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ABSTRACT

Riverbank instability is a critical geotechnical hazard exacerbated by increasing hydrological
extremes under climate change. Conventional deterministic approaches based on a single Factor of
Safety (FoS) often fail to capture the inherent uncertainty in soil properties and transient hydraulic
conditions, leading to a misleading “illusion of safety.” This study develops an integrated probabilistic
framework that couples transient seepage analysis with the General Limit Equilibrium (GLE) method
and Monte Carlo Simulation (MCS) using Latin Hypercube Sampling (LHS). Key geotechnical
parameters are modelled as random variables to explicitly quantify uncertainty, while rapid drawdown
(RDD) is simulated to capture the most critical failure condition.

A representative riverbank case study demonstrates that although deterministic analysis yields a
marginally stable FoS of 1.04 under RDD conditions, the probabilistic results indicate a high
Probability of Failure (Pr~ 38.5%) and a low Reliability Index (B = 0.29). Sensitivity analysis reveals
that effective cohesion of the upper cohesive layer governs more than 50% of the variability in
stability. Based on extensive simulations, a novel risk-based design chart using iso-probability
contours is proposed, providing a more robust alternative to traditional FoS-based design. The
findings highlight the need to adopt reliability-based approaches for resilient riverbank management.

KEYWORDS: riverbank stability; probabilistic analysis, monte carlo simulation; rapid
drawdown, reliability-based design; limit equilibrium method (gle),; geotechnical uncertainty;

probability of failure.

1 INTRODUCTION

Riverbank instability represents a complex and pervasive geomorphic hazard that poses
substantial threats to riparian ecosystems, flood defence infrastructure, and human settlements
residing along waterways [1], [2]. The intricate interplay between fluctuating hydrodynamic forces
and the inherent geotechnical properties of riverbank materials governs the rate and magnitude of
mass failure processes [3]. In the context of accelerating climate change, the increased frequency and
intensity of extreme hydrological events, such as unprecedented flood peaks and subsequent rapid
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water-level drawdowns, have significantly exacerbated riverbank vulnerability globally [4], [5].
Consequently, accurate assessment and prediction of riverbank stability are paramount for the
development of resilient river management and disaster-mitigation strategies.

Historically, the evaluation of slope and riverbank stability has relied heavily on deterministic
approaches, predominantly utilising Limit Equilibrium Methods (LEM) to calculate a single, nominal
Factor of Safety (FoS) [6], [7]. In this traditional paradigm, a riverbank is deemed safe if the
computed FoS exceeds a pre-defined threshold (typically 1.1 to 1.5, depending on the structure's
significance) [8]. While deterministic LEMs such as the Morgenstern-Price or General Limit
Equilibrium (GLE) methods are computationally efficient and deeply embedded in engineering
practice [9], they suffer from a fundamental epistemological flaw: they treat soil properties and
hydrological loads as fixed, homogeneous values. In reality, geological formations are inherently
heterogeneous, and geotechnical parameters (e.g., effective cohesion, internal friction angle, and unit
weight) exhibit significant spatial variability (aleatory uncertainty) and measurement errors (epistemic
uncertainty) [10], [11].

The reliance on a single deterministic FoS creates an "illusion of safety." As demonstrated by
pioneering reliability studies, a slope with an FoS of 1.2 and high parameter variance may have a
significantly higher Probability of Failure (Pf) than a slope with an FoS of 1.1 and low parameter
variance [12], [13]. Furthermore, deterministic models often fail to capture the critical temporal
dynamics of pore-water pressure dissipation during rapid drawdown events, which are frequently the
primary trigger for catastrophic riverbank collapse [14], [15]. To address these critical shortcomings,
there has been a paradigm shift in modern geotechnical engineering toward Reliability-Based Design
(RBD) and probabilistic risk assessments [16], [17].

Probabilistic approaches, particularly Monte Carlo Simulations (MCS) coupled with LEM or
finite element analyses, allow for the explicit integration of uncertainties into the stability assessment
framework [18]. By treating input parameters as random variables defined by Probability Density
Functions (PDFs), these methods output a Reliability Index (f) and a Probability of Failure (Pf),
providing a much more rigorous and realistic quantification of risk [19]. Despite the theoretical
maturity of RBD in general geotechnical engineering, its systematic application to riverbank stability,
specifically the integration of the coupled effects of geotechnical spatial variability and transient
hydrological extremes (e.g., rapid drawdown), remains insufficiently explored in the literature [20].

To bridge this critical gap, this study transitions the assessment of riverbank stability from a
deterministic illusion to a probabilistic reality. The primary objectives of this research are threefold:
(1) to develop a comprehensive probabilistic framework utilising Monte Carlo simulations within a
General Limit Equilibrium (GLE) model to quantify the Probability of Failure P, of riverbanks; (2)
to conduct a rigorous sensitivity analysis identifying the most critical geotechnical parameters driving
instability under varying hydrological conditions, particularly rapid drawdown; and (3) to propose a
novel, risk-based design chart (replacing traditional deterministic height-slope FoS charts) that
maps Ps contours, providing a robust, actionable tool for river management practitioners. By
explicitly quantifying uncertainty, this paper contributes to the development of more resilient and
economically efficient riverbank protection strategies.

2 METHODOLOGY

To transition from a deterministic stability evaluation to a probabilistic risk assessment, this
study proposes an integrated framework coupling the General Limit Equilibrium (GLE) method with
Monte Carlo Simulation (MCS). The methodology explicitly quantifies parameter uncertainty and
evaluates the structural reliability of riverbanks under critical hydrological scenarios.

2.1 Geotechnical uncertainty and random variable modelling

In traditional deterministic analyses, geotechnical parameters are treated as singular,
homogeneous point estimates. However, natural soil deposits exhibit inherent spatial variability
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(aleatory uncertainty) and are subject to measurement and testing errors (epistemic uncertainty). To
rigorously capture this variability, the critical geotechnical properties of the riverbank, namely,
effective cohesion ¢’, effective internal friction angle ¢', and unit weight » are modelled as

continuous random variables.
Letx ={X,X,,....X,} represent the vector of fundamental random variables. The statistical

characterisation of each parameter requires defining its Probability Density Function (PDF), mean (),
and Coefficient of Variation ( COV = o /u, where o is the standard deviation. Based on extensive
geotechnical reliability literature [10], [11], effective cohesion ¢’ frequently exhibits significant
positive skewness and must be strictly non-negative; thus, it is modelled using a Lognormal
distribution. Conversely, the friction angle ¢’ and unit weight y generally exhibit lower variance and
symmetric bounds, justifying the use of Normal distributions.

Furthermore, empirical evidence suggests a negative cross-correlation between ¢’ and ¢’ for
many cohesive soils. Ignoring this correlation typically leads to an overestimation of the Probability
of Failure (Pr). Therefore, a negative correlation coefficient Pc' , ®—=0.5 is incorporated into the

joint probability distribution using the Nataf transformation matrix during the stochastic sampling
phase. The statistical inputs assumed for the probabilistic framework are summarised in Table 1.

2.2 The general limit equilibrium (GLE) formulation

The physical deterministic core of the framework remains the General Limit Equilibrium
(GLE) method developed by Fredlund and Krahn [6]. The GLE approach is advantageous because it
simultaneously satisfies both horizontal force and moment equilibrium and accommodates various
interslice shear-normal force assumptions.

For a discretised potential sliding mass comprising n vertical slices, the Factor of Safety with
respect to moment equilibrium (Fy) and force equilibrium (Fy) are iteratively solved. The global
Factor of Safety (FoS) is achieved when F,, = Fr. The governing equation for the resisting shear
strength (S,) at the base of each slice is given by the Mohr-Coulomb failure criterion, expressed in
c'l+(N-u,l)tan ¢’

FoS
normal force, and u,, is the pore-water pressure acting on the slice base. In the proposed probabilistic
framework, ¢’ and ¢’ are no longer constants but stochastic variables dynamically sampled during the

terms of effective stress: S, = where [ is the base length of the slice, N is the total

simulation

2.3 Hydrological loading and rapid drawdown (RDD) modelling

Riverbank failures rarely occur during steady-state low water levels. The most critical
instability phase typically occurs during a Rapid Drawdown (RDD) event, when floodwaters recede
faster than pore-water pressures can dissipate in the low-permeability bank materials. This creates a
severe condition where the stabilising hydrostatic pressure from the river is removed, while the
destabilising internal pore-water pressure (u,,) remains temporarily elevated.

To capture this phenomenon, the traditional steady-state assumption is discarded. Instead, a
multi-stage transient seepage analysis is integrated with finite-element groundwater modelling
(SEEP/W). The RDD scenario is simulated by defining a transient hydraulic boundary condition
where the river water elevation drops from the High Water Level (HWL) to the Low Water Level
(LWL) over a specified time duration (At). The resulting transient pore-water pressure distributions
(uy, (x, y,t)) are then directly coupled with the GLE stability model to determine the critical time step
at which the riverbank is most vulnerable.
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2.4 Monte Carlo simulation and reliability quantification

To compute the probability of riverbank failure, the Monte Carlo Simulation (MCS) technique
is employed. MCS repeatedly solves the deterministic GLE model by generating thousands of
statistically independent combinations of the input variables X, drawn from their respective PDFs and
correlation matrices. To enhance computational efficiency and ensure uniform coverage of the
probability space, Latin Hypercube Sampling (LHS) is utilised instead of crude Monte Carlo
sampling.

The structural performance of the riverbank is evaluated using a Limit State Function, G (X),
defined as: G(X) = FoS(X) — 1.0 The limit state surface separates the domain into a safe region
(G(X) > 0) and a failure region (G(X) < 0). For a total of N simulations (typically N = 5000 to
ensure statistical convergence), the Probability of Failure (Pr) is estimated as the ratio of failed

realisations to the total number of simulations: Py = % Zivz L HG(X;) < 0] where I[] is an indicator

function that equals 1 if the condition is true, and 0 otherwise.

In modern reliability engineering, risk is commonly communicated using the Reliability Index
(B). Under the assumption that the performance function is normally distributed, the reliability index
is mathematically related to the probability of failure via the standard normal cumulative distribution
function (®): 8 = —CI>_1(Pf) The ultimate output of this methodology is not a singular
deterministic FoS, but rather a comprehensive probabilistic risk profile (5 and Py) that inherently
accounts for soil variability and transient hydrological extremes. This allows for a much more
rigorous assessment of the riverbank's true margin of safety.

To systematically address the limitations of deterministic slope stability analysis, a fully
integrated probabilistic framework combining transient seepage modelling and stochastic simulation
was developed, as illustrated in Figure 1

Step 1:Uncertainty Characterization Step 2: Deterministic Core Modeling
(Define random variables ¢’, phi’, gamma; (Geometry, seepage analysis SEEP /W,
assign PDF's; establish correlation matrix) pore—water pressure, GLE slope stability)

Input Deterministic

parameters madel

Step 3: Probabilistic Simulation
(Latin Hypercube Sampling,
N = 10,000 coupled redlizations)

l

Classify
Failure / Safe

Step 4: Reliability Assessment
(Probability of failure Pf,
reliability index beta,
sensitivity & iso—probability maps)

Fig.1. Comprehensive probabilistic workflow for riverbank stability analysis.
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3 CASE STUDY AND SCENARIOS

To demonstrate the critical implications of transitioning from deterministic to reliability-based
analysis, a representative case study of a riverbank profile was established. The geometrical,
geotechnical, and hydrological parameters were systematically configured to highlight conditions
where traditional Factor of Safety (FoS) metrics fail to communicate the true risk of instability.

3.1 Geometric configuration and stratigraphy

The geometric model simulates a typical mid-sized river channel section subject to severe
erosional forces. A two-dimensional, plane-strain cross-section was constructed within the Geostudio
environment (Figure 2). To evaluate the relationship between height (H) and slope coefficient (m),
the baseline riverbank was defined with a total elevation height of H = 10 m and an initial slope
gradient of 1:1 (m = 1.0).

Channel Bed Deposit
(Base Layer)

o[ [E2 Floodslain Depost
Channel Bed Depos

0 5 10 25

15 20
Distance (m)

Fig. 2. Two-dimensional riverbank model geometry and stratigraphic configuration implemented in the
GeoStudio environment.

The stratigraphy comprises two distinct geological units typical of alluvial riverine
environments:
e Layer 1 (Floodplain Deposit): An upper layer consisting of cohesive silty clay, extending
from the crest down to a depth of 6 meters. This layer is highly susceptible to desiccation
cracking during dry seasons and pore-water pressure retention during drawdown events.

e Layer 2 (Channel Bed Deposit): A lower layer composed of denser, semi-cohesive sandy silt
extending to the model base, characterised by higher frictional resistance and higher hydraulic
conductivity.

3.2 Statistical characterisation of geotechnical parameters

In contrast to traditional analyses that use a single "best-estimate" value, this study explicitly
models soil parameters as random variables. The statistical inputs Mean (u), Coefficient of Variation
(COV), and Probability Density Function (PDF) types were strictly derived from established
geotechnical reliability databases (e.g., Phoon and Kulhawy, 1999).

The cohesion (c) of alluvial soils exhibits high spatial variability and is modelled using a
Lognormal distribution (COV = 30%) to prevent physically impossible negative values. The friction
angle (¢') and unit weight (y) demonstrate less variability and are modelled using Normal
distributions (COV = 10% and 5%, respectively). Furthermore, to prevent mathematical
overestimation of failure risk, a negative cross-correlation coefficient (p = —0.5) is enforced
between ¢’ and ¢’ for each layer. The complete set of probabilistic input parameters is detailed in
Table 1.
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Tab. 1. Statistical characterisation of basic mechanical properties for Monte Carlo simulation.

Layer Parameter Symbol| Unit NLT)“I C(o(/);] Std(.al))ev PDF Type |Cross-Correlation
(1]
Unit weight y kN/m?| 18.0 5% 0.90 Normal None
L1 . . , R .

(Floodplain) Effective Cohesion c kPa 15.0 30% 4.50 Lognormal | p(c’, ¢") = —0.5
Effective Friction Angle o' ° 22.0 10% 2.20 Normal |p(c’, ¢') =—-0.5

Unit weight y kN/m3| 19.5 5% 0.97 Normal None
L2 (g:;)nnel Effective Cohesion c' kPa 5.0 40% 2.00 Lognormal | p(¢’, ¢') = —0.5
Effective Friction Angle o' ° 32.0 10% 3.20 Normal |p(c’, ¢') =—-05

(Note: Saturated hydraulic conductivity (K,4) for L1 and L2 are defined as 1 X 107® m/s and 5 X 1075 m/s,
respectively, for the transient seepage analysis).

3.3 Hydrological scenarios

The fundamental hypothesis of this study is that steady-state assumptions mask the true risk of
riverbank collapse. Therefore, two distinct hydrological scenarios were executed to evaluate the
interplay between soil uncertainty and hydraulic loading:

e Scenario A: Deterministic & Probabilistic Steady-State (Baseline) The river water level is
maintained at a constant High Water Level (HWL) of H,,, = 8.0 m (relative to the riverbed).
A steady-state seepage analysis (SEEP/W) establishes the initial pore-water pressure regime.
Both a deterministic FoS and a 10,000-iteration Monte Carlo Simulation are used to
determine baseline stability when the river's stabilising hydrostatic pressure is active.

e Scenario B: Transient Rapid Drawdown (RDD) This scenario simulates a severe post-flood
event where the river water level drops sharply from the HWL (8.0 m) to the Low Water
Level (2.0 m) over a brief, 3-day duration. A transient seepage analysis models the delayed
dissipation of internal pore-water pressures within the low-permeability cohesive layer (L1).
The probabilistic stability analysis is dynamically coupled to the transient seepage output at
various time steps to pinpoint the critical moment of maximum instability (minimum
Reliability Index, 3).

For all probabilistic evaluations, Latin Hypercube Sampling (LHS) with 10,000 iterations was
utilised to ensure robust convergence of the probability tails, explicitly determining the Probability of
Failure (Pf) for geometries that standard engineering practice might falsely classify as stable.

The integration of transient seepage modelling with probabilistic limit equilibrium analysis
yielded profound insights into riverbank failure mechanisms. The results fundamentally challenge the
adequacy of relying solely on deterministic safety margins, particularly under extreme hydrological
conditions.

4 RESULTS AND DISCUSSION

The integration of transient seepage modelling with probabilistic limit equilibrium analysis
yielded profound insights into riverbank failure mechanisms. The results fundamentally challenge the
adequacy of relying solely on deterministic safety margins, particularly under extreme hydrological
conditions.

| Inzynieria Mineralna — Styczen - Czerwiec 2026 January - June Journal of the Polish Mineral Engineering Society




4.1 The illusion of deterministic safety

The conventional assessment (Scenario A: Steady-State) evaluated the baseline geometry (H =
10 m, m = 1.0) with the river at the High Water Level (8.0 m). The deterministic analysis using mean
parameter values yielded a Factor of Safety (FoS) of 1.28. According to standard geotechnical
practice, an FoS > 1.2 is generally deemed stable for natural slopes. The corresponding Monte Carlo
Simulation (MCS) confirmed this, calculating a Reliability Index (f) of 2.65 and a negligible
Probability of Failure (Pr = 0.4%). Under steady-state conditions, the river's hydrostatic pressure
provides substantial confining support to the bank face, masking the inherent weakness of the soil
mass.

However, the analysis of Scenario B (Transient Rapid Drawdown over 3 days) drastically
altered the stability profile. As the river level dropped to 2.0 m, the external hydrostatic support was
removed. Simultaneously, due to the low hydraulic conductivity of the upper floodplain deposit
(Ksqe = 1 X 107 m/s), the internal pore-water pressures could not dissipate at the same rate as the
river drawdown.

At the critical time step (t = 3 days), the deterministic FoS plummeted to 1.04. While still
technically > 1.0 (implying theoretical stability in a deterministic framework), the probabilistic
analysis revealed a catastrophic vulnerability. The MCS distribution of the FoS shifted significantly,
resulting in a Probability of Failure (Pf) of 38.5% and a corresponding Reliability Index (f) of merely
0.29.

To evaluate how hydrological conditions influence stability uncertainty, the probability distributions
of the Factor of Safety under both steady-state and rapid drawdown scenarios are compared in Figure
3.

=)

Probability Density
=] o
o =

I
'S

e
[§]

0.0 T T T T T
0.0 0.5 1.0 1.5 2.0
Factor of Safety (FoS)

Fig. 3. Probability distribution of Factor of Safety (FoS) under steady-state and rapid drawdown conditions.

This finding is the crux of the study: A deterministic FoS of 1.04 provides an "illusion of
safety," whereas the probabilistic model reveals that due to the spatial variability of shear strength and
the uncertainty in pore-pressure dissipation, there is nearly a 40% chance of catastrophic
collapse. Relying on deterministic steady-state models for riverbank zoning is thus inherently
dangerous in flood-prone regions.

4.2  Sensitivity analysis of geotechnical uncertainties

To determine which parameters drive the risk of failure during the critical rapid drawdown
phase, a probabilistic sensitivity analysis was conducted. A Spearman rank correlation technique was
employed to map the influence of each random variable on the final computed FoS.

The resulting Tornado chart (data representation) indicates that the stability of the riverbank is
overwhelmingly governed by the effective cohesion of the upper floodplain layer (c;), which
accounted for approximately 58% of the total variance in the FoS. This is physically consistent with
the rapid drawdown mechanism: as the water level drops, the upper cohesive layer is left fully
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saturated and unsupported, relying entirely on its undrained/partially drained cohesive strength to
resist shear failure.
The effective friction angle of the lower channel bed ( ¢;) contributed to 22% of the variance,

while unit weights (y4,¥,) had a negligible impact (< 5%). The strong sensitivity to ¢; underscores a
critical directive for field practitioners: geotechnical site investigations must prioritise high-resolution
sampling and precise laboratory testing (isotropically consolidated undrained triaxial tests) of the
upper cohesive layers, rather than spending equal budgets characterising the entire stratigraphic
column.

To highlight the fundamental discrepancy between conventional and reliability-based
approaches, a direct comparison between deterministic Factor of Safety and probabilistic failure
metrics is provided in Figure 4.

T T
{Unit Weights

20% 30% A0%, 50% 60% 0%

Contribution to Variance (%)

Fig.4. Comparison between deterministic and probabilistic stability assessment under steady-state and rapid
drawdown scenarios.

4.3 The new risk-based spatial design framework

The ultimate objective of this study was to upgrade the simplistic, deterministic height-slope
relationship (previously conceptualised in earlier methodologies) into a robust, probabilistic design
tool. By systematically iterating the MCS framework across a matrix of riverbank heights (H ranging
from 5m to 15m) and slope coefficients (m ranging from 1.0 to 3.0) under the worst-case RDD
scenario, a novel Iso-Probability Contour Map was generated.

Instead of a single line dividing "Safe" (FoS > 1.0) and "Unsafe" (FoS < 1.0) zones, the new
risk-based chart delineates stability zones using P contours (1%, 5%, 15%, and 50% probability of
failure).

e High-Risk Zone (Pf > 15%): Represents geometries (H > 8 m, m < 1.5) where failure is
highly probable post-flood. Immediate hard-engineering interventions (retaining walls, riprap
toe protection) are mandatory.

e Marginal Zone (5% < Pr < 15%): Geometries where deterministic models might show
safety, but variability makes them risky. Suitable for bioengineering or nature-based solutions
(deep-rooted riparian vegetation) to naturally increase apparent cohesion.

e Acceptable Zone (Pr < 5%): Geometries (H < 6 m, m = 2.5) that meet standard reliability
criteria (f = 1.64) even under severe drawdown and high soil variance.

To identify the dominant geotechnical parameters governing slope instability during transient
conditions, a probabilistic sensitivity analysis was conducted, with the results summarised in Figure 5.

| Inzynieria Mineralna — Styczen - Czerwiec 2026 January - June Journal of the Polish Mineral Engineering Society




Riverbank Height (H, m)
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Fig. 5. Sensitivity analysis showing the influence of geotechnical parameters on Factor of Safety during rapid
drawdown.

4.4 Discussion and practical implications

The findings unequivocally demonstrate that incorporating geological uncertainty and transient
hydrology is not merely an academic exercise; it is a fundamental necessity for modern river
management. The proposed probabilistic framework directly aligns with the shift toward
Performance-Based Engineering (PBE).

By adopting the P¢ contour map, river basin authorities can move away from blanket mitigation
strategies. Instead, they can allocate limited infrastructure budgets based on quantified risk exposure,
directing heavy engineering to high-risk zones while allowing natural fluvial processes to occur safely
in low-risk zones.

While the model presents a significant advancement, it is constrained by the assumption of two-
dimensional plane-strain conditions. Future research must expand this framework into a 3D
probabilistic space and explicitly integrate fluvial scour mechanisms (toe erosion driven by
hydrodynamic shear stress) to capture the full spectrum of riverbank morphodynamics.

5 CONCLUSIONS

This study has demonstrated a fundamental shift in riverbank stability assessment from
conventional deterministic approaches toward a reliability-based probabilistic framework. By
integrating transient seepage modelling with the General Limit Equilibrium (GLE) method and Monte
Carlo Simulation (MCS), the research provides a more realistic and risk-informed evaluation of
riverbank behaviour under critical hydrological conditions, particularly rapid drawdown (RDD).

Key conclusions can be summarised as follows:

e Deterministic FoS is insufficient and potentially misleading:
The results clearly reveal that a seemingly acceptable deterministic Factor of Safety (FoS =
1.04) under rapid drawdown conditions can correspond to a high Probability of Failure (P~
38.5%) and a low Reliability Index (B = 0.29). This confirms the existence of an “illusion of
safety” when uncertainty is ignored.

e Rapid drawdown is the governing failure mechanism:
Transient hydraulic conditions, rather than steady-state scenarios, control the critical stability
state. The delayed dissipation of pore-water pressure in low-permeability cohesive soils
significantly reduces shear strength, making RDD the most dangerous loading condition for
riverbanks.

¢ Geotechnical uncertainty plays a dominant role:
Sensitivity analysis indicates that the effective cohesion of the upper cohesive layer is the
most influential parameter, contributing approximately 58% of the variability in stability. This
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highlights the need to prioritise high-quality site investigation and laboratory testing for
cohesive soils.
e Probabilistic framework enables risk-informed design:
Unlike traditional FoS-based design, the proposed approach quantifies stability in terms of
probability of failure and reliability index, providing a more robust basis for engineering
decision-making under uncertainty.
e A novel risk-based design chart is proposed:
The development of iso-probability contour maps (Pr= 1%, 5%, 15%, 50%) represents a
significant advancement over conventional deterministic charts. This tool allows practitioners
to:
o Identify high-risk geometries requiring structural intervention
o Apply nature-based solutions in marginal zones
o Optimize resource allocation based on quantified risk levels
e Implications for engineering practice and policy:
The findings strongly support the adoption of Performance-Based Engineering (PBE) and
Reliability-Based Design (RBD) in riverbank management, especially in regions increasingly
affected by climate-induced hydrological extremes.

Despite these contributions, the study is limited by its two-dimensional modelling assumption
and does not explicitly incorporate fluvial erosion processes such as toe scour. Future research should
extend this framework to three-dimensional probabilistic analysis and integrate hydro-
morphodynamic coupling to capture the full complexity of riverbank evolution.

\
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