maps, focusing on
locations with steep slopes, unstable soils, or a history of past landslides. Once these regions
are established, a buffer zone is defined to account for landslide impact. Its extent is selected
based on typical landslide runout distances, which represent the expected distance that debris
will travel downslope. This distance can be determined using empirical models, past
landslide events, or expert judgment. The resulting buffer zone includes both the landslide-
prone area and its surrounding region, which may be impacted by landslide-induced debris
flow [32]. A similar application of this buffer-based approach can be found in a study on
monsoon-triggered landslides [33], where the authors delineated a buffer region around each
landslide to account for the potentially affected surroundings. Their conceptual illustration is
presented in Fig. 3. To compute the probability P(SIL), the total area covered by the buffer
(including landslide-prone regions) is divided by the total study area:

Total buffer area (including landslide prone areas)

P(S|H) =

(23)

Total study area

E_."':l_”’.rt'."l"

Landslide

Figure 3: Landslide-prone area and surrounding buffer zone.

This ratio provides an approximation of the proportion of the study region at risk due to
both direct landslides and their secondary effects. Where data is available, validation and
sensitivity analysis can be performed to improve the estimation. The buffer distance can be
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validated using historical landslide cases, and a sensitivity analysis can be conducted by
varying the buffer distance and assessing its effect on P(S|H). This step ensures the
robustness of the probability estimate. The buffer-based approach offers a simplified yet
effective means of estimating landslide impact probability, particularly in scenarios where
detailed hazard modelling is not feasible.

With all components of eqn (5) determined using the proposed methodology, the final
values can now be substituted into the equation to compute the overall probability of a
landslide impact at a given location, P(L). The following flowchart (Fig. 4) visually
summarizes the process of obtaining P(L), beginning with the calculated probability of a
landslide occurring in association with a triggering factor, which is the final node in the
flowchart of Fig. 1.

Probability of a Landslide
oceurring in association with a
Triggering Factor: P(LNF)

l

Sum of the intersection probabilities of all
triggering factors with a landslide

v
Estimate the sum of Probability of spatial
the dependencies Correct the sum by subtracting AP X impact P(S|H) using a

between the landslide buffer-based approach

and all combinations
of two triggering ]
factors at a time (AP)

I
¥
Annual probability of a
landslide P(L) W

Figure 4: Annual probability of a landslide P(L).

5 CONCLUSION
This study introduces a probabilistic framework for landslide probability estimation that
systematically integrates subjective probability assessment with the quantitative impact of
heavy rainfall, significant earthquakes and severe human activity as primary triggering
factors. To estimate the likelihood of each triggering event, the framework employs Poisson-
distributed event probabilities. Unlike conventional approaches that either rely solely on
historical landslide records or assume independent triggering effects, this methodology
enhances predictive accuracy by incorporating conditional probability theory and
dependency coefficients to capture the complex interactions between these factors.
Additionally, the approach accounts for the probability of spatial impact given an event
through a buffer-based method. By explicitly modelling direct probabilities, interaction
effects, and spatial probability, this structured and adaptable model effectively blends expert
judgment and historical data with quantitative estimations, offering a comprehensive tool for
landslide hazard assessment. Beyond enhancing predictive accuracy, the proposed
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methodology directly addresses the probability component of the landslide risk equation
introduced at the beginning of the methodology, by estimating both the annual probability of
a landslide event and its spatial impact. Building on this foundation, future research should
prioritize enhancing the dependency coefficients using machine learning techniques and real-
world datasets, as well as incorporating additional geotechnical parameters to improve
probability estimation. Furthermore, a complementary methodology should be developed to
assess the consequences component of the landslide risk equation, enabling complete risk
assessment. Finally, a case study should be conducted to integrate probability and
consequences estimations, applying the full risk assessment framework to diverse geological
settings and validating its effectiveness in real-world scenarios.
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