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ARTICLE INFO ABSTRACT

Keywords: This paper proposes a Bayesian network (BN) framework for the probabilistic assessment of regional building
Bayesian network losses induced by hurricanes. To explicitly capture the spatial heterogeneity of damage, the study area is parti-
Probabilistic risk assessment tioned into geographic subdivisions, with the model formulated as a BN-based multi-output regression framework.
Hurricanes

This framework utilises key hurricane parameters, including translation speed, heading angle, location, and
central pressure, as inputs to generate probabilistic loss statistics for each subdivision as outputs. This study
introduces new schemes for the discretisation of the input and output variables of the BN. For hurricane vari-
ables, a supervised discretisation method is developed that integrates weighted principal component analysis
with decision tree algorithms, while also considering the relative importance of each subdivision (e.g., building
density) to improve accuracy in high-priority areas. For loss variables, a clustering-based discretisation method
is applied to capture the characteristics of regional building losses. The proposed framework enables efficient
assessment of the spatial distribution of hurricane-induced building losses in a community, accounting for un-
certainties and spatial correlation in hurricane hazard predictions and structural performance. Its effectiveness
is demonstrated through a numerical example.

Community resilience

1. Introduction updates during an event. This repeated analysis is computationally de-
manding, underscoring the need for more efficient methods of regional
hurricane damage assessment.

Bayesian networks (BNs) provide a promising alternative, as they can
explicitly account for uncertainties and correlations while reducing com-
putational demands. A BN is a directed acyclic graphical model in which
nodes represent random variables and arcs denote causal dependen-
cies. A key advantage of BNs is their ability to infer unknown variables
from partial information, making them well-suited for modelling com-
plex input-output relationships. BNs can also integrate data from diverse
sources, including quantitative measurements, semi-quantitative data,
and expert judgment, while accommodating a wide range of variables
such as hazards, climate conditions, losses, and decisions. This flexibility
allows BNs to support both deterministic and probabilistic predictions
[6,7]. As a result, they have been applied across various engineering do-
mains such as engineering fault detection [8,9] and disaster-related risk
assessment [10,11].

In hurricane risk assessment, BNs have been applied in several
contexts. Wang [12] developed a BN model to investigate the factors
influencing evacuation decisions during hurricanes, considering factors

Hurricanes, also referred to as tropical cyclones or typhoons, are
among the most destructive natural hazards, often causing widespread
devastation with severe economic and social consequences. Recent
events such as Hurricane Helene (2024) and Hurricane Milton (2024)
resulted in economic losses amounting to billions of dollars [1]. Post-
disaster emergency responses, including resource allocation, infrastruc-
ture restoration, and rescue prioritisation, rely on timely and compre-
hensive damage assessments [2]. Developing an efficient and reliable
loss assessment framework is therefore essential to support emergency
management and mitigate hurricane impacts.

Scenario-based probabilistic risk analysis is a widely used approach
for assessing hurricane-induced damage and losses. It involves mod-
elling wind speed fields, assessing structural damages, and estimating
community losses. This framework explicitly incorporates uncertainties
and correlations in wind field modelling and structural response, provid-
ing a more realistic estimation of potential impacts than deterministic
methods [3-5]. However, hurricanes evolve dynamically across time
and space, requiring repeated probabilistic analyses to deliver timely
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\begin {align}\label {eq:community_resilience} P(Z \leq z \mid S)=\int _{\mathbf {v}} \int _{\mathbf {y}} F_{Z \mid \mathbf {DS}}(z \mid \mathbf {v}) f_{\mathbf {DS} \mid \mathbf {W}}(\mathbf {v} \mid \mathbf {y}) f_{\mathbf {W} \mid S}(\mathbf {y} \mid S) d \mathbf {v} d \mathbf {y},\end {align}
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\begin {align}\label {ieq2} P(X_1, X_2, \ldots , X_n) = \prod _{i=1}^{n} P(X_i \mid {\textrm {Pa}}(X_i)),\end {align}
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\begin {align}\label {eq:forward} P(X_i \mid \mathbf {E}) = \frac {P(X_i, \mathbf {E})}{P(\mathbf {E})} = \frac {P(X_i, \mathbf {E})}{\sum _{X_i}P(X_i, \mathbf {E})},\end {align}
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\begin {align}\label {eq:backward} P(X_j \mid \mathbf {E}) = \frac {P(\mathbf {E} \mid X_j) \cdot P(X_j)}{P(\mathbf {E})} = \frac {P(\mathbf {E} \mid X_j) \cdot P(X_j)}{\sum _{X_j}P(\mathbf {E} \mid X_j) \cdot P(X_j)}.\end {align}
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\begin {align}\label {eq:loss_ratio_eq} L = \frac {\sum _{i} L_i \cdot R_i}{\sum _{i} R_i},\end {align}
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\begin {align}\label {eq:mle_eq} \hat {P}(X = x \mid {\textrm {Pa}}(X) = \mathbf {p}) = \frac {\sum _{i} \mathbb {I}\!\left (X^{(i)} = x \ \land \ {\textrm {Pa}}{(X)}^{(i)} = \mathbf {p}\right )} {\sum _{i} \mathbb {I}\!\left ({\textrm {Pa}}{(X)}^{(i)} = \mathbf {p}\right )},\end {align}
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\begin {align}\label {eq:weighted_data} L' = \sqrt {\omega } \cdot \frac {L - \mu }{\sigma },\end {align}
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\begin {align}\label {eq:PCA_eq} \mathbf {Y} = \mathbf {L'} \mathbf {Q},\end {align}
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\begin {align}\label {eq:inverse_transform} \mathbf {C}' = (\mathbf {C} \mathbf {Q}^{{\textrm {T}}}) \mathbf {\Omega }^{-\frac {1}{2}} \mathbf {D} + \boldsymbol {\upmu },\end {align}
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\begin {align}\label {ieq3} P(DS = v \mid U = u) = \Phi \left ( \frac {\ln (u) - \lambda _v}{\xi _v} \right ) - \Phi \left ( \frac {\ln (u) - \lambda _{v+1}}{\xi _{v+1}} \right ),\end {align}
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\begin {align}\label {eq:predict_rmw} R_\text {max} =\exp (2.377-4.825 \times 10^{-5} \Delta P^2+0.0483 \psi ),\end {align}
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such as risk perception, media information, and social influence. Van
Verseveld et al. [13] integrated hurricane-induced multi-hazard indica-
tors (e.g., inundation depth, flow velocity, wave attack, scour depth)
with building characteristics (e.g., type and property value) to estimate
the probability of structural damage. However, this approach relies on
post-hurricane observation data, which limits applicability in regions
lacking reliable hurricane loss records. Furthermore, the model was de-
veloped at the building scale for relatively small study areas; hence,
broader-scale applications may require alternative modelling strategies.
Li et al. [14] proposed a BN for predicting power distribution system
outages caused by hurricanes, incorporating variables related to hur-
ricane dynamics and power grid topology. The assessment of power
outages in this study was based on network connectivity, whereas actual
power systems are more complex and may also depend on power flow
conditions. Similar research efforts are reported in [15-17]. Overall,
existing applications of BNs in hurricane risk assessment have focused
mainly on post-disaster decision-making and building-level damage as-
sessment. While these models are effective for localised or single-entity
predictions, they often struggle with regional-scale assessments that
necessitate high-dimensional, multi-output spatial evaluations. This lim-
itation becomes particularly pronounced in large-scale regions where
socio-economic significance is heterogeneously distributed, requiring
prioritised consideration for specific regions.

A key challenge in BN modelling is the discretisation of continu-
ous variables, which must balance model complexity against predictive
accuracy. Three discretisation schemes are commonly used in BNs: man-
ual, unsupervised, and supervised approaches. Manual discretisation
relies on domain expertise and prior knowledge. This approach en-
hances interpretability and allows the integration of expert insights,
but it introduces subjectivity and often lacks applicability across dif-
ferent contexts [6]. Unsupervised methods, such as equal-width and
equal-frequency discretisation, are computationally efficient but often
overlook important data patterns, reducing their predictive performance
[6,18]. Supervised discretisation considers the relationship between in-
puts and outputs, retaining the information most relevant for prediction.
Common supervised methods include minimum description length [19],
decision trees [20], and Chi-squared-based methods [21]. A systematic
review by Kaikkonen et al. [7], which analysed 72 studies using BNs
in environmental and engineering risk assessments, found that manual
and unsupervised discretisation methods remain dominant due to sim-
plicity, interpretability, and low computational cost, while supervised
discretisation methods were applied in fewer than 10% of the cases.
Nevertheless, supervised discretisation has consistently shown superior
performance. For example, Beuzen et al. [18] demonstrated that super-
vised discretisation methods achieved 5%-10% higher accuracy than
manual and unsupervised methods.

This study proposes a BN-based multi-output spatial regression
framework to evaluate regional hurricane-induced building losses.
Unlike conventional BN models that typically predict an aggregated loss
value, the proposed framework establishes conditional dependencies be-
tween hurricane parameters and the spatial distribution of losses across
entire study regions. The methodological novelty lies in the introduction
of a priority-area weighted learning scheme within a supervised dis-
cretisation process for input variables, alongside a clustering-based dis-
cretisation method for high-dimensional output variables. The effective-
ness of this multi-output, priority-weighted framework is demonstrated
through a numerical example.

2. Scenario-based hurricane risk assessment for regional buildings

Scenario-based hurricane risk assessment estimates the performance
of civil infrastructures under a prescribed hurricane scenario charac-
terised by parameters such as hurricane locations, central pressure, and
translational speed. The probabilistic performance evaluation can be
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expressed as:
P(Z<z|S)= //FZ\DS(Z | V) Sosiw (¥ | Y)fwis(y | S)dvdy, 1)
vy

where fy,s(y|.S) is the probability density function (PDF) of wind speeds
W at building locations given the hurricane scenario S. fpgw(vly) is
the PDF of physical damage states DS conditioned on W. Fpg(z|v) is
the cumulative distribution function (CDF) of the performance metric Z
for building portfolios, conditioned on DS. The probability P(Z < z|S)
represents the convolution of these three conditional distributions.

The wind speed distribution, fys(y|S), is typically derived from
a hurricane wind field model that produces gradient wind speeds.
The gradient wind speeds are subsequently converted to surface wind
speeds over a specified averaging duration using appropriate conversion
factors. The conditional damage distribution fygw(vly) is commonly
estimated using structural fragility functions, which describe the prob-
ability of exceeding a damage threshold for a given wind speed. These
fragility functions are often modelled as lognormal CDFs, with inputs
expressed in terms of 3-second gust wind speeds at 10 m elevation
in open terrain [22,23]. Finally, F,pg(z|v) translates structural dam-
age into regional performance indicators, such as economic losses or
recovery time.

In practice, Eq. (1) cannot be solved in closed form due to the large
number of buildings in a community, multiple sources of uncertainty,
and the presence of spatial correlations. Spatial correlations arise both
across sites, owing to similarities in wind speeds at nearby locations, and
across structures, due to similarities in building performance resulting
from common construction materials, structural types, and design codes
[3]. Consequently, Monte Carlo simulation (MCS) is typically employed
to approximate Eq. (1) [24]. In each simulation, a sample wind field is
generated using a hurricane wind field model. A random field model is
then applied to the hurricane wind field to account for the modelling
uncertainties of the wind field model, which is a major contributor to
hurricane risk assessment [23]. The post-hazard damage states of build-
ings are then evaluated using structural fragility functions, such as those
provided in HAZUS [25] or other empirical/analytical studies [22,23].
In the structural damage assessment, spatial correlations, including both
site-to-site and structure-to-structure correlations, should be incorpo-
rated. The system performance indicator Z is computed based on the
relationship between the individual structure’s damage and overall sys-
tem performance. Repeating this procedure over a sufficiently large
number of simulations yields the probability distribution and statistics
of the system-level performance metric Z.

3. BN-based hurricane loss model for regional buildings
3.1. Fundamentals of Bayesian networks

A BN represents probabilistic dependencies among variables using
a directed graphical structure. It consists of a set of nodes (random
variables) and directed arcs (dependencies). The direct predecessors or
successors of a node are referred to as parents and children, respectively.
Nodes without parents are called root nodes and represent input vari-
ables, while nodes without children are called leaf nodes and represent
output variables.

Each node is associated with a conditional probability table (CPT),
which specifies the probability distribution of the node given the
states of its parents. For root nodes, the CPT is defined by a marginal
distribution, which may be obtained from statistical data or expert
judgment [26].

A key property of BNs is conditional independence: a node is con-
ditionally independent of its non-descendants given its parents. This
property allows a complex joint probability distribution to be decom-
posed into local conditional probabilities, significantly simplifying the
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computation of the joint probability. According to the chain rule, the
joint probability of variables X, to X, can be expressed as:

P(X{,X5,....X,)=P(X)P(Xy | X)) ... P(X,, | X1, X5, ..., X,_1)- 2)

Based on the property of conditional independence, the joint proba-
bility can be simplified to:

P(X1, Xy, ..., X,) = [ [ PCX, | Pacx))), 3)

i=1

where Pa(X;) denotes the set of parent nodes of X;, and P(X; | Pa(X)))
is the corresponding CPT of X;.

Inference in BNs can be classified into two types depending on the
position of evidence variables: predictive inference and diagnostic in-
ference. Predictive inference involves reasoning forward from cause to
effect, estimating the probability distribution of an outcome variable
based on a known cause. In contrast, diagnostic inference reasons back-
ward from observed effects to potential causes. For predictive inference,
the distribution of a target variable X; can be updated given evidence
E, using the following expression:

P(X;,E)  PX.E)

= , 4
P(E) Ty, P(X,E) “)

P(X; |E)=

where ), denotes the summation over all possible states of the
variable X ;.

For diagnostic inference, the posterior distribution of a potential
cause variable X; can be updated based on observed evidence E, using
Bayes’ Theorem:

P(ElXj)~P(Xj)_ PE| X)) P(X))

= . 5
P(E) ij PE| X)) P(X;) ®

P(X; |E)=

3.2. Construction of a BN-based hurricane loss model

The primary purpose of a BN-based hurricane loss model is to esti-
mate the spatial distribution of loss based on fundamental hurricane
parameters, without performing the scenario-based probabilistic risk
assessment described in Section 2. The model consists of two main com-
ponents: hurricane-related input data and damage-related output data.
To capture the spatial distribution of damage, the study area is divided
into multiple geographic subdivisions. Common subdivision units in-
clude ZIP codes, census tracts, and block groups [25], which generally
decrease in size in that order. Alternatively, subdivisions may be custom-
defined using algorithms that consider regional characteristics, such as
SKATER [27].

Hurricane parameters include longitude, latitude, translation speed,
heading angle, central pressure (P,), maximum wind speed (V,,,,), radius
to maximum winds (R,,,), and the Holland parameter (B), among oth-
ers. These variables can be grouped into three categories: geographical
location, motion vector, and intensity. Selecting appropriate hurricane
variables is essential to capture key characteristics while avoiding redun-
dancy and controlling model complexity. In this study, five parameters
are selected: the distance and azimuth of the hurricane relative to the
study area, translation speed, heading angle, and central pressure. The
first two describe the hurricane’s geographical location. Polar coordi-
nates are used instead of longitude and latitude because they more
effectively represent the hurricane’s position relative to the study area.
Translation speed and heading angle together define the hurricane’s mo-
tion vector. The final parameter, P., represents hurricane intensity and
the potential extent of its impact. P, is selected because it can be used to
estimate other intensity-related parameters. For instance, the relation-
ship between V,, and P, is commonly expressed as V., = m( Py — P, )"
[28], where m and n are regression coefficients and P,; denotes ambient
atmospheric pressure. Previous studies have also established relation-
ships between P, and R, as well as between P, and B [25,29].
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Thus, including P, in the loss model effectively reflects the intensity
characteristics of hurricanes.

Common performance metrics for regional buildings include the
structural damage ratio, direct economic loss, economic loss ratio,
and household displacement [24,30]. Among these, the loss ratio is
frequently used to evaluate regional building performance because it
provides a standardised measure that enables consistent comparisons
across different regions and building types. The overall regional loss
ratio, denoted as L, is defined as the ratio of total loss to the total
replacement cost of all buildings and is given by Vitoontus [3]:

.L.-R.
—_— 1
L—Z i i

ZiRi

where L; is the structural loss ratio of building i, and R; is the full
structural replacement cost of building i.

CPTs in BNs are typically constructed using two main approaches:
knowledge-based expert assessment and data-driven statistical estima-
tion. When sufficient data are available, conditional probabilities are
estimated using methods such as maximum likelihood estimation (MLE)
or Bayesian estimation with prior distributions. Conversely, when data
are limited or incomplete, domain experts provide initial probability val-
ues based on their knowledge and experience. These expert-defined CPTs
can then be refined using limited observational data through methods
such as the Expectation-Maximisation (EM) algorithm or other proba-
bilistic inference approaches [26]. In this study, the CPT of the hurricane
loss model represents the probabilistic relationship between hurricane
characteristics and building losses. It is constructed through three steps:
(1) generating a set of hurricane scenarios defined by combinations of
the five hurricane parameters introduced earlier; (2) calculating the re-
gional loss ratio for each scenario using the probabilistic risk assessment
framework described in Section 2; and (3) employing these hurricane
scenarios and corresponding regional losses as training data for param-
eter learning via MLE, thereby constructing the CPT. For a variable X,
the conditional probability P(X | Pa(X)) estimated using MLE is given
by:

(6)

T I(X® =x A PaxX)? =p)
%, 1(Pac)® = p)

where p is specific states or values of Pa(X), x is a specific state or value
of X, i denotes the i-th sample in the dataset, I(-) is the indicator function
that equals one if the condition is satisfied and zero otherwise, and A
represents the logical AND operation.

This training procedure allows the BN to directly learn the statisti-
cal dependence between hurricane characteristics and regional losses,
effectively transferring the accuracy of the probabilistic risk assess-
ment framework into a computationally efficient surrogate model. Once
trained, the BN can rapidly update loss predictions under new hurri-
cane conditions while retaining the uncertainty and correlation structure
captured in the training data.

P(X =x|Pa(X)=p) = , @)

4. Discretisation of continuous variables in hurricane loss models
4.1. Supervised discretisation for hurricane variables

The discretisation of hurricane variables directly affects the pre-
dictive accuracy of regional losses. Supervised discretisation methods
are generally more effective than manual or unsupervised approaches
because they preserve the predictive relationship between inputs and
outputs [26,31]. Standard supervised discretisation is typically guided
by a single output variable. In this study, multiple output variables are
considered, specifically the losses associated with individual subdivi-
sions. Discretising input variables separately for each output can result
in inconsistent schemes across outputs. Conversely, combining all out-
puts into a single aggregated output during discretisation treats each
subdivision equally, without considering differences in their relative im-
portance, which may not reflect actual priorities. Some subdivisions,
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Table 1
Types and quantities of single-family residential buildings [25].
Building type Component type and proportion Number
Roof shape: Gable = 62%, Hip = 38%;
WSF1 Sheathing: 8d@6*/6” = 43%, 6d@6°/12” = 57%; 72,379
Shutters: Yes = 30%, No = 70%.
WSF2 Same as WSF1 31,022
Roof shape: Gable = 62%, Hip = 38%;
MSF1 Sheathing: 8d@6/6” = 43%, 6d@6°/12” = 25%, 240,325
8d@6/12” = 32%;
Shutters: Yes = 30%, No = 70%.
MSF2 Same as MSF1 49,219

such as those with higher building density or greater economic value,
should be given greater weight in the discretisation process.

PCA is a dimensionality reduction technique that transforms high-
dimensional data into a lower-dimensional representation while retain-
ing as much of the original variance (i.e., information) as possible. The
standard procedure involves three steps. First, the original variables are
standardised to have a zero mean and a variance of one to ensure com-
parability across different scales. Second, the loadings of the original
variables are calculated, representing the contribution of each variable
to the principal components. Finally, the number of principal compo-
nents is determined using criteria such as the cumulative explained
variance [32]. In this study, PCA is used not only for dimensionality
reduction but also to incorporate the relative importance of the orig-
inal variables. To achieve this, a weighting factor, \/5, is applied to
the standardised loss ratio. This adjustment scales the variance of each
loss variable so that subdivisions with higher importance exhibit greater
variance. More information from these variables is therefore retained
during the PCA process. This procedure is expressed as:

L’:ﬁ-L_”, 8)

[

where L' is the weighted and standardised loss variable for a subdi-
vision, and ¢ and ¢ denote the mean and standard deviation of L,
respectively.

Building density
532/km?

I G e i

0/km?
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Fig. 2. Structure of the hurricane loss model for Miami-Dade County.

The principal components, denoted by Y, are then computed from
the adjusted loss ratios of all subdivisions, L/, using PCA:

Y=LQ, 9

where Q is the loading matrix, which serves as a projection matrix that
maps the original data into the PCA space. The number of principal com-
ponents is selected based on a cumulative explained variance threshold,
such as 95%.

Next, these principal components are used to guide the discretisa-
tion of hurricane variables using a decision tree algorithm. Decision
trees are non-parametric supervised methods that identify optimal splits
by maximising information gain, or equivalently, by minimising impu-
rity [33]. During discretisation, the algorithm recursively partitions the
hurricane variables to minimise the weighted variance of the resulting

Fig. 1. Residential building distribution in Miami-Dade County with census tract boundaries (white lines). (For interpretation of the references to colour in this figure

legend, the reader is referred to the web version of this article.)
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output subsets. The objective function is defined as:

M
Minimise 1 Z 2 v-» (10)

m=1 yeS,,

where S, is the m-th subset, M is the total number of subsets, y is a
sample of the principal components in S,,, y is the mean of the prin-
cipal components in S,,, and n is the total number of samples. The
number of discretisation intervals for each hurricane variable depends
on both the depth of the decision tree and the variable’s importance.
Deeper trees generate more intervals, while variables with greater
influence on the output variables are allocated more intervals. To de-
termine the appropriate number of intervals, the elbow method can
be applied. This graphical approach plots the relationship between the
number of intervals and the weighted variance, identifying the point
at which additional intervals result in only marginal reductions in
variance.

4.2. Clustering-based discretisation for loss variables

Regional losses are influenced by factors such as structural types,
terrain, and hurricane characteristics. Losses across different regions
may be correlated, with adjacent areas typically exhibiting stronger
spatial correlations [34]. Therefore, the discretisation of loss variables
should capture these regional loss characteristics. Traditional meth-
ods, such as expert judgment or simple schemes like equal-width and
equal-frequency discretisation, are inadequate due to the wide range of
influencing factors and may lead to suboptimal outcomes.

To address these challenges, this study adopts a more flexible ap-
proach: K-means clustering. This method partitions the principal com-
ponents into K clusters by iteratively updating cluster centroids to
minimise the within-cluster variance, thereby capturing the underlying
data structure. Conducting K-means clustering in the PCA space, rather
than on individual loss variables, eliminates the need to cluster each
variable separately, which reduces computational complexity and en-
ables the global loss patterns represented by the principal components
to be used to capture the overall characteristics of community damage.

The optimal number of clusters, K, is determined using the elbow
method, as introduced in Section 4.1. The resulting cluster centroids, C,
are then mapped back to the original loss variable space, denoted as C’,
using the inverse PCA transformation:

C' = (CQNHQ D+ p, an

where Q, D, and p represent the weight, standard deviation, and mean
of the original loss variables, respectively. Discretisation thresholds are
then determined as the midpoints between the centroids of adjacent
clusters in C'.

5. An illustrative example
5.1. Introduction to the study area

This section uses Miami-Dade County, Florida, as an example to
illustrate the development of a BN-based hurricane loss model and
evaluate its effectiveness. Post-disaster assessments show that residen-
tial buildings are among the most frequently damaged structures [24].
Accordingly, this example focuses on single-family residential build-
ings in Miami-Dade County. Based on building statistics from the Hazus
Inventory Technical Manual [25], single-family residential buildings are
classified into four structural types: WSF1 (wood-framed, single-story),
WSF2 (wood-framed, multi-story), MSF1 (masonry, single-story), and
MSF2 (masonry, multi-story). Each type is further divided into subcat-
egories according to variations in structural components such as roof
shape, sheathing, and shutters. Specifically, WSF1 and WSF2 each have
eight subcategories, while MSF1 and MSF2 each have twelve. The num-
ber of buildings in each subcategory is determined from the proportional
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Fig. 5. Discretisation results of the five hurricane variables.
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combinations of these component types relative to the total number of
buildings in the category, as summarised in Table 1. The spatial distribu-
tion of residential buildings, represented by building density, is shown in
Fig. 1, where building density is calculated using the number of buildings
within each census tract and the corresponding tract area [25].

Fragility functions for each building type are obtained from HAZUS-
MH [25]. In this framework, damage states (DSs) are classified into five
categories: no damage, minor damage, moderate damage, severe dam-
age, and destruction. Fragility functions are typically modelled using the
CDF of a lognormal distribution. The probability of a specific damage
state is given by:

P(Ds=u|U=u)=<p<l“(")_'1“>—cp(ln(")_'l“’“l), (12)
éu §u+1

where ®() is the standard normal CDF; 4, and &, are the logarithmic
mean and standard deviation of the fragility function for DS = v; and
Ay and &, are the corresponding parameters for DS = v + 1. Loss

ratios are calculated using the empirical relationship between damage
state and loss ratio [35]: no damage = 0%, minor damage = 20%, mod-
erate damage = 40%, severe damage = 80%, and destruction = 100%.
Because absolute structural replacement costs can vary over time, while
the relative cost ratios among building types tend to remain stable [25],
this study uses replacement cost ratios and assumes they remain constant
across time and census tracts. According to construction cost estimates
from [36], the average cost is approximately $30 per square foot for
wood-framed structures and $47 per square foot for masonry structures.
Based on these values, the structural replacement cost ratio of MSF1 to
WSF1 is set to 1.56. In addition, the average height of one-story buildings
is about 9 feet, while two-story buildings average about 17 feet [25].
Accordingly, the structural replacement cost ratios for WSF2/WSF1 and
MSF2/MSF1 are both set to 1.88.

Miami-Dade County contains 706 census tracts, which are used as
the spatial units for loss estimation in this study. Census tracts are se-
lected because they generally have relatively uniform population sizes
and building counts, represent an intermediate spatial scale (larger than
block groups but smaller than ZIP code areas) and have clearly de-
fined boundaries. These characteristics make census tracts widely used
in regional risk assessments [37,38].

5.2. Configuration for scenario-based hurricane loss assessment
The gradient wind field, V,, for a given hurricane scenario is esti-
mated using the model proposed by Georgiou [39]:

V, =

f (V,sina—fr)+

B B 13)
s+ 2 (ool (52)')

where V, = the translation speed of the cyclone; r = the radial distance
from the cyclone centre; a = the clockwise angle between the cyclone’s
translation direction and the radial position of the sites; / = the Coriolis
parameter; p = the air density, which is equal to 1.15 kg/m’. The ra-
dius of maximum wind speed, R,,,,, is estimated following Vickery and
Wadhera [29]:

S

Riax = €xp(2.377 — 4.825 x 1075AP? +0.0483y), a4

where y is the latitude of the hurricane centre. The Holland pressure
profile exponent parameter, B, is calculated by Vickery and Wadhera
[29]:

B = 1.38 + 0.00184A P — 0.00309R . (15)
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Fig. 7. Discretisation of loss ratios for census tracts 1-5.
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It should be noted that the statistical relationships proposed by
Vickery and Wadhera [29] incorporate random residual terms, which
represent additional modelling uncertainty. In principle, including these
residuals would yield a more comprehensive characterisation of the total
uncertainty. However, previous studies have demonstrated that the un-
certainty associated with these residuals is relatively marginal compared

to that arising from hurricane wind field modelling, which is widely
recognised as the dominant source of uncertainty in hurricane risk as-
sessment [23,40]. Consequently, these residual terms are not explicitly
considered in the present study to simplify the computational process.
Converting V, to the 3-second gust wind speed at 10 m elevation in
open terrain, which serves as the input for fragility functions, involves
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three steps: gradient-to-surface conversion, water-to-open-terrain con-
version, and sustained-to-gust conversion. These conversions follow the
procedures outlined by Georgiou [39] and Vickery and Skerlj [41].

The uncertainty of the wind field is estimated using the method
proposed in Zeng et al. [42], which evaluates the uncertainty of the
Georgiou model based on data from 34 recorded hurricane wind fields
across six historical North Atlantic hurricanes. Their analysis indicated
that the uncertainty follows a lognormal distribution, with the mean of
the logarithmic error given by —0.0515(r/R,,,,) —0.08321 and a constant
standard deviation of 0.12. Zeng et al. [42] also calculated that the spa-
tial correlation of wind speeds between locations i and j in the North
Atlantic, denoted as p; j» can be estimated as:

2

ij
= -— Y ), 16
Pij exP( 1.322R2 > (16

max

200 400
—

600 km
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where h;; represents the distance between locations i and .

Adjacent buildings often exhibit correlated structural resistance due
to similarities in construction materials, design practices, and building
codes. Because census tracts are defined with consideration of ho-
mogeneity in living conditions [43], structural capacity correlation is
assumed to exist among buildings within the same census tract. The cor-
relation coefficient is set to 0.7 for buildings of the same type and 0.4
for buildings of different types [44].

Using the parameters defined in Eq. (13) through Eq. (16) and
the procedure described in Section 2, the mean, standard deviation,
and probability distribution of the loss ratio for each census tract are
estimated. Given the large number of buildings, random sampling is
employed to improve computational efficiency. Lin and Wang [30] eval-
uated different sample sizes for a 6 km? study area containing 4246
buildings and found that the sampling estimates converged to the ex-
act solution when the sample size reached 100. In the present study, the
average census tract area is 7.3 km?, with an average of 557 buildings.
Although the average area is slightly larger than that considered by Lin
and Wang [30], the average number of buildings is substantially lower.
Accordingly, a sample size of 100 is used for tracts with more than 100
buildings, while all buildings are included when the total count is below
100.

5.3. BN-based hurricane loss model for Miami-dade county

The BN-based hurricane loss model incorporates five key hazard
variables that are both readily available in databases and effective in
characterising hurricane location, movement and intensity. These vari-
ables include the distance (D,,) and azimuth (A,) relative to the study
area’s centroid, translation speed (V;), heading angle (), and central
pressure (P,). Regarding the damage variables, the model defines loss
ratios at the census-tract level for Miami-Dade County. To balance spa-
tial resolution with computational efficiency, this study focuses on 608
census tracts (represented by variables L; to L)) that contain more
than 10 residential buildings.

The topology of the BN is established based on physical interpretabil-
ity. Specifically, the five hurricane variables serve as root nodes, each
directed toward the census tract loss nodes, representing the collective
impact of hurricane characteristics on regional vulnerability. The result-
ing BN structure is illustrated in Fig. 2. A primary assumption in this
structure is the mutual independence of the five hurricane variables.

Fig. 10. Spatial distribution of 100 test hurricanes used for model validation.
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To justify this, historical hurricane data within a 100 km radius of the
study area are extracted from the HURDAT2 database for events occur-
ring after 1900 [45]. The independence is validated by calculating the
correlation matrix and the normalised mutual information (NMI), the
latter of which is computed using arithmetic-mean normalisation [46].
As shown in Fig. 3, the weak coupling between these variables confirms
that the independence assumption is statistically sound.

A training dataset is constructed to support the data-driven discreti-
sation of both hurricane and loss variables. The generation of this dataset
follows the scenario-based probabilistic loss assessment framework de-
tailed in Section 2. Initially, hurricane scenarios are randomly sampled
from the parameter space of the five hazard variables, defined based
on historical hurricane records near Miami-Dade: V; € [0,15] m/s, 6 €
[0,360°], D, € [0,120] km, A, € [0,360°], and P, € [900,1010] hPa.
To determine an optimal dataset size, the relationship between sample

size and the stability of the discretisation results is evaluated. We tested
sample sizes ranging from 1000 to 12,000, with an increment of 1000.
For this sensitivity analysis, the decision tree depth is fixed at 4, and
P, is selected as the representative variable to examine the discretisa-
tion stability. This configuration provides a moderate discretisation level
with five intervals in this case, ensuring a consistent comparison across
different sample sizes. For each size, 10 independent experiments are
conducted to calculate the normalised root mean square error (RMSE)
of the resulting split points. While previous literature suggests that a nor-
malised RMSE of 5-10% indicates acceptable variation [47], a stricter
threshold of 3% is adopted here, given the significant impact of dis-
cretisation on BN performance. The results indicate that the stability
threshold is satisfied at a sample size of 10,000, which is subsequently
adopted for the training set. For each sampled scenario, 1000 MCS are
performed to derive the probability distribution of the loss ratio for each
census tract.

The first step in discretising hurricane variables is to perform a
weighted PCA on the loss variables to reduce dimensionality while
preserving the relative importance of each tract in the principal compo-
nents. In this study, building density is adopted as the importance factor
(see Fig. 1). The rationale for selecting building density is that it directly
reflects the spatial concentration of exposed assets; higher-density ar-
eas typically correlate with greater potential losses and, consequently,
demand higher priority in risk assessment and emergency response plan-
ning. It should be noted that, depending on the specific application
context and data availability, alternative indicators, such as economic
valuation, population density, or composite indices, could also be em-
ployed to represent regional priorities. The threshold for the cumulative
explained variance ratio is set to 95%. The first five principal compo-
nents, which collectively explain 96.8% of the variance, are selected for
subsequent analysis. In the second step, these five principal components
are used to guide the discretisation of the hurricane variables through a
decision tree, implemented using the DecisionTreeRegressor class in the
scikit-learn library. By specifying the tree depth, the algorithm identifies
optimal split points for each hurricane variable, generates the corre-
sponding discretisation thresholds, and determines the total number of
bins. Because the decision tree uses binary splitting, the total number of
bins approximately follows a 2" relationship, where n is the tree depth.
To select an appropriate discretisation level, Fig. 4 plots the weighted
variance, defined in Eq. (10), against the number of bins, with each point
corresponding to a specific tree depth. Both the weighted variance and
the number of bins are normalised to the range [0,1] to facilitate identi-
fication of the elbow point. Following the method proposed by Satopaa
et al. [48], a straight line is drawn between the first and last points, and
the perpendicular distance from each point on the curve to this line is
computed. The maximum distance is taken as the optimal discretisation
level. At this level, the discretisation numbers and thresholds for each
hurricane variable are shown in Fig. 5. The number of bins for A,, D,
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Fig. 13. Comparison of reference and BN-based model estimated loss ratios for Hurricane Andrew (1992): (a) mean (reference), (b) mean (BN-based), (c) standard

deviation (reference), and (d) standard deviation (BN-based).

and P, is substantially higher than for ¥, and 6, suggesting that the
former three variables have a greater influence on losses.

The discretisation of loss variables is performed by applying K-means
clustering to the five principal components, implemented using the
KMeans class in the scikit-learn library. Fig. 6 shows the number of
clusters ranging from 5 to 30 and the corresponding reduction in in-
ertia, defined as the sum of squared distances to the cluster centres.
Following the same procedure used to determine the optimal discreti-
sation level for hurricane variables, the optimal number of clusters for
loss variables in this example is 15. The cluster centroids in the PCA
space are then mapped back to the original variable space using Eq. (11).
Discretisation points are determined as the midpoints between adjacent
cluster centroids, with 0 and 1 added as the lower and upper bounds
of the discretisation intervals, respectively. The discretisation results

10

vary across tracts, and Fig. 7 presents the outcomes for L, to L5 as an
illustration.

The construction of CPTs requires defining the marginal distributions
of the five hurricane variables (A,, D, V,, 6, and P,) and the condi-
tional distributions linking these hazard variables to the census tract loss
nodes. The marginal distributions are derived from historical hurricane
records in the vicinity of the study area, as illustrated in Fig. 8. In this
figure, the area of each bin corresponds to the marginal probability of
the respective discretisation interval. The conditional distributions are
established using the scenario-based probabilistic loss assessment frame-
work. While the initial training set contains 10,000 scenarios, parameter
learning for CPTs requires comprehensive coverage of the state space
(i.e., all possible combinations of the discretised hurricane variables).
To ensure that each potential scenario combination is represented at
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least once, an additional 5000 targeted samples were generated and in-
tegrated with the initial set, resulting in a total of 15,000 training cases
for CPT estimation. Each case provides a 608 x 1000 matrix, representing
the probability distribution of loss ratios across all 608 census tracts for
a specific scenario. Notably, this dataset inherently captures the spatial
correlations in regional damage arising from geographical proximity.
Fig. 9 displays a heatmap of the correlation coefficients among the 608
loss variables, where darker colours indicate stronger positive corre-
lations. The results confirm that correlations are significantly higher
between geographically adjacent census tracts. By performing param-
eter learning on this comprehensive dataset, these spatial dependencies
are naturally preserved within the CPTs of the BN model.

The computational efficiency of the proposed BN framework is sig-
nificantly higher than that of conventional MCS. For a given hurricane
scenario in the study area, scenario-based hurricane risk assessment us-
ing MCS typically requires computation times on the order of minutes
(approximately 2-3 min on a standard desktop computer with an Intel
i7 processor and 32 GB RAM). In contrast, once trained, the BN model
performs inference through probabilistic propagation and can provide
predictions almost instantaneously. This advantage is particularly im-
portant in hurricane risk assessment, where events may last for several
days or even weeks and require frequent updates (e.g., every 15 min)
[29]. Under such conditions, the proposed BN framework can substan-
tially reduce computational demand and significantly improve efficiency
for decision-making. Furthermore, the computational cost of MCS in-
creases significantly with the size and complexity of the study area,
whereas the inference time of the BN model remains relatively stable
after training. This makes the proposed approach especially suitable for
large-scale regional applications.

5.4. Model validation

To evaluate the effectiveness of the proposed hurricane loss model,
this section validates its predictive performance using the landfall
moments of 100 hurricane events. The selection criteria require hur-
ricanes to reach at least Category 2 intensity on the Saffir-Simpson
Hurricane Wind Scale and to pass within 100 km of Miami-Dade County.
These thresholds are chosen because post-hurricane reports indicate that
noticeable community damage typically begins with Category 2 storms
[49]. The 100 km distance ensures the inclusion of hurricanes with
substantial local impact, representing approximately twice the typical
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R« of 40-50 km [50]. Among the selected events, 27 are historical
hurricanes recorded since 1900, while the remaining 73 are obtained
from a synthetic hurricane database [51]. Fig. 10 illustrates the tracks
of these 100 hurricanes, where red and yellow lines denote historical
and synthetic events, respectively.

A key contribution of this study is the development of a supervised
discretisation method that integrates weighted PCA with decision tree
algorithms. To demonstrate its superiority, we compare the proposed
method with two conventional approaches: equal-width (EW-BN) and
equal-frequency (EF-BN) discretisation. Fig. 11(a) and (b) present the
RMSE distributions for the mean and standard deviation of loss ratios
across all census tracts, calculated based on the 100 test hurricanes. The
results clearly indicate that the proposed supervised method yields sig-
nificantly lower errors compared to traditional methods, validating its
ability to capture the complex relationships between hurricane parame-
ters and regional losses. Specifically, Fig. 12(a) and (b) present the RMSE
distributions for the mean and standard deviation of loss ratios across the
608 census tracts based on the proposed model. The results demonstrate
robust predictive performance, with the 90th percentile RMSE values for
the mean and standard deviation being 0.025 and 0.023, respectively.

To evaluate the model’s capability in capturing spatial variations,
Hurricane Andrew (1992) is selected as a representative example to il-
lustrate the spatial distribution of the mean and standard deviation of
loss ratios across Miami-Dade County. Fig. 13(a) and (c) show the refer-
ence values obtained from a scenario-based risk assessment framework,
while Fig. 13(b) and (d) present the corresponding estimates from the BN
model. In these maps, darker colours indicate higher loss ratios, and grey
areas denote regions with fewer than 10 residential buildings, which
are excluded from the analysis. For this specific event, the RMSE for
the estimated mean and standard deviation across all census tracts are
0.030 and 0.021, respectively. Beyond point estimates, the model’s abil-
ity to predict the probability distribution is further verified in Fig. 14. Six
census tracts representing different loss levels (at the 0.05, 0.20, 0.40,
0.60, 0.80, and 0.95 quantiles of the sorted loss ratios) are selected.
As shown in the comparison between the BN-based predictions and the
MCS reference results, the probability distributions align closely, further
confirming the model’s validity.

Finally, the spatial heterogeneity of the prediction errors is inves-
tigated. As observed in Figs. 11 and 12, some census tracts exhibit
noticeably higher RMSE values. This variation is likely attributable to
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Fig. 14. Comparison of BN-based estimated loss ratio distributions and reference results for Hurricane Andrew (1992) across selected census tracts at different quantile
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Table 2
RMSE comparison of loss ratios between high- and low-density census tracts.

Region type RMSE (mean)  RMSE (standard deviation)
High-density regions (top 5%) 0.0145 0.0117
Low-density regions (bottom 5%)  0.0200 0.0170

the weighting factor (building density) incorporated into the discretisa-
tion process. To test this hypothesis, a comparative analysis is performed
between census tracts in the top 5% and bottom 5% of building den-
sity, as summarised in Table 2. The results indicate that in high-density
areas, the average RMSE for both the mean and standard deviation
is approximately 30% lower than in low-density areas. These findings
demonstrate that incorporating importance factors into the discreti-
sation process effectively prioritises and reduces prediction errors in
high-priority regions.

The above validation demonstrates that the proposed BN-based hur-
ricane loss model can effectively capture the spatial distribution of losses
across the study area, with improved predictive accuracy in high-priority
regions. In future work, the proposed framework will be extended to
multiple major cities along the US Atlantic and Gulf coasts. This will en-
able a more comprehensive evaluation of its applicability across regions
with diverse building stocks and terrain characteristics. Furthermore,
the computational efficiency of the BN model will be leveraged to sup-
port large-scale and long-term hurricane risk assessments under climate
change scenarios.

6. Conclusion

This paper presents a BN framework for estimating regional building
losses caused by hurricanes. The framework efficiently and accurately
quantifies the spatial distribution of losses across large geographic areas
under specified hurricane scenarios. Because the discretisation of contin-
uous variables significantly affects model accuracy, a new discretisation
scheme is introduced. The main findings are summarised as follows:

1. The model incorporates two types of variables: hurricane vari-
ables (including translation speed, heading angle, distance and
azimuth of the hurricane centre relative to the study area, and
central pressure) and loss variables (loss ratios for each geo-
graphic subdivision). The relationship between hurricanes and
losses is established through a scenario-based probabilistic risk
assessment framework.

2. Hurricane variables are discretised using a supervised approach
that combines weighted PCA with decision tree algorithms, allow-
ing the relative importance of each subdivision to be incorporated
into the discretisation process. Loss variables are discretised us-
ing a clustering-based method to capture the characteristics of
regional losses.

3. The framework is demonstrated through a numerical example,
showing high predictive accuracy. The 90th percentile RMSE
values for the mean and standard deviation of loss estimates
across the study area are 0.025 and 0.023, respectively. In high-
importance areas, prediction errors are approximately 30% lower
than in low-importance areas due to the integration of importance
factors into the discretisation process.
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