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ARTICLE INFO ABSTRACT
Keywords: Flood risk poses a significant threat to coastal areas, with climate change and urbanization intensifying the
Coastal flooding frequency and severity of flood events. Effective flood risk management requires quantifying vulnerability

Flood vulnerability index
Fuzzy Bayesian belief network
Uncertainty propagation
Residential houses

Climate change

while accounting for the inherent uncertainty in residential areas exposed to coastal hazards. This study
revisits the flood vulnerability index (VIE), which evaluates life loss risk in residential buildings using four
microscale criteria, and enhances it with a fuzzy Bayesian belief network (FBBN). The FBBN framework
integrates uncertainty and conditional dependencies into the assessment by fuzzifying input criteria and
estimating the probability of buildings belonging to various vulnerability classes. The proposed framework was
applied to a case study on the island of Noirmoutier (France), evaluating the vulnerability of 21,046 buildings
across four flooding scenarios. The FBBN demonstrated good consistency with the original deterministic VIE
index, with less than 3% outliers in classification results. Sensitivity analysis identified architectural typology
as the most influential criterion, contributing 10%-11% variance reduction across all scenarios. The FBBN
provided probabilistic and geo-spatial representations of vulnerability, offering a deeper understanding of risk
distribution. These insights enhance decision-making in flood adaptation planning, supporting more targeted
and effective mitigation strategies.

1. Introduction risk assessment frameworks to address increasing coastal flood hazards

under a changing climate.

Coastal flood risk is projected to increase significantly in the coming
decades due to the combination of climatic factors such as sea level rise,
the intensification of extreme weather events, socioeconomic drivers,
urban expansion and aging infrastructure [1-3]. This trend is partic-
ularly concerning given that floods are among the most devastating
and recurrent natural hazards, responsible for significant loss of life
and massive economic impact worldwide [4-6]. Storm Xynthia, which
struck in February 2010, serves as a tragic example of the devastating
impacts of coastal flooding in Europe. The storm caused over 40
fatalities in France, with the most severe consequences observed in
the Vendée and Charente-Maritime departments (Fig. 1), where strong
winds combined with an unusually high tide coefficient led to a storm
surge of approximately 1.5 m [7]. This surge inundated 50,000 hectares
of low-lying coastal land and resulted in an estimated €1.5 billion in
damages [8-10]. The event exposed critical vulnerabilities in coastal
residential areas and highlighted the urgent need for more robust
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A wide range of vulnerability assessment tools and methodologies
have been developed to assess and manage flood risk for various
types of flooding (e.g., flash, river, coastal (as the present research)).
Some approaches assess vulnerability through indices and integrate
hazard mapping [12-15], hydrodynamic simulations [16,17], proba-
bilistic methods [18-20] and machine learning [21]. A growing body
of research also highlights the critical role of interdependent infrastruc-
ture networks and cascading failures in shaping flood impacts [22].
However, these studies differ notably in scope, scale and variables
integrated. At a large-scale, studies typically explore broad dimensions
like the physical, social, economic and environmental aspects through
a series of vulnerability indicators. For instance, Kaur et al. [23]
proposed a ‘Localized Flood Vulnerability Index’ combining a multi-
criteria decision-making process, a fuzzy analytical hierarchical process
and expert elicitation. Similarly, Borden et al. [24] proposed a deter-
ministic framework to assess vulnerability through separate indices:
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Fig. 1. Most affected departments after Xynthia event in terms of fatalities.

Source: Adapted from [11]

‘Social Vulnerability Index’, the ‘Built Environmental Vulnerability In-
dex’ and ‘Hazard Vulnerability Index’. At the mid-scale, the approaches
frequently adopt the classical formulation of risk as a product of
hazard, vulnerability and exposure [25]. Lu et al. [18], for example,
combined Bayesian networks and GIS, in a probabilistic framework that
models these three dimensions using a variety of specific indicators.
Likewise, Banan et al. [19] developed a Bayesian network model to
assess coastal flood risk by incorporating hazards, vulnerable receptors
(such as people and roads), and associated damages. Other frameworks
may focus specifically on modeling a single component; for instance,
Wu et al. [26] modeled hazard using a belief network considering the
drivers, bearers, and environmental factors to assess the extent of a
flood disaster.

Given the complexity of flood risk assessment, with its many in-
teracting parameters and variables, a microscale assessment of flood
risk becomes a difficult task. Tincu et al. [27] evaluated damage
across three land use classes (residential building, infrastructure and
agriculture) using a semi-probabilistic approach that incorporates ex-
isting damage. Similarly, Rehan et al. [28] focused on the economic
impact of flooding for multiple flood scenarios, assessing household
level by evaluating individual residential buildings exposed to riverine
flooding. Other relevant micro-scale examples include the work of Ernst
et al. [29] that conducted a household-level analysis using a detailed 2D
river hydraulic modeling and topographical data to predict inundation
patterns with high spatial accuracy in urban floodplains. De-Risi [30]
introduced the VISK (Visual Vulnerability & Risk) a computer-based
flood risk module that assesses individual houses using a probabilistic
framework. It employs structural fragility functions and Monte Carlo
simulations within a bi-dimensional finite element model to analyze
structural configurations (including openings like doors and windows)
and calculate risk of failure under hydrostatic pressure, hydrodynamic
forces, debris impact, and structural deterioration. The output is a GIS-
based risk map that spatially defines the risk associated with each
assessed building.

Although previous studies address residential buildings to some
extent, most fail to adequately consider micro-scale factors that directly
influence human vulnerability at the household level. Existing ap-
proaches often account for building characteristics in a binary manner

(i.e., the building either resists or is destroyed) [31]. This limitation
stems largely from findings in post-event analyses of flood-related
mortality, which indicate that fatalities inside buildings are relatively
low (6%, as reported by Jonkman and Kelman, 2005 [32]). However,
the Xynthia case highlighted that the location and configuration of
residential buildings can significantly increase risk, as 100% of the fa-
talities occurred inside houses due to their specific localization and/or
configuration [7].

Furthermore, in 2019, 1.5 million people in France lived in coastal
flood-prone areas, encompassing 1.3 million housing units. Among
these, single-story constructions accounted for 26%-30% of buildings
along the French Atlantic coast [33]. These statistics underscore the
urgency of focusing flood risk assessments at the building scale, where
meaningful and targeted interventions can be implemented. Addition-
ally, a persistent limitation of existing micro-scale approaches is their
restricted ability to explicitly represent uncertainty and the interde-
pendencies between risk components [34]. This is particularly critical
in complex residential environments, where effective decision-making
requires adaptability and a nuanced understanding of vulnerability
factors.

The current study aims to address this gap by conducting a mi-
croscale assessment focused on vulnerability and exposure, particularly
in relation to residential buildings. Unlike previous studies that focus
on construction materials or structural integrity, this research does
not consider structural engineering features. Instead, it focuses on
geographical and architectural aspects, including the architectural con-
figuration of buildings, their elevation, and their proximity to flood
defense structures and designated rescue points. These characteristics
are crucial for ensuring safe evacuation in the event of an emergency.

The Extreme Intrinsic Vulnerability Index (VIE Index, Vulnérabil-
ité Intrinséque Extréme in French), developed by Creach et al. [35]
following the Storm Xynthia event, represents a valuable advance-
ment in micro-scale vulnerability assessment. This framework has also
been applied to compare the effectiveness of different flood adaptation
strategies [36,37]. However, the original formulation of the VIE Index
is inherently deterministic. The values assigned to each vulnerability
criterion are based on predefined crisp categories, which do not account
for the uncertainties present in real-world events.
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Fig. 2. Flowchart of the application of the methodology.

To overcome these limitations, this study proposes the integration
of the VIE Index into a Fuzzy Bayesian belief network (FBBN). Sepa-
rately, Bayesian Belief Networks (BBNs) have proven effective results
in constructing robust probabilistic frameworks capable of represent-
ing interdependencies among variables and quantifying associated un-
certainties. They have been widely applied in structural reliability,
corrosion modeling, and flood risk assessment [18,19,38-41]. On the
other hand, the fuzzy number addresses the vagueness and imprecision
that are often present in the problem. By deriving fuzzy probabilities
or likelihoods, it is possible to estimate the uncertainty even when
the inputs are qualitative or partially known. This approach has been
successfully applied in fields such as seismic risk assessment, oil & gas
pipeline reliability [38,39,42,43] and flood risk assessment [44]. The
proposed hybrid framework has the objective of using the inferential
power of BBN, capable of modeling conditional dependencies and up-
dating beliefs with new evidence, together with the flexibility of fuzzy
logic, which enables the quantification of uncertainty from imprecise or
categorical data. The result is a probabilistic model that offers a more
realistic and adaptable representation of vulnerability in flood-prone
residential environments.

2. Fuzzy Bayesian belief network methodology
2.1. Overview

Fig. 2 summarizes the proposed FBBN methodology. The inputs
primarily consist of data related to the buildings of the area studied.
This includes information on building typology, configuration, and ver-
tical elevation that are essential for the calculations. Additionally, data
on existing flood defense structures is also required, as the proximity
of each building to these protective elements and the condition of
the defenses [34] directly influence its vulnerability. A digital terrain
model is also necessary to determine the ground elevation and under-
stand the potential extent of floodwater, this includes accurate data
on current sea levels in the coastal zone. Furthermore, information
on flood scenarios is required. These scenarios are hypothetical but
realistic representations of potential flood events, typically defined by
return periods and grounded in historical and probabilistic analyses.

The proposed FBBN methodology uses the previously described
input data to define four core criteria:

» CR1 (potential water depth),

» CR2 (proximity to flood defenses),
» CR3 (architectural typology), and
» CR4 (proximity to a rescue point).

While the detailed definitions and scoring of these criteria are
explained in the following sections, it is important to note that the
criteria highlighted in green (CR1 and CR4) are scenario-dependent.
This means that their values vary across different flood scenarios, as
they are directly influenced by water level conditions. In contrast, CR2
and CR3 are scenario-independent since they reflect static spatial and
structural features. Once defined, all criteria are subjected to fuzzifica-
tion using triangular membership functions to account for uncertainty
in the input data. The fuzzified inputs are fed into a BBN model, where
a VIE Index node is defined to reflect the resulting vulnerability based
on combinations of the criteria. The model was implemented through
a VBA+Netica computational framework, enabling the evaluation of
various flood scenarios. Finally, the model was assessed through a case
study to verify consistency with the original VIE framework and to
illustrate the probabilistic outputs.

The outputs of the model include a sensitivity analysis to understand
the behavior of the model, and both quantitative and spatial represen-
tations of flood vulnerability. First, a class uncertainty assessment is
performed, illustrating the degree of uncertainty assigned to each resi-
dential structure to belong to a vulnerability category. This assessment
highlights cases where classification is ambiguous due to uncertainty
at the input parameters or overlapping category thresholds, and will
be further detailed in later sections. Additionally, a GIS vulnerability
map is generated offering a spatial visualization of the VIE Index values
and associated uncertainty across the study area. This map provides a
practical tool for urban planners, emergency managers, and decision-
makers, enabling them to identify the most vulnerable zones and
prioritize interventions while also considering the degree of confidence
in the results.

2.2. Extreme intrinsic vulnerability: VIE index
This study accounts for flood vulnerability using the Extreme Intrin-

sic Vulnerability: VIE Index proposed by Creach et al. [35,45]. Designed
to prevent future casualties caused by coastal flooding, particularly
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Table 1
VIE Index methodology, criteria definition.
Source: Adapted from [45].
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deaths by drowning, the VIE Index focuses on evaluating the vulner-
ability of residential buildings based on characteristics that influence
the occupants ability to evacuate or remain safe during a flood event.
This evaluation is based on four key criteria, detailed in Table 1, which
reflect both the exposure of a house to flooding and the building’s
characteristics. CR1, CR3 and CR4 are scored from 0 to 4 and CR2 from
0 to 3, where 0 indicates minimal vulnerability and 4 denotes extreme
vulnerability.

CR1 represents the potential water depth expected at the building
during a flood. This value reflects both the intensity of the flood
event and the elevation or topographic context of the building. Higher
water depths result in greater vulnerability. This depth is calculated by
making the difference between the ground and water levels based on
the DTM from the French Litto-3D program (LiDAR survey), vertical
accuracy of 20 cm [46]. CR2 measures the distance from the building
to the nearest flood defense system. The effectiveness of this protection
depends on: (i) the physical distance, (ii) the defense’s height and
condition and (iii) the presence of topographic depressions (a basin
effect), which may accelerate localized flooding. These adjustments are
considered by Creach et al. [35,45] by modifying CR2 with +0.5 points.
CR3 characterizes the architectural type of the house describing how
its physical configuration affects occupant safety. For instance, single-
story houses without rooftop access are considered highly vulnerable,
while multi-story buildings or those with designated rescue levels are
assigned lower vulnerability scores due to the greater likelihood of
successful vertical evacuation. Finally, CR4 quantifies the building’s
proximity to the nearest Natural Rescue Point (NRP), a high-elevation
area or designated shelter that facilitates safe evacuation. As the dis-
tance to the NRP increases, particularly when the building is isolated
or surrounded by flood-prone zones, the associated vulnerability score
also increases.

The significance of the VIE index lies in its foundation on real-world
conditions observed during the Xynthia event in France. It accurately
captures the primary factors that contributed to individuals becoming

trapped inside their homes during the flood. Once each criteria is
evaluated, a numerical value is assigned to each one of them and the
VIE index can be calculated as:

0, if CR1=0
VIE=X , . @
§CR1 +CR2+ CR3+ §CR4, elsewhere

The weights for the four criteria in the VIE index were carefully
chosen to avoid double-counting related data and to ensure a balanced
assessment of vulnerability [35]. Since CR1 and CR4 both come from
the same terrain data and are correlated, they are combined into a
single topographic group with a 2/3 weight for CR1 and 1/3 for
CR4. The other two criteria, CR2 (proximity to defenses) and CR3
(architectural typology), are independent and each given a full weight.
This approach ensures the index fairly represents different aspects of
vulnerability without overemphasizing elevation-based factors.

Based on the computed VIE index, each building is assigned to one
of four vulnerability classes when all the information is available, as
detailed in Table 2. These categories, represented by distinct color
codes, serve not only to clearly communicate risk levels but also to
support spatial visualization using GIS tools. For example, when a
structure is not exposed to flooding (i.e., CR1 = 0), the associated risk
to occupants is considered negligible, and the VIE Index is accordingly
set to VIE = 0. This index enables the identification of high-risk areas
on vulnerability maps, enhancing the practical value of the model for
planners and decision-makers.

The boundaries for the four vulnerability classes (A, B, C, D) were
determined by Creach et al. [35] through empirical adjustment to
best predict death risk. Although initial class limits were explored
using automatic clustering methods, these did not reliably separate the
highest-risk buildings. Therefore, Creach et al. [35] manually refined
the class boundaries based on the observed impacts of Storm Xynthia.
This manual calibration improved the model’s accuracy, capturing 25
of the 29 historical deaths within Class D.

This methodology has some challenges. The first involves the avail-
ability of data on architectural typology (CR3). If a building is safe
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Table 2
Interpretation of vulnerability classes based on the VIE Index.
Class Range Meaning
Class A VIE = 0 Buildings are not exposed to floods, and therefore, do not endanger
people.
Class B VIE = [1-5] Buildings are of a suitable design to reduce risk to people during
floods. The level of vulnerability for people is low.
Class C VIE = ]5-8] The vulnerability of buildings to floods is high but nonlethal, except
for children, older, or disabled people.
Class D VIE = 18-12] The vulnerability of buildings to floods is very high and could result
in fatalities in the case of floods.
Class N VIE = Null Class not determined due to lack of information.

from flooding (CR1 = 0), CR3 becomes irrelevant. However, when CR1
> 0, CR3 is essential to assess risk. If CR3 is unknown, the VIE cannot
be reliably calculated. To avoid misclassifications, when information
is not available, such buildings are categorized as ‘Non-Determined’
(Category N) in the original methodology.

A second challenge concerns adjustments to CR2 (distance to flood
defenses), which in the original methodology incorporate two cor-
rection factors: one for the structural condition of the defense and
another for topographical context (the ‘basin effect’). Although these
refinements improve accuracy, they will be excluded from the proposed
FBBN due to uncertainty and lack of consistent data on the structural
condition of defense structures. As a result, our model uses only the
base value CR2 without additional corrections.

A last challenge concerns the water depth estimation for CRI.
The used methodology provides a conservative estimate of potential
water depths, which aligns with the VIE index’s focus on life safety
by identifying the most critical possible water depths. However, it does
not account for dynamic hydrodynamic processes, such as flow velocity
or drainage effects, which could influence inundation patterns. Future
research could incorporate advanced hydrodynamic models to improve
the spatial accuracy of water depth estimates and better capture the
complexity of coastal flooding.

2.3. Bayesian belief network-based flood vulnerability index

The proposed framework combines fuzzy logic and BBN. Fuzzy logic
will be used to account for the uncertainty for each criteria of the
VIE index. BBN will be implemented to propagate these fuzzy inputs
in the evaluation of the VIE index and to estimate the probability of
belonging to each vulnerability class presented in Table 2. This section
begins by presenting the coastal flood scenarios that are related to the
criteria CR1 and CR4. Afterwards, the fuzzy and BBN components of
the proposed approach are presented.

2.3.1. Flood hazard intensity

In order to account for the variability in flood hazard intensity due
to different return periods and potential climate change impacts, this
study considers four flooding scenarios. These scenarios are defined
according to the recommendations a French ministry [47] for imple-
menting the European Flood Directive [48]. The selected scenarios
and their associated return periods are shown in Table 3. The Fre-
quent, Medium, and Extreme scenarios use water levels estimated by
regional authorities for Fromentine, which is near the study area [49].
Additionally, Table 3 includes a scenario based on the Medium water
level, increased by a 60 cm sea-level rise projected for 2100. This
+0.6 m value is a conservative regulatory standard recommended by
the French observatory on climate change effects [47], ensuring that
risk prevention plans align with long-term trends identified in IPCC
reports.

2.3.2. Fugzgification of VIE index criteria

Fuzzy logic is a mathematical framework based on fuzzy set theory,
first introduced by Lotfi Zadeh in 1965 [50]. Unlike classical binary
logic that assigns elements a strict true or false value (1 or 0), fuzzy
logic allows for partial membership in a set. This provides a systematic

Low

High

Q

Membership, u(z)

o

06
Input Value, x

Fig. 3. Fuzzy membership example, Triangular function.

way to translate qualitative terms (e.g., ‘low’, ‘medium’, ‘high’) into
numerical representations, allowing uncertainty, vagueness, and im-
precision, often present in real-world systems, to be incorporated into
modeling. Fuzzy logic is particularly useful when system boundaries
are not well-defined, data is imprecise, or expert judgment must be
included, as is often the case in risk assessment applications [51].

Each fuzzy set is defined by a membership function, which de-
termines the degree of membership of a given input to a qualitative
category. These functions can take various shapes such as triangular,
trapezoidal, or Gaussian, depending on the system requirements and
available data [52]. In this research, triangular membership functions
are predominantly used due to their simplicity and computational
efficiency. The mathematical formulation of a triangular membership
function is defined as:

0, x<aorx>ec,
M) =937, a<x<b, @)
X h<x<e.

This function computes the degree of membership x of an input
value x within a fuzzy category, defined by the parameters a, b, and c,
which respectively represent the lower bound, the peak and the upper
bound of the triangle. To illustrate the concept, Fig. 3 shows a basic
example of a fuzzy membership function composed of three categories:
Low (L), Medium (M), and High (H). The low membership function has
a linear falling slope function represented by:

1, x < b,
up(x) = E_Tx’ b<x<ec, 3
0, x> c.

The high membership function has a linear rising slope as:

0, x<a,
Hp(x) = Z%Z, a<x<b, 4)
1, x> b.

Suppose that a value of 0.6 is evaluated for a parameter studied.
According to the defined triangular membership functions, the degrees
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of membership would be y; (0.6) =0, u,(0.6) = 0.8, and 4 (0.6) = 0.2,
summarized as (uy.pup, puy) = (0,0.8,0.2), indicating that the input
partially belongs to both Medium and High categories simultaneously
(Fig. 3).

The original VIE formulation assigns qualitative parameters with
their corresponding crisp categorical values to each criterion (Table
1). While these thresholds defined by the original methodology are
grounded in data from the real Xynthia event, they inherently carry
a degree of uncertainty that is not captured in a deterministic model.
For example, although buildings classified with CR3 = 4 (single-story
homes with no rooftop evacuation possibility) are considered extremely
vulnerable, historical data from Storm Xynthia reveals that such con-
ditions did not uniformly lead to fatalities. Approximately 75% of
the victims were indeed trapped in these building types [7,11], but
the remaining 25% were distributed across other architectural cate-
gories, indicating overlapping vulnerabilities and uncertainty in the
classification. Similarly, CR2 (distance to flood defenses) also demon-
strates variability. Around 90% of fatalities occurred within 400 m of
a dike [11], which includes classifications CR2 = 1, 2, or 3. However,
the precise risk associated with each of these categories is not sharply
defined; rather, there is a continuous gradation in vulnerability that
cannot be fully represented using crisp boundaries alone.

This study introduces a fuzzification process for the four vulner-
ability criteria: CR1 (potential water depth), CR2 (distance to flood
defenses), CR3 (architectural typology), and CR4 (closeness to a rescue
point), as shown in Fig. 4. The values of the parameters of these mem-
bership functions of this figure are detailed in Appendix (Table A.7).
These membership functions preserve the original categorical struc-
ture defined in the VIE methodology but introduce smooth transitions
between states. This choice is justified because fuzzy logic:

« enables the representation of uncertainty in the input criteria.
The inputs used to compute the VIE Index (Table 2) are diffi-
cult to define with clear thresholds and are subject to epistemic
uncertainty.

improves the realism of modeling by avoiding abrupt transitions
between vulnerability classes, instead enabling gradual and con-
tinuous changes that more accurately reflect the complexity of
residential flood vulnerability.

integrates naturally with BBN by fuzzifying the inputs before
feeding them into the BBN structure.Consequently, the proposed
model will preserve uncertainty and variability supporting more
robust and interpretable inference.

Membership values were assigned such that the maximum member-
ship value (1) corresponds to the discrete points of the input parame-
ters, with smooth transitions between adjacent classes. The boundaries
were set to ensure that membership values overlap appropriately,
maintaining a sum of 1 between two neighboring classes.

2.3.3. Bayesian belief network

A BBN is a probabilistic graphical model that represents a set of
random variables and their conditional dependencies through a visual
diagram called a Directed Acyclic Graph (DAG) [53]. In this structure,
the main components are nodes and edges; each node corresponds
to a variable, and each edge represents a direct probabilistic depen-
dency between the connected nodes. Bayesian Belief Networks are built
upon Bayes theorem, which allows the computation of the posterior
probability P(X, | X,) based on prior knowledge:

P(X, | Xy)- P(X))

5
P(X3) ®

PX, | X,) =
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Table 3
Considered coastal flood scenarios.
Source: Adapted from [35,36].
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Scenario Acronym Return Period Sea Water Level at Fromentine Town
Frequent fr 10 years 3.6 m NGF’

Medium m 100-300 years 4.2 m NGF

Medium + SLR* mslr Same as above +0.6 m 4.8 m NGF

Extreme ex 1000 years or more 5.2 NGF

2 SLR: Sea level rise.

b NGF: French general level.

Variable
Ay

Variable A; | Probability

L P(As=L)
M P(A1=M)
H P(A;=H)

Unconditional
probability (UP)

Variable Variable
A Ay

Variable

Variable
A,

Variable A, | Probability

L P(Ay=L)
M P(A;=M)
H P(Ay=H)

Unconditional
probability (UP)

Variable B,
Probability
M H

L L P(By=L|A;=L, Ay=L)
H M P(B;=L|A;=H, A,=M)
H H P(By=L|A;=H, Ay=H)

Conditional probability table (CPT)

Fig. 5. Example of a basic BBN.
Source: Adapted from [43]

Eq. (5) expresses the probability that an event (X;) occurs given
that another related event (X,) has already occurred. It enables the
network to update its beliefs when new information becomes available.
Bayesian Networks encode the joint probability distribution of a set of
N variables as the product of their conditional probabilities, according
to the chain rule of BBNs:

N
PX) = P(Xy,....Xy) = [] PX; 1 pa)) 6
i=1

where pa; denotes the set of parent nodes of X;. A parent node is
a variable that directly influences another, and is represented by an
outgoing edge in the DAG. Conversely, a child node is influenced
by one or more parents and is identified by one or more incoming
edges. For example, in Fig. 5, A, and A, are the parent nodes of
B;. Understanding the relationship between parent and child nodes
is fundamental in BBNs. Nodes without parents like A, in Fig. 5, are
defined by a marginal probability distribution, while child nodes such
as Bs, are characterized by joint probability distributions influenced
by their parents. Each node is associated with a probability table. This
table takes the form of a Conditional Probability Table (CPT) for child
nodes and an Unconditional Probability Table (UPT) for root nodes
with no parents.

The behavior and output of a BBN is sensitive to the values assigned
in these probability tables, making their accurate definition critical
to the model’s performance [54]. Several methods exist to populate
these tables. They can be derived through expert elicitation [55],
based on training data [56], or, as in this study, computed directly

from a governing equation that defines the structure and interactions
of the model [57]. This equation-based approach ensures consistency
and transparency in the relationship between input criteria and the
outcomes.

The structure of the developed FBBN used to assess the flood vulner-
ability index is illustrated in Fig. 6. The input values assigned are based
on the fuzzy memberships for each corresponding criterion defined
in Fig. 4. This FBBN includes the four flooding scenarios outlined in
Table 3. For each scenario, the parent nodes (CR1, CR2, CR3, and CR4)
represent the key vulnerability criteria contributing to the computation
of the VIE Index. These nodes are defined using categorical states,
consistent with the classifications presented in Table 1.

The VIE index is the child node and aggregates the influence of its
respective parent nodes through CPTs populated applying Eq. (1). As
a result, four parallel branches are constructed, one for each flooding
scenario. It is important to note that the nodes CR2 and CR3 are shared
across all scenarios, as the distance to flood defenses and architectural
typology are constant for a given building and do not vary with the
scenario. In contrast, CR1 (potential water depth) and CR4 (closeness to
a rescue point) are scenario-dependent variables, as both are influenced
by the severity of flooding and thus vary according to water depth in
each considered case.

2.3.4. Sensitivity analysis of the Bayesian belief network model

BBN model outputs of the VIE Index are influenced by the input
parameters (parent node) and a priori assigned conditional probabili-
ties. Thus, there is a need to carryout sensitivity analysis to identify
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Fig. 6. Architecture of the proposed FBBN framework.

DFrance

Vendée
department

T e

Map developed using QGIS (Open Source Geospatial Foundation Project). Base map

source: World Topo Map © Esri, retrieved via QGIS.

(a)

Noirmoutier island

Architectiral Scheme Percent
type
Single storey
No Evacuation 62%
roof DHD
Single storey,
Evacuation 2.29%
roof [ HI:[
Double
storey, o 20.68%
rescue level Im} HD
-y
Double [ - 14.76%
storey
[y
Double i,
] storey, 2 0.27%
ground floor  ==---
unoccupied 5

Fig. 7. Characterization of the case study. (a) Location of the Noirmoutier island, Vendée department, (b) Architectural type distribution in Noirmoutier island.

critical input parameters that have significant impact on the VIE Index.
Results of the sensitivity analysis, for example, can aid decision makers
in prioritizing and collecting reliable data for the influential (sensitive)
parameters and leave the least sensitive as unknown a priori state. In
this paper, variance reduction method [58] is used to quantify the
sensitivity of the VIE Index to its parent nodes (CR1 to CR4). This
method measures the change in the variance of the expected value of
a target node when new evidence is introduced in one of the input
variables, and is computed as [59]:

Vil =Y nalf) (X, - EQIf)° @
q

where g denotes the states of the target node Q, p(q| f) is the conditional
probability of ¢ given evidence f on node F, X, is the numeric value
associated with each state, and E(Q|f) is the expected value of the
target after the finding.

With the BBN network shown in Fig. 6, for example, the parent
nodes that contribute directly to frequent scenario are CR1f, CR4f, CR2,
and CR3; whereas, for medium scenario, the nodes are CR1m, CR4m,
CR2, and CR3. CR2 and CR3 are shared across all scenarios, whereas,
CR1 and CR4 have scenario-specific versions (e.g., CR1le, CR1m, CR1f,
CR1mslr), and their influence is analyzed within the context of their
respective flood condition.

The results of the variance reduction are computed, first, by varying
the states of each VIE Index. For example, for VIE Index f, in the

priori state, the variance is 2.9, and varying each node, state of the
nodes are updated, the cumulative variance is 8.502. This will be the
basis used in the percent of variance reduction calculation for VIE
Index f. Subsequently, keeping all nodes in their unknown states, the
variance reductions are computed by varying the state of each node
of interest. Table 4 summarizes percentage of variance reduction for
the four vulnerability criteria (CR1 to CR4). Results across the four
flood scenarios consistently show that CR3 (architectural typology) has
the highest contribution within 10 to 11% variance reduction in all
scenarios, followed by CR2 (distance to defenses) around 7% and CR1
(potential water depth) with about 4%. On the contrary, CR4 (closeness
to rescue point) had limited influence in all cases, below 1.5% in all
cases. These findings validate the internal structure of the fuzzy BBN
model, confirming that the VIE Index is most sensitive to the physical
vulnerability of the building and its exposure to flooding. This justifies
prioritizing architectural retrofitting and flood protection measures in
subsequent adaptation strategy simulations.

3. Results and discussions
3.1. Case study: Noirmoutier island
This work studies the vulnerability of the island of Noirmoutier

that is located on the Atlantic coast of France. Administratively part
of the Vendée department (Fig. 7(a)), Noirmoutier covers an area of



V. Velandia-Diaz et al.

Progress in Disaster Science 30 (2026) 100583

Table 4
Variance reduction for each scenario.
Node Scenario CR1 (%) CR2 (%) CR3 (%) CR4 (%)
VIE Index f Frequent 4.79 7.54 11.0 111
VIE Index m Medium 4.89 7.38 10.9 0.91
VIE Index mslr Med. + sea Level rise 4.73 7.84 10.3 1.24
VIE Index e Extreme 4.55 7.65 10.7 1.16
Sensitivity Rank 3rd 2nd 1st 4th
Table 5
Number of houses per class for the four studied scenarios.
Class Frequent Medium Med.+sea level rise Extreme
Count % Count % Count % Count %
A 12641 60.06% 10021 47.61% 7921 37.64% 6587 31.30%
B 2099 9.97% 2630 12.50% 2600 12.35% 2220 10.55%
C 3254 15.46% 4135 19.65% 5052 24.00% 5281 25.09%
[ D ] 375 1.78% 767 3.64% 865 4.11% 1029 4.89%
N 2677 13% 3493 17% 4608 22% 5929 28%
TOTAL 21046 100% 21046 100% 21046 100% 21046 100%

approximately 48 km? and is composed of ten localities grouped into
four municipalities. Noirmoutier Island was selected due to its insular
nature, low elevation and significant number of one-storey houses
which makes it particularly vulnerable to coastal flooding. Noirmoutier
Island has suffered the impact of coastal erosion for more than a
century, forcing its inhabitants to raise protection structures from the
sea since 1770. For this reason, the island nowadays is protected by
24 km of flood defenses (i.e., sand barriers, dunes, riprap, groynes and
other measures) on its east and west coasts [60].

The data used in this study were obtained from the database devel-
oped and made available in [61]. This database contains information
on more than 21,000 residential buildings across the island (Table
5). It includes details on defense structures, water level elevations,
natural rescue points, and house typology, all of which are necessary to
determine the VIE index. Architectural type information is incomplete
for 59.5% of the houses on the island. Although this percentage is
high, it is important to note that many of these houses are already
classified as Class A (CR1 = 0), meaning they are outside the flood
envelope and not exposed to potential flooding. Table 5 also shows the
number of houses included in the analysis for each scenario, as well as
those assigned to ’Category N’ due to missing data. Depending on the
scenario, Category N buildings represent between 13% and 28% of the
total housing stock.

The architectural type of the houses in the island is distributed
as shown in Fig. 7(b). Most houses (64.29%) have one floor. This
architectural type leads to a higher vulnerability against a flood event.
Only 35.71% of houses have two levels. Additional characteristics of
the island include the population and residential urbanization that
since 1968 have increased by 19%, and +162%, respectively [45].
This important growth is mainly due to the construction of leisure
residential houses, that corresponded to a 50% in 2011 [62].

Table 5 summarizes the distribution of houses across different vul-
nerability classes for each scenario. These results were determined
using the raw database and Eq. (1). In the frequent scenario, approx-
imately 70% of houses fall within the safer categories (A and B).
However, this proportion declines to about 42% under the extreme
scenario, illustrating the significant impact of elevated seawater levels
and extreme events. Correspondingly, the number of houses classified
in the more dangerous categories (C and D) increases in the extreme
scenario, highlighting the heightened risk to the built environment
under severe climate conditions.

3.2. Comparison with the previous methodology

The original methodology developed by Creach et al. [35,45] com-
putes a unique value for each residential building to classify the house

in a vulnerability class from A to D. The results of this classification
are provided in Table 5. In contrast, the proposed FBBN framework
gives as output the probability distribution of each building’s likeli-
hood of belonging to each class from A to D, quantifying the uncer-
tainty associated with the classification. This probabilistic output is
the core strength of the proposed FBBN framework because it allows
us to explicitly quantify how a building fits into one category while
acknowledging its potential association with others.

This section compares the results of both the original and FBBN
methodologies. This comparison assesses how aligned both approaches
are and whether the results fall within similar vulnerability ranges.
However, since we are comparing deterministic and probabilistic out-
puts, the results obtained using the FBBN method are transformed
with a weighted sum, using a sum product operation between the four
probabilities obtained. Therefore, a single ’global value’ is calculated
per building. This value estimates the vulnerability of each building
and facilitates its comparison with the original results.

Fig. 8 compares the global values obtained using the FBBN with
those estimated using the original deterministic model developed by
Creach et al. [35,45] for all four scenarios. The strong alignment be-
tween the results obtained for the two models confirms the consistency
and robustness of the proposed FBBN probabilistic framework. Similar
patterns were observed for all flooding scenarios, each showing a high
degree of alignment with their corresponding results from the original
methodology.

An important question arises regarding the class boundaries. In
the original model, crisp thresholds were defined for each vulner-
ability class (A to D); however, these thresholds could differ when
propagating uncertainty using the proposed FBBN model. FBBN class
boundaries were therefore calculated to ensure consistency with the
original VIE classification. The recalculation method involves deter-
mining new boundary values that maximize the number of buildings
remaining in the same class as identified by the original VIE classifi-
cation. This approach ensures that the majority of buildings classified
under a specific class in the original VIE framework are similarly
classified under the FBBN framework, maintaining alignment between
the two methods. Consequently, Fig. 8 also includes the class bound-
aries for the purpose of visual comparison and consistency check of
class alignment. Red vertical dashed lines represent the boundaries
proposed by the original methodology (also described in Table 2), and
blue horizontal dashed lines represent the computed class boundaries
of the FBBN in 0, 2, 4.5, 7.5 and 12. The colored zones (A to D)
highlight areas where both methods assign the same vulnerability class,
indicating alignment. It is observed that few points fall outside these
zones suggesting that, for these buildings, the classification has some
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Fig. 8. Comparison of results obtained from the FBBN framework with those of the original methodology for the scenarios described in Table 3. Detailed results
for the sample points P1, P2 and P3 are provided in Fig. 10. (a) Frequent scenario,(b) Medium scenario, (¢) Medium + SLR scenario,(d) Extreme scenario.

Table 6

Number and percentage (between brackets) of outliers per scenario when comparing FBBN and Creach et al results.
Class Frequent Medium Medium + SLR Extreme
Outliers 305 (1.45%) 427 (2.03%) 552 (2.62%) 514 (2.44%)

outliers. Table 6 presents the number of outliers per scenario. The
number of buildings falling outside these zones remains below 3% (with
respect to the total number of buildings) for the four scenarios. This
small percentage confirms the ability of the FBBN framework to classify
the vulnerability of these buildings when considering various flooding
scenarios. This visualization is intended not as a strict quantitative
validation, but rather as a consistency check to ensure that the FBBN
model preserves the general structure of the original classification.
While this consistency check confirms that the FBBN replicates the
original VIE framework probabilistically, it does not constitute a full
validation of the model. Unfortunately, due to the lack of access to
independent empirical data, such as damage records, insurance claims,
or mortality data, a full validation could not be performed in this study.
Future work should focus on validating the FBBN framework against
independent datasets to further assess its reliability and applicability
in real-world scenarios.
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3.3. Sensitivity analysis of membership function values

To evaluate the impact of the selected membership function values
on the FBBN framework, a sensitivity analysis was conducted. The
purpose of this analysis was to assess the robustness of the fuzzifica-
tion process and its influence on the VIE BBN classification results.
Specifically, we compared the baseline membership values provided
in Fig. 4 with alternative membership values that introduced adjusted
boundaries. The membership functions for both cases were designed to
ensure smooth transitions between classes, with overlaps guaranteeing
that the sum of membership values equals 1 between adjacent classes.
For this sensitivity analysis the frequent scenario was selected for
22,000 buildings and the values for the membership functions for both
cases are detailed in Table A.7.

The results of the VIE BBN values for both cases are compared in Fig.
9. The horizontal axis represents the VIE values estimated by Creach
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Fig. 9. Comparison of results obtained from the FBBN framework with those of the original methodology considering two sets of membership function values:

baseline and alternative values.

(2015), while the vertical axis shows the VIE BBN values computed
in this study. The comparison indicates that the baseline membership
values (red points) provide better alignment with the analytical VIE
values compared to the alternative membership values (blue points).
However, both cases slightly underestimate the analytical VIE values.
If the objective is to achieve an exact match with the original VIE
results, further optimization of the membership functions, such as
through likelihood maximization, would be necessary. Nevertheless,
the results demonstrate that the VIE BBN classification remains sta-
ble and consistent across the tested cases, confirming the reliability
of the fuzzification approach. Future work will focus on optimizing
the membership functions using advanced methods, such as Adaptive
Neuro-Fuzzy Inference Systems, and validating the framework against
independent datasets to further enhance its accuracy and applicability.

3.4. Probability of belonging to each vulnerability class

The proposed FBBN allows us to determine the probability of be-
longing to each vulnerability class. This probability is illustrated for
three sample points (P1, P2, and P3) that were selected from the
scatter-plots presented in Fig. 8 for the frequent (Fig. 8(a)) and extreme
(Fig. 8(b)) scenarios. The points (P1, P2, and P3) correspond to the
same buildings but under different flooding scenarios. It is observed
that all three points shift toward the upper right side of the graph.
This behavior is expected, as the flooding scenarios progress from
frequent to extreme (see Table 3), resulting in more severe conditions.
The increased severity raises the water level, which in turn places
the building in a more vulnerable state. Setting aside these ’global
values’ calculated for each point, the corresponding output probability
distributions are presented in Fig. 10. These graphs illustrate how the
FBBN model allocates likelihoods across different vulnerability classes
based on the input values.

For P1, which has a low VIE score, under a frequent scenario (Fig.
10(a)), the probability is concentrated in classes A and B, indicating low
vulnerability. However, when the same building is subjected to an ex-
treme flooding scenario (Fig. 10(d)), the distribution shifts noticeably,
and the building has a very high probability of belonging to class B.

11

P2 exhibits a mid-range VIE score. Under a frequent scenario (Fig.
10(b)), the highest probability is associated with class C. However,
it is noteworthy that there is also a significant probability that the
building belongs to class B. In contrast, for the same building under
an extreme flooding scenario (Fig. 10(e)), the probability of belonging
to class C increases, and there is also a considerable likelihood that
the building falls into the most vulnerable category, class D. These
results are meaningful for quantifying uncertainty: while the original
methodology would have produced a single, crisp classification of the
house in category D, our approach reveals uncertainty that shifts the
probabilities toward class C.

For P3, which has a high VIE score, the probability distribution
under a frequent scenario (Fig. 10(c)) is concentrated mostly in Classes
C and D, reflecting a high level of vulnerability. As anticipated, when
considering an extreme flooding scenario (Fig. 10(f)), the probability
shifts further toward class D, indicating that the building is increasingly
likely to fall into the most vulnerable category under more severe
conditions. These probabilistic representations provide a richer and
more informative basis for decision-making than single deterministic
classifications.

3.5. Geo-spatial representation of vulnerability and uncertainty

In this section, we examine the spatial distribution of vulnerability
within the study area. We begin by comparing the classification results
obtained from the original VIE index with those produced by the
proposed FBBN approach. This comparison allows for a direct visual
assessment of both the similarities and differences between the two
methodologies throughout the study area. Fig. 11 provides a spatial
comparison of vulnerability classifications for the same residential zone
(La Guériniére town) highlighted in Fig. 7 on the Noirmoutier Island.
The results correspond to the frequent flood scenario and represent the
’global value’ for the FBBN approach. Fig. 11(a) shows the results from
the original deterministic methodology, while Fig. 11(b) presents the
classifications generated by the FBBN model. It is important to note
that, although Fig. 11 focuses on a small section of the island in La



V. Velandia-Diaz et al.

Progress in Disaster Science 30 (2026) 100583

100 100 100

80 80 80
< 67.4% < <

) 2 51.3% =z 60
® ® 8

Q Q o 40
[<] < <
a o a

20

71% 7.1%

100 100 100
80 78.6% 80 80
X X X
> 60 = 60 = 60
8 a0 8 a0 S 40
o o °
o o o
20 20 20
7.1% 7.1% 7.1% 7.1% 7.1% 7.1% 7.1% 7.7%
0 0 0
A B C D A B C D A B C

(d) (e) (f)
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Fig. 11. Comparison of vulnerability results for La Guériniére town considering the frequent flood scenario: (a) Original VIE index [61], (b) FBBN approach.
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Fig. 12. Output probability result for frequent scenario, Each map shows the probability of a building belonging to a given vulnerability class, ranging from 0%
(low certainty) to 100% (high certainty). (a) Probability of being in A, (b) Probability of being in B, (c) Probability of being in ¢ and (d) Probability of being in

D.

Guériniére town, the percentages shown in the labels correspond to the
entire island.

According to the values presented in Fig. 11, the FBBN approach
introduces a slight shift in the distribution of vulnerability classes.
Notably, the proportion of buildings classified as Class D (highest
vulnerability) decreases from 3.5% in the original model to 2.1% in
the FBBN results, while the percentage of buildings classified as Class
A increases from 65.2% to 68.8%. This suggests that the FBBN model
marginally reduces the concentration of buildings in the highest-risk
category. This behavior is likely attributable to the model’s ability to
capture epistemic uncertainty and better reflect ambiguous or border-
line cases. Unlike the original model, which applies rigid, deterministic
thresholds to classify buildings, the FBBN enables probabilistic blending
across class boundaries, helping to soften transitions between classes
and reduce the likelihood of misclassification for structures with input
values near threshold limits. The proportion of buildings in Class B
remains virtually unchanged, while Class C exhibits a slight decrease.
Overall, the spatial distribution patterns remain largely consistent be-
tween both models, reaffirming the internal coherence of the FBBN but
demonstrating its added value in explicitly representing uncertainty.

Furthermore, a second visualization has been developed to illustrate
the uncertainty in the classification of individual buildings. Fig. 12
presents the probabilities of belonging to each vulnerability class (A to
D). In these maps, the probability to belonging to each class increases
once the color is close to its characteristic color as defined in Table
2. The blue color quantifies the uncertainty regarding this classifica-
tion. Visually, the maps illustrate that high confidence classifications,
such as deep green for Class A or deep black for Class D, tend to
cluster in spatially coherent areas reflecting the underlying spatial
autocorrelation often present in a given geographic data. In contrast,
lighter shades indicate locations where the model is less certain about
class membership, effectively communicating the degree of uncertainty
through color intensity. The results of this approach allows stakeholders
to prioritize interventions not only based on predicted vulnerability but
also on the reliability of the classification, supporting more informed
and targeted decision-making.
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4. Conclusions and perspectives

This study introduced a FBBN approach to enhance the VIE Index
methodology for vulnerability assessment at the residential level. By
integrating fuzzy logic and Bayesian belief networks, we addressed
key limitations of the original deterministic framework, particularly its
inability to represent uncertainty and conditional dependencies. The
FBBN model preserves the core logic of the VIE formulation while
enabling probabilistic reasoning and soft evidence integration, thus
offering a more robust and transparent tool for risk evaluation. Through
the case study of Noirmoutier Island, which encompasses over 21,000
residential buildings, it was demonstrated the model’s ability to give
probabilistic outputs that not only aligned closely with the original
VIE classifications, but also revealed the uncertainty of each vulner-
ability class. The incorporation of multiple flood scenarios and fuzzy
membership functions allowed to consider the progressive nature of
vulnerability as flood intensity increases. Sensitivity analysis confirmed
the dominant influence of architectural typology and proximity to flood
defenses on the overall vulnerability outcome. Moreover, geospatial vi-
sualizations provided a powerful means to communicate uncertainty to
stakeholders, enabling a better understanding of localized risk patterns.
By identifying buildings with high probabilities of extreme vulnera-
bility, local authorities can better allocate resources to retrofitting,
emergency planning, or relocation. Its application can be extended to
other geographic regions with appropriate recalibration, making it a
transferable and scalable solution.

A major challenge in this study was the lack of detailed archi-
tectural data, which limits the precision of vulnerability assessments
at the micro-scale. However, the Fuzzy-Bayesian framework offers a
promising solution by allowing the integration of uncertainty. Fu-
ture work should leverage regional architectural statistics, such as
the high proportion of single-story buildings on Noirmoutier Island,
to inform prior probabilities, enabling more comprehensive and less
biased vulnerability estimates even when data are incomplete.



V. Velandia-Diaz et al.

Table A.7
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Values of the membership functions for the baseline (case study in Fig. 4) and alternative values for the sensitivity analysis (Fig. 9)

Criterion Category Baseline Alternative values
a b c a b c
CR1 No Flooded - 0.45 1.075 - 0.65 1.6
0to0,5m 0.45 1.075 1.7 0.65 1.6 2.2
0,5to 1 m 1.075 1.7 2.45 1.6 2.2 3.2
1to2m 1.7 2.45 3.2 2.2 3.2 4.2
2 m or more 2.45 3.2 - 3.2 4.2 -
CR2 Beyond 400 m - 0.5 1.2 - 0.5 1
Between h*100 and 400 mm 0.5 1.2 1.9 0.5 1 2
Between 100 m and h*100 m 1.2 1.9 2.6 1 2 3
Less than 100 m 1.9 2.6 - 2 3 -
CR3 Ground-floor unoccupied - 0.5 1.2 - 0.5 1.5
Two floors 0.5 1.2 1.9 0.5 1.5 2.2
Single storey with rescue level 1.2 1.9 2.6 1.5 2.2 3.2
Single storey with evacuation 1.9 2.6 3.3 2.2 3.2 4.2
Single storey without evacuation 2.6 3.3 - 3.2 4.2 -
CR4 On a natural rescue point (NRP) - 0.65 1.6 - 0.65 1.6
Less than 100 m of a NRP 0.65 1.6 2.55 0.65 1.6 2.2
Between 100 m and 200 m of a NRP 1.6 2.55 35 1.6 2.2 3.2
More than 200 m of a NRP 2.55 3.5 4.45 2.2 3.2 4.2
More than 200 m of a NRP and isolated 3.5 4.45 - 3.2 4.2 -
In future extensions, the framework is intended to be dynamic, with Acknowledgments

the ability to incorporate multiple databases and evolve into a dynamic
Bayesian network to account for time-varying parameters. This would
enable the CPTs to be updated with empirical outcomes as new data
becomes available, enhancing the model’s ability to infer and adapt to
changing conditions. Such advancements would allow the framework to
move beyond its current role as an uncertainty wrapper and serve as a
more flexible and data-driven tool for vulnerability and risk assessment.

Future research will focus on expanding the applications of our
framework to address broader challenges in vulnerability and risk man-
agement. The probabilistic nature of the framework offers significant
potential to support life-cycle cost analysis, enabling the evaluation of
the long-term costs and benefits of various risk mitigation strategies.
Additionally, incorporating social vulnerability indicators (such as age,
gender, season, and time of day) would allow for a more compre-
hensive assessment by capturing the diverse ways in which different
populations are affected by floods.

Expanding the framework to include adaptation strategies will also
enable the evaluation of not only vulnerability but the effectiveness
of mitigation measures, while accounting for uncertainty and eco-
nomic factors. These advancements would support the development of
targeted, house-specific mitigation strategies, ensuring more effective
and equitable protection of human life during coastal flood events.
Furthermore, exploring adaptive planning under uncertainty will en-
hance decision-making in contexts with ambiguous future scenarios,
such as those driven by climate change impacts. Ultimately, these
improvements aim to increase the robustness and applicability of the
methodology, providing a more holistic approach to comprehensive
risk management in flood-prone areas.
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