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SUMMARY

Tropical cyclones (TCs) cause billions of dollars in economic losses world-

wide each year. Accurately assessing their impacts is therefore essential for guiding

disaster response and supporting long-term risk mitigation strategies. However,

because TCs evolve dynamically over both space and time and generate widespread

impacts, current studies often lack efficient and precise methodologies for evalu-

ating TC-induced damage at the regional scale. In addition, climate change has

driven substantial global warming in recent decades, which is expected to signifi-

cantly influence TC behaviour and associated risks.

This thesis addresses these challenges through three studies. The first study

focuses on developing an efficient framework for assessing TC-induced losses for

regional buildings. This study establishes relationships between wind speeds and

total loss across the region. When the study area is large, spatial heterogeneity, e.g.

terrain variability, can hinder accurate modelling of the regional hazard-damage

relationship. To address this challenge, the present study employs a spatial clus-

tering algorithm to divide the entire area into multiple sub-regions with relatively

homogeneous internal characteristics. For each sub-region, a TC loss model is

developed, defined as a function of wind speed at the sub-regional centroid and

the corresponding building portfolio loss ratio. In application, the loss in all sub-

regions is first assessed individually and then aggregated to estimate the total

regional loss. The second study introduces a Bayesian network (BN)-based TC

loss model for estimating the spatial distribution of regional building losses. The

xviii



model takes key TC parameters as inputs and outputs the loss ratio for each sub-

division in the study area. Given the significant impact of discretising continuous

variables on model accuracy, this study introduces novel discretisation schemes for

both TC and loss variables. The advantage of the model is its ability to efficiently

assess the spatial distribution of regional losses while accounting for uncertainties

and spatial correlations in the estimation process. The third study investigates

the potential impacts of climate change on future TC activity. This study pro-

poses a framework for quantitatively assessing the impacts of climate change on

TC frequency, genesis location, and intensity using high-resolution global climate

models. The projected TC characteristics are then used as inputs to a synthetic

TC model to estimate changes in coastal risk under future climate conditions.

The proposed framework is applied to the North Atlantic under the high-emission

scenario SSP585. The individual and combined effects of the modified TC char-

acteristics are analysed to evaluate their respective roles in shaping future coastal

risk profiles.
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CHAPTER 1

INTRODUCTION

1.1 Statement of the problem

Tropical cyclones (TCs), commonly referred to as hurricanes or typhoons, are

among the most destructive natural hazards, causing substantial economic losses,

widespread infrastructure damage, and large-scale population displacement. These

events are often accompanied by extreme precipitation and severe flooding, which

exacerbate structural failures in residential buildings and disrupt critical lifeline

systems such as power supply, water distribution, and transportation networks

(Ellingwood et al., 2004; Lin et al., 2012). Recent examples, including Hurricane

Katrina (2005), Hurricane Helene (2024), and Hurricane Milton (2024), have each

caused tens of billions of dollars in damages across the United States (Florida

Department of Financial Services, 2006; Smith, 2025). In Australia, the average

annual insured losses attributed to TCs are estimated to be approximately 0.7

billion Australian dollars (Andrews et al., 2016). Table 1.1 and Table 1.2 (Smith,

2025) present the ten most catastrophic North Atlantic TCs since the 20th cen-

tury, ranked by fatalities and direct economic losses, respectively. For instance,

Hurricane Mitch (1998) resulted in over 11,000 deaths, while Hurricanes Katrina

(2005) and Harvey (2017) each generated more than $125 billion in losses.

Urban infrastructure systems, including essential facilities such as hospitals,

schools, and commercial and residential buildings, as well as transportation, power,
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Table 1.1: Top 10 deadliest North Atlantic TCs since 20th century (Wikipedia,
2025a).

Rank TC Season Category Deaths

1 Mitch 1998 5 11,374
2 Fifi-Orlene 1974 2 8,210
3 Flora 1963 4 7,193
4 Okeechobee 1928 5 4,075
5 Monterrey 1909 3 4,000
6 Cuba 1932 5 3,142
7 Maria 2017 5 3,059
8 Jeanne 2004 3 3,037
9 Jérémie 1935 1 2,150
10 David 1979 5 2,068

Table 1.2: Top 10 costliest North Atlantic TCs (Wikipedia, 2025b).

Rank TC Season Category Costs (Billion USD) *

1 KATRINA 2005 5 $125.0
2 Harvey 2017 4 $125.0
3 Ian 2022 5 $113.1
4 Maria 2017 5 $91.6
5 Helene 2024 4 $78.7
6 Irma 2017 5 $77.2
7 Ida 2021 4 $75.3
8 Sandy 2012 3 $68.7
9 Ike 2008 4 $38.0
10 Milton 2024 5 $34.3

* Not adjusted for inflation
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water, and communication networks, are highly vulnerable to TC impacts. Vari-

ations in structural design, construction materials, and maintenance levels cre-

ate significant disparities in individual buildings’ capacities to withstand extreme

loads (Lee and Ellingwood, 2017). Moreover, these systems are interdependent,

meaning that the failure of a single component can trigger cascading effects. For

example, power outages during a TC can interrupt water supply systems, hinder

emergency responses, and severely limit healthcare services. Despite these inter-

connected vulnerabilities, current design codes primarily focus on the safety of

individual structures and do not adequately address the resilience of communities

as integrated systems. The persistently high economic losses observed in recent

decades indicate that concentrating on individual buildings alone is insufficient.

A broader, systemic approach to disaster planning is needed — one that encom-

passes the entire built environment and emphasizes community-level resilience

(McAllister, 2016; Koliou et al., 2020).

Community resilience is commonly defined as the capacity of both physical

and social systems to recover to their pre-disaster conditions within an accept-

able timeframe following a hazard event (Timmerman, 1981). This perspective

shifts the focus from isolated structures to spatially distributed networks and em-

phasizes collective recovery. The evaluation of system-wide damage is typically

conducted using a probabilistic risk assessment framework. This framework not

only accounts for uncertainties arising from the inherent randomness of natural

hazards and limited knowledge but also incorporates spatial correlations, such as

those related to wind speed and structural capacity. However, few studies have

comprehensively integrated these uncertainties and correlations into TC risk as-

sessments. Moreover, while probabilistic risk analysis provides a well-established

framework, it often demands substantial computational resources, especially for
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large urban areas. The dynamic nature of TCs, which requires continuous mon-

itoring of their temporal and spatial evolution, further increases computational

burdens and limits practical application in engineering practice.

Furthermore, there is growing evidence that climate change is altering atmo-

spheric and oceanic conditions, which in turn affect the frequency, intensity, and

genesis locations of TCs (Rosowsky, 2021; Pant and Cha, 2019). These changes

may shift the spatial distribution of TC risk, potentially exposing previously low-

risk regions to severe hazards. Intensifying storms may also exceed existing de-

sign thresholds for buildings and lifeline systems. Consequently, understanding

the evolving nature of TC hazards under climate change and accurately assess-

ing their implications for urban infrastructure resilience have become essential for

informed, long-term planning and risk mitigation.

1.2 Research objectives and scope

The primary aim of this thesis is to develop probabilistic models for assessing

TC-induced losses, enabling accurate and efficient evaluations of building damage

following TC events. In addition, the study seeks to investigate how TC-related

risks may evolve in coastal cities under future climate scenarios. To achieve these

goals, the research is structured around three specific objectives:

1. Formulate a probabilistic loss model for building portfolios. This model

serves a role analogous to a “fragility curve” but at the regional level. By

utilising wind speed data from one or more determined locations, it enables

rapid estimation of expected building loss across the whole region. Such an

approach provides a practical and efficient tool for post-event loss assess-

ment.

2. Develop a BN-based framework for regional loss estimation. The framework
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is designed to efficiently capture the spatial distribution of losses across a

study area while explicitly accounting for uncertainties and spatial corre-

lations. It takes key TC parameters, including translation speed, heading

angle, storm centre location, and central pressure, as inputs and outputs

the loss ratio for each sub-region. This approach allows for a more detailed

understanding of how TC characteristics translate into localized impacts.

3. Assess the potential effects of climate change on TC behaviour and urban

risk. Based on a high-resolution general circulation model (GCM), the study

explores how climate change may influence TC frequency, genesis locations,

and intensity. The individual and combined effects of these factors are eval-

uated to quantify how future climatic conditions could alter the magnitude

and spatial distribution of TC-induced risks. The findings aim to inform

long-term urban planning and climate adaptation strategies.

1.3 Organization of the thesis

This thesis is organized into six chapters, each addressing a key component of the

research.

Chapter 2: literature review. This chapter provides a comprehensive review of

the current state of knowledge in several areas, including TC wind field modelling,

synthetic TC generation techniques, damage assessment methodologies for indi-

vidual structures and infrastructure systems, applications of BNs in risk modelling,

and the effects of climate change on TC behaviour and urban vulnerabilities.

Chapter 3: probabilistic loss modelling for building portfolios. This chapter

introduces a probabilistic model for estimating TC-induced losses across large

building portfolios. To address the heterogeneity of extensive urban areas, a

divide-and-aggregate approach is proposed. In this method, the study area is

5



divided into multiple sub-regions, losses are assessed individually for each sub-

region, and the results are aggregated to estimate overall regional losses. This

approach improves computational efficiency while maintaining accuracy.

Chapter 4: BN-based TC loss model construction. Building upon the method-

ology developed in Chapter 3, this chapter presents a BN-based framework for

estimating the spatial distribution of regional building losses. It also introduces

novel discretisation schemes for both TC parameters and loss variables, balancing

the model’s accuracy and the network’s complexity.

Chapter 5: climate change impacts on TC-induced risks. This chapter inves-

tigates how evolving climate conditions may alter TC characteristics and their

associated risks. Combing a high-resolution GCM and synthetic TC simulation

techniques, it evaluates how these changes affect the spatial distribution of risk in

coastal cities.

Chapter 6: conclusions and future work. The final chapter summarises the key

findings and contributions of the research, discusses their practical implications,

and outlines potential directions for future work in improving TC risk modelling

and resilience planning.

1.4 Publications

Some chapters of this thesis are based on the author’s manuscripts published/submitted

during his PhD candidature, as outlined below:

1. A probabilistic framework to construct tropical cyclone loss models for build-

ing portfolios (based on Chapter 3), published in Structural Safety, 119,

102665. Authors: Yu Liang, Hao Zhang, Cao Wang, Diqi Zeng.

2. A Bayesian network framework for probabilistic assessment of regional build-

ing losses from hurricanes (based on Chapter 4), submitted to Reliability
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Engineering and System Safety (under review). Authors: Yu Liang, Hao

Zhang, Cao Wang.

3. A global climate model–based framework for assessing climate change im-

pacts on hurricane wind risk in coastal cities (based on Chapter 5), in prepa-

ration for submission. Authors: Yu Liang, Hao Zhang, Cao Wang.

The author was the primary contributor to all manuscripts listed above. Per-

mission to include these materials in the thesis has been granted by the corre-

sponding authors.
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CHAPTER 2

ADVANCES IN TROPICAL CYCLONE RISK

ASSESSMENT FOR LARGE-SCALE

INFRASTRUCTURE SYSTEMS

2.1 Review of previous studies

This chapter presents a comprehensive and systematic review of TC risk assess-

ment for urban infrastructure systems. It includes key aspects of TC wind field

modelling, synthetic TC simulation, wind fragility and risk assessment, rapid post-

TC damage assessment techniques, and the projected impacts of climate change

on TC activity. The objective of this chapter is to offer a state-of-the-art overview

of current methodologies and advances in TC risk assessment for large-scale in-

frastructure systems.

2.1.1 Concept of community resilience

In recent decades, the economic losses caused by extreme natural disasters have

reached unprecedented levels. Between 1980 and 2024, weather- and climate-

related disasters in the United States resulted in an average annual economic loss

of $64.8 billion (adjusted for the Consumer Price Index). Notably, the cumulative

losses over the three-year period from 2022 to 2024 alone amounted to $461.6

billion (Smith, 2025). This escalating financial burden has heightened awareness

among scholars and policymakers of the urgent need for cities to endure, adapt

to, and rapidly recover from disasters. This concept, widely known as community
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resilience, has therefore gained increasing attention worldwide.

Governments and international organizations have launched several initiatives

to enhance urban resilience. For instance, Australia’s National Strategy for Disas-

ter Resilience promotes a whole-of-community approach to disaster management,

emphasising shared responsibilities among individuals, businesses, and government

entities (Wilkins and McCarthy, 2011). In the United States, Presidential Policy

Directives outline strategies to strengthen the security and resilience of critical

infrastructure against both physical and cyber threats, calling for coordinated ac-

tions across government agencies, private-sector stakeholders, and international

partners (U.S. Department of Energy, 2013). At the global level, the United

Nations (United Nations Office for Disaster Risk Reduction, 2025) and the Rock-

efeller Foundation’s 100 Resilient Cities initiative (Foundation, 2025) have rec-

ognized resilience as a multidimensional strategy for achieving sustainable urban

development.

The concept of resilience originated in ecology, where Holling (1973) defined

it as the ability of an ecosystem to absorb disturbances and maintain its essential

functions despite external shocks. Timmerman (1981) later extended this notion

to the context of natural hazards, emphasizing how systems recover from extreme

disruptions. Over time, the scope of resilience has expanded to encompass social,

economic, and infrastructure systems. Today, resilience is understood not merely

as a return to pre-disaster conditions but also as the capacity to learn, adapt, and

transform in response to future risks (Folke et al., 2002; Bruneau et al., 2003).

To systematically evaluate community resilience, Bruneau et al. (2003) identi-

fied four key attributes that characterise a resilient system facing extreme events:

1. Robustness – the capacity of a system to withstand the impacts of extreme

hazards without significant degradation of core functions.
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2. Rapidity – the speed with which a community can restore essential services

and return to normal operations.

3. Redundancy – the availability of alternative or backup components that

allow critical functions to continue when primary systems fail.

4. Resourcefulness – the ability to identify problems, mobilise personnel, and

allocate financial and material resources effectively during and after a disas-

ter.

Building on these attributes, Bruneau et al. (2003) further classified community

resilience into four interrelated dimensions: technical, organizational, social, and

economic. Technical resilience concerns the performance and recovery of physical

systems, including buildings, transportation networks, and utilities. Organiza-

tional resilience refers to the ability of governmental and institutional entities to

plan, coordinate, and implement effective disaster response strategies. Social re-

silience addresses the mobilization of community resources, support networks, and

actions to reduce vulnerability and promote collective well-being. Economic re-

silience focuses on mitigating both direct and indirect financial losses to ensure

sustainable recovery and long-term economic stability.

Considerable progress has been made in assessing these four dimensions of re-

silience. In the technical domain, performance-based engineering models are used

to estimate functionality loss and recovery trajectories for buildings, roads, and

utilities (Ellingwood et al., 2018; Rosowsky and Ellingwood, 2002; Li, 2005; Wang

and Rosowsky, 2018). Resilience-based design frameworks integrate resilience ob-

jectives into building codes and infrastructure policies (Cimellaro et al., 2010),

while optimization models help prioritize retrofit strategies for critical infrastruc-

ture (Zhang et al., 2022; Kong et al., 2021). Social resilience is often evaluated
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through social vulnerability indices, which incorporate demographic and socioeco-

nomic variables such as age, income, education, ethnicity, health status, and access

to housing and healthcare services (Cox and Perry, 2011; Zhang and Nicholson,

2016; Contreras and M, 2019). Recent research has also highlighted the role of so-

cial capital, including trust, community cohesion, and informal support networks,

in fostering collective coping and resource sharing during recovery (Aldrich, 2017;

Kyne and Aldrich, 2020; Western et al., 2005). Organizational resilience is as-

sessed using indicators of governance effectiveness, emergency preparedness, and

policy coordination before, during, and after disasters (Col, 2007; Kapucu and

Sadiq, 2016; Kalogiannidis et al., 2023). Metrics such as diversity and redundancy

in governance structures, polycentric decision-making frameworks, and inclusive

stakeholder participation are often employed to evaluate institutional readiness

and responsiveness (Grafton et al., 2019; Freitag et al., 2014). For economic re-

silience, regional input-output models (He et al., 2019), computable general equi-

librium models (Xie et al., 2014), and agent-based simulations (Jiang et al., 2024)

are used to estimate direct and indirect economic impacts, including business clo-

sures, employment disruptions, and reductions in gross domestic product (GDP)

(Zhang and Nicholson, 2016; Gao et al., 2020; Chang-Richards et al., 2019).

Despite these advances, several challenges remain in the community resilience

assessment. Many current models are hazard-specific and do not address multi-

hazard interactions (Koliou et al., 2020). Existing building codes primarily priori-

tize life safety without explicitly incorporating resilience-based performance goals

(Ellingwood et al., 2018). Infrastructure assessments often overlook cascading

failures, such as power outages disrupting water supply and emergency services

(Ouyang and Wang, 2015). Furthermore, inconsistent definitions of resilience

across disciplines contribute to discrepancies in assessment methods and policy
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implementation. Addressing these gaps requires the development of standardized,

multi-hazard frameworks, enhanced infrastructure design criteria, and equitable

policies to promote comprehensive and sustainable resilience planning.

2.1.2 TC wind field modelling

Wind field models play a critical role in TC risk assessment by translating TC

intensity into a spatially distributed wind speed field. Understanding the wind field

structure is essential for estimating building loads and regional hazard exposure.

In the horizontal dimension, the wind field is typically divided into three zones: the

eye, the eyewall, and the outer diffusion region. Winds are relatively calm within

the eye, reach their maximum intensity in the eyewall, and gradually decrease

in strength toward the periphery (Zhao et al., 2024). In the vertical dimension,

near-surface winds are governed by the planetary boundary layer (PBL), where

frictional effects and turbulent mixing significantly influence wind speed profiles.

The height of the PBL generally ranges from several hundred meters to over

one kilometre, depending on TC intensity and environmental conditions. Above

the PBL, the flow transitions to gradient wind, which is primarily driven by the

balance of pressure gradient, Coriolis, and centrifugal forces (Vickery et al., 2009a).

Two primary types of wind field models are commonly used in engineering ap-

plications: parametric models and numerical models. Parametric models provide

empirical or semi-theoretical representations of TC wind fields (Yan and Zhang,

2022; Zeng et al., 2021). These models typically describe radial and azimuthal

wind speed distributions using mathematical formulations derived from observed

pressure fields and gradient wind equations. Early parametric approaches assumed

axisymmetric wind structures. For instance, Schloemer (1954) proposed one of the

earliest models with this assumption, which was later refined by Holland (1980)

through pressure-based formulations to estimate wind speeds near the TC centre
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and across its radial extent. However, symmetric models proved inadequate for

real-world TCs, which often exhibit asymmetries, such as stronger winds on the

right side of a moving storm in the Northern Hemisphere. To address this limi-

tation, Georgiou (1986) extended Holland’s model by introducing a moving wind

field component, resulting in a more realistic representation of asymmetric wind

patterns.

Numerical models offer a more complex approach by directly solving the gov-

erning equations of atmospheric motion, including the Navier–Stokes, energy, and

continuity equations (Meng et al., 1995; Kepert, 2001). These models explic-

itly simulate the interactions between the TC and its surrounding environment,

capturing highly complex wind field structures. Early work by Chow (1971) intro-

duced a two-dimensional model that incorporated surface drag effects to reproduce

observed asymmetries. This model utilized a nested finite-difference grid to repre-

sent boundary layer processes. With advances in computational resources, Kepert

(2001) developed a polar-coordinate formulation of the Navier–Stokes equations,

enabling improved simulation of three-dimensional momentum conservation and

vertical wind variations. More recently, Hong et al. (2019) proposed a nonlin-

ear three-dimensional wind field model that employed an implicit finite difference

scheme to enhance computational efficiency while maintaining physical accuracy.

In engineering and hazard assessments, parametric models are widely used

because they require fewer data inputs and are computationally efficient, mak-

ing them suitable for large-scale and time-sensitive applications (Yan and Zhang,

2022; Zeng et al., 2021; Lee and Ellingwood, 2017). Numerical models, while

capable of simulating complex wind field behaviours and their interactions with

land, ocean, and atmospheric processes, are often limited by data availability and

computational demands. As a result, they are primarily used in research studies
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and high-resolution forecasting.

2.1.3 TC track simulation

Historical records of TCs extend back to around 1850. However, reliable and

consistent documentation of TC activity only became available after the advent

of satellite observations in the 1980s (Harper, 2002; Bloemendaal et al., 2020).

As a result, many coastal locations have few, if any, recorded events within the

observational dataset. This scarcity of data limits the ability to accurately es-

timate long-term TC risks. Consequently, relying solely on historical records is

insufficient for comprehensive hazard assessment. To overcome these limitations,

synthetic TC modelling techniques have been widely adopted in engineering and

risk analysis applications.

Early TC simulation models were designed for site-specific risk assessments

(Russell, 1969; Jarvinen et al., 1984). These models employed the Monte Carlo

method to generate probabilistic estimates of key storm parameters. The typical

modelling process involved four steps: 1. Establish site-specific statistical dis-

tributions for essential parameters such as closest approach distance, translation

speed, heading direction, central pressure, and the pressure profile parameter. 2.

Use Monte Carlo simulation to randomly sample values for each parameter. 3.

Simulate the storm moving along a straight-line track, assuming constant inten-

sity until landfall. 4. Apply decay models to represent storm weakening after

landfall. While effective for individual locations, this approach had two major

limitations. First, in data-sparse regions, the parameter distributions could not

be reliably estimated. Second, because these models only focused on individual

sites, they failed to account for regional variability in TC characteristics and risks.

To address these limitations, researchers expanded TC simulations to encom-

pass broader geographic regions. Vickery et al. (2000) introduced an empirical
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track model that divided the study area, such as the North Atlantic basin, into

grid cells and used regression techniques to estimate model parameters for each

cell. This approach simulated the full TC lifecycle, including genesis, development,

and dissipation. Emanuel et al. (2006) proposed a hybrid statistical–deterministic

approach that incorporated beta-and-advection models, allowing environmental

factors to influence storm track evolution. Vickery et al. (2009b) enhanced storm

intensity modelling by integrating the effects of sea surface temperature (SST)

and vertical wind shear, improving the realism of TC simulations. Bloemendaal

et al. (2020) developed a fully statistical model that uses a resampling algorithm

to simulate storm genesis, track movement, central pressure, and maximum wind

radius. Cui et al. (2021) applied quadtree decomposition to partition ocean basins

into variable-sized grids, enabling localized parameter estimation and improving

spatial representation of TC dynamics. Zeng et al. (2024) built upon this con-

cept by introducing a full-track model for the western North Pacific basin. The

model employed autoregressive techniques to simulate both track evolution and

storm intensity while explicitly accounting for spatial nonstationarity in regression

parameters.

One of the most significant practical applications of synthetic TC models

is their integration into structural design standards. For example, ASCE 7-16

(ASCE, 2017) classifies structures into four risk categories based on potential con-

sequences of failure. Each category corresponds to a mean recurrence interval

(MRI) ranging from 300 years for Category I structures to 3000 years for Cate-

gory IV. Synthetic TC simulations are used to generate design wind speed maps

for these MRIs, providing a scientific basis for performance-based design. Beyond

design codes, synthetic TC modelling is also widely applied to regional risk assess-

ment. For example, it is used for evaluating TC risk distribution across coastal
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regions (Cui and Caracoglia, 2019; Lee and Rosowsky, 2007) in the United States.

Huang et al. (2021) integrated a Markov environment-dependent intensity model

with the Vickery approach (Vickery et al., 2000) to estimate typhoon risks for ten

major Chinese coastal cities. Arthur (2021) developed a statistical-parametric loss

model to perform hazard assessments at both regional and continental scales in

Australia.

The evolution of TC track modelling reflects a shift from simplified, site-specific

simulations to sophisticated, region-wide frameworks that capture the full lifecycle

of TCs. These advancements have significantly improved the accuracy of risk

assessments and have become integral to modern engineering design and disaster

planning.

2.1.4 Structural fragility analysis

Fragility represents a probabilistic measure that quantifies the likelihood of a struc-

tural system reaching or exceeding a specified performance threshold under a given

level of hazard intensity. It is commonly expressed as P (LS | D = y), where D

denotes the hazard intensity parameter, such as wind speed, peak ground accel-

eration, or spectral acceleration, depending on the objectives of the risk analysis

(Ellingwood et al., 2004; Li, 2005); LS represents the limit state, which defines

the boundary between acceptable and unacceptable structural performance. Limit

states can be categorized into two main types. 1. Deformation-related limit states,

such as excessive drift, detachment of cladding from framing, or failure at roof-

to-wall connections; and 2. strength-related limit states, including roof or wall

collapses, sheathing removal, and foundation failures (Li, 2005).

The HAZUS-MH program provides a standardized framework for classifying

building damage into five levels: none, minor, moderate, severe, and destruction.

As summarized in Table 2.1, these classifications are based on observable structural
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damage, such as the percentage of roof cover failure, the number of damaged

windows or doors, and the extent of roof deck and roof structural failures (FEMA,

2014). For instance: minor damage typically involves small areas of roof cover

failure (2–15%) or limited window and door damage. Moderate damage reflects

more extensive roof cover loss (15–50%) and partial roof deck failures. Severe

and destruction levels correspond to widespread structural failures, including roof

system collapse and significant wall damage. This standardized categorization

allows for consistent assessments of structural vulnerability across different regions

and building types.

Table 2.1: Damage state definition for residential construction classes in HAZUS-
MH program (FEMA, 2014).

Damage
state

Qualitative
measure

Roof cover
failure

window/door
failure

Roof deck
Roof structure

failure

0 No ≤ 2% No No No
1 Minor > 2% and ≤ 15% 1 No No
2 Moderate > 15% and ≤ 50% 2 or 3 1-3 No
3 Severe > 50% > 3 and ≤ 25% > 3 and ≤ 25% No
4 Destruction Typically > 50% > 25% > 25% Yes

The development of fragility functions typically relies on structural reliability

methods, such as the First-Order Reliability Method (FORM) or Monte Carlo

Simulations (MCS) (Lee and Rosowsky, 2005; Ellingwood et al., 2004). Both

aleatory and epistemic uncertainties are incorporated to represent the complex

factors influencing structural performance. Aleatory uncertainty arises from the

inherent variability in external loads and structural capacities. Examples include

external and internal pressure coefficients, velocity pressure exposure factors, and

material properties (Ellingwood and Tekie, 1999). Epistemic uncertainty stems

from limited data availability for statistical parameters or simplifying assumptions

made during modelling.
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Fragility functions are commonly expressed using a lognormal cumulative dis-

tribution function (CDF) (Li, 2005; Ellingwood et al., 2007; Rosowsky and Elling-

wood, 2002):

P (DS ⩾ v | U = u) = Φ

(
ln(u)− λv

ξv

)
, (2.1)

where Φ(·) is the standard normal CDF, λv, ξv are the logarithmic mean and stan-

dard deviation of the fragility function for the damage state v. In Eq. (2.1), wind

speed U is treated as a deterministic variable, while all other sources of uncer-

tainty are captured by the parameters λv and ξv. These uncertainties primarily

arise from factors such as the wind exposure factor, external and internal pressure

coefficients, and wind directionality effects (Ellingwood and Tekie, 1999). Fig. 2.1

illustrates a fragility curve showing how the probability of exceeding each dam-

age state increases with wind speed. The example presented corresponds to a

representative two-story wood-frame house located in suburban terrain, featuring

strapped roof trusses, a hip roof, no garage, and wood-frame walls (FEMA, 2014).
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Figure 2.1: Fragility curve for a two-story wood-frame house with strapped trusses
and hip roof in suburban terrain.

2.1.5 Risk assessment for distributed infrastructures

Distributed infrastructures in urban environments typically comprise two major

categories: building portfolios and lifeline systems. Building portfolios encompass
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collections of residential, commercial, and institutional structures dispersed across

a region. These buildings are heterogeneous in construction type, occupancy, and

spatial arrangement, and they play essential roles in providing shelter, supporting

economic activity, and maintaining critical services within cities (Anwar et al.,

2023). Lifeline systems include crucial utility and service networks, such as elec-

tricity, water supply, telecommunications, and transportation. These systems are

spatially extensive, highly interconnected, and indispensable for maintaining ur-

ban functionality during and after extreme hazard events.

The risk assessment of building portfolios is typically evaluated along three

primary dimensions. The first is technical dimension. This dimension focuses

on physical damage metrics, such as the damage ratio and immediate occupancy

ratio (Shapiro et al., 2000; Lin and Wang, 2016). For instance, the proportion

of buildings exceeding a severe damage state (DS ≥ 3) indicates the extent of

significant structural impairment (Shapiro et al., 2000). The second is economic

dimension. Economic losses are commonly expressed as monetary values or the

proportion of total damage. These losses are generally classified into structural

and non-structural losses. Structural losses are converted into monetary terms us-

ing empirical damage-to-loss mappings. For example, slight, moderate, extensive,

and complete damage are typically associated with 2–20%, 10–40%, 50–80%, and

100% of the building replacement cost, respectively (FEMA, 2014; Wang et al.,

2017; Do et al., 2020). Non-structural losses involve interior partitions, ceilings,

mechanical equipment, and façade elements. These losses are inherently more

variable due to differences in materials and systems, resulting in higher uncer-

tainty in estimation (Ahmad et al., 2024). The third is social dimension. Social

impacts are commonly represented by indicators such as household dislocation,

which reflects the percentage of households displaced due to loss of habitability
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or the need for temporary shelter (FEMA, 2014). This indicator is derived by

integrating building damage data, demographic information, and post-event sur-

veys (Peacock et al., 2008; Lin, 2009). The number of displaced households can

be estimated by identifying buildings that exceed habitability thresholds, multi-

plying by average household occupancy, and adjusting for shelter capacity and

socio-economic vulnerability factors (Lin and Wang, 2016).

Substantial progress has been made in modelling building portfolio risks for

various natural hazards, including earthquakes, TCs, floods, among others. Re-

garding earthquakes, Wang et al. (2020) extended life-cycle analysis to community-

scale buildings, incorporating metrics such as life-cycle cost and cumulative prospect

value to reflect both risk-neutral and risk-averse decision-making. Ding et al.

(2025) utilized probabilistic machine learning models combined with Poisson bi-

nomial distributions to assess the probability of functionality failure for entire re-

gional buildings. For TCs, Wang et al. (2023) simulated post-disaster recovery and

optimized repair resource allocation under constraints such as deadlines and ca-

pacity limits. Nofal et al. (2021) proposed a multi-hazard regional risk framework

addressing wind, storm surge, and wave damage to structures and contents. Simi-

larly, for floods, Xie et al. (2025) developed a spatiotemporal forecasting approach

that introduced an evacuation-oriented functionality metric integrating damage,

utility disruptions, and transportation accessibility to support pre-disaster plan-

ning. Additional studies have also examined the impacts of other hazards, such

as tornadoes (Memari et al., 2018) and tsunamis (Alhamid et al., 2023).

Lifeline systems are critical to urban resilience because their failure can dis-

rupt multiple essential services. For power networks, a variety of modelling ap-

proaches are used to assess the outage risks, including connectivity-based analysis

(Zeng et al., 2021); complex network theory (Dueñas-Osorio and Vemuru, 2009;
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Ouyang, 2013); power flow modelling (Ouyang and Duenas-Osorio, 2014; Hu and

Ma, 2023; Fan et al., 2023); and linear programming and network flow optimiza-

tion techniques (Wang et al., 2016; Dwivedi and Yu, 2013; Zhang et al., 2018),

among others. Specifically, Ouyang and Duenas-Osorio (2014) proposed a multi-

model framework that integrates hazard characterization, component fragility, DC

power flow analysis, and staged restoration modelling to assess TC-induced power

system damage. Zhang et al. (2018) combined network flow theory with building

functionality modelling to predict downstream impacts of electricity disruption on

building operations. Wang et al. (2016) identified critical transmission lines by

analysing the direction and magnitude of power flows to determine which failures

would most severely reduce system capacity. Significant advances have also been

made in other networks, including water systems (Vertommen et al., 2022; Yu

et al., 2024), telecommunications (Liu et al., 2020b; Hagenmeyer et al., 2016), and

transportation networks (Mohebbi et al., 2020; Wang et al., 2019).

Lifeline systems are inherently interdependent. For example, water systems

depend on electricity for pumping and treatment; power grids require water for

cooling operations; and both rely on communication networks for real-time mon-

itoring and control. These interconnections mean that failure in one system can

cascade into others, amplifying disruption and complicating recovery efforts. To

better understand this connection, Ji et al. (2024) categorized interdependency

modelling approaches into three main types: 1. topology-based models that ap-

ply graph theory to identify key connections and vulnerabilities; 2. probabilistic

models, such as BNs, to represent uncertainty and conditional dependencies; 3. hy-

brid models that combine simulations, optimization, and data-driven techniques.

In addition, Ouyang et al. (2009) simulated the interdependence between power
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and oil supply networks using geographically co-located nodes to track cascad-

ing failures. Zhang et al. (2018) investigated how power outages disrupt water

pumping and ultimately affect building operations. However, current models still

rely on simplifying assumptions that limit their realism and applicability. Many

models are unable to fully capture the complexity of real-world interactions, par-

ticularly under extreme multi-hazard conditions. Future research should focus on

improving model fidelity, and advancing the understanding of interdependent be-

haviours and cascading failure mechanisms to support resilience-based planning

and decision-making (Yu et al., 2024; Liu et al., 2022; De Felice et al., 2022).

2.1.6 Challenges in TC risk analysis

Risk assessment for regional infrastructure systems under TCs faces three key

challenges: 1. the quantification of uncertainties in both hazard characterization

and structural response, 2. the accurate representation of spatial correlations

in hazard fields and building damages, and 3. the need for efficient yet reliable

methods that scale to community-level evaluations.

Uncertainties are commonly classified into aleatory and epistemic components.

Aleatory uncertainty reflects the intrinsic randomness of natural hazards and

structural capacities and must be treated probabilistically. Epistemic uncertainty

arises from incomplete knowledge in hazard modelling, parameter estimation, and

structural response prediction, and can be reduced as data and models improve

(Ellingwood et al., 2004, 2018). In TC risk analysis, key sources of uncertainty

include track simulation and intensity evolution, wind-field computation, param-

eter estimation, and the fragility-based mapping from wind demand to damage.

In fully probabilistic assessment, the modelling of TC movement and intensity

contributes substantially to overall uncertainty (Vickery et al., 2000; Bloemendaal

et al., 2020; Ullrich et al., 2021). Under scenario-based analyses, hurricane track
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and intensity parameters are prescribed, and the dominant source of uncertainty

typically arises from the wind-field model. Zeng et al. (2021) quantified the un-

certainty of the Georgiou wind field model using 34 recorded wind fields from six

historical TC events in the North Atlantic. The bias of the wind field model was

defined as

ε =
U

U0

, (2.2)

where U is the observed wind speed and U0 is the modelled wind speed. Their

analysis showed that ε follows a lognormal distribution, with its parameters de-

pendent on the selected wind field model, site location, and distance from the

storm centre. Similar findings have been reported in other studies (Valamanesh

et al., 2016; Arunachalam, 2024; Pang et al., 2012; Li and Ellingwood, 2006). For

the Georgiou wind field model, Zeng et al. (2021) expressed the mean of ln ε as

ln ε = −0.0515
r

Rmax

− 0.08321, (2.3)

where r is the radial distance from the storm centre, and Rmax is the radius

of maximum wind. The logarithmic standard deviation of ε was found to be

approximately constant at 0.12, as illustrated in Fig. 2.2.

Evaluating spatial correlation is a second challenge in community risk assess-

ments. Because TCs have broad spatial footprints, nearby sites experience wind

fields that are statistically dependent. This site-to-site correlation is commonly

modelled as a function of the distance between two locations (Goda and Hong,

2008; Baker, 2008). For example, Sheng et al. (2024) examined both inter-event

and intra-event variability in TC wind fields and assessed wind-induced damage

for a portfolio of structures. Zeng et al. (2020) employed semivariogram functions

to characterise spatial correlations in the logarithmic bias of wind speeds across

the North Atlantic. Typical semivariogram models include Gaussian, exponen-

tial, and spherical functions (Chilès and Delfiner, 2012). Under these models, the
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Figure 2.2: Logarithmic model bias as a function of distance from the storm centre
(replotted from Zeng et al. (2021)).

site-to-site wind speed correlation is expressed as:

ρUi,Uj
=



1− a

(
1− exp

(
−h

2
ij

b2

))
,

1− a

(
1− exp

(
−hij
b

))
,

1− a

(
3hij
2b

− h3ij
2b3

)
if hij ≤ b, a otherwise,

(2.4)

where ρUi,Uj
is the wind speed correlation between site i and site j, hij is the

distance between the two sites, a is the partial sill of the semivariogram and b

is the correlation length, which describes the decay rate of the correlation with

respect to hij. The first, second, and third expressions correspond to the Gaus-

sian, exponential, and spherical semivariogram models, respectively. The choice of

semivariogram model depends on the wind field representation and the geographic

characteristics of the study region. Zeng et al. (2020) found that among the three
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models, the Gaussian formulation provides the best fit to empirical spatial correla-

tions of TC wind fields in the North Atlantic (see Fig. 2.3). The optimal Gaussian

parameters were estimated as a = 1 and b = 1.322Rmax, where Rmax denotes the

radius of maximum winds.
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Figure 2.3: Fitting of semivariograms for estimating wind speed correlation be-
tween sites (replotted from Zeng et al. (2021)).

Another source of correlation arises from similarities in construction materials,

structural designs, and building codes within a region, referred to as structure-to-

structure correlation. These similar construction characteristics cause buildings

to exhibit positively correlated damage states during TC events. To capture joint

damage across regional structures, copula-based models, such as Gaussian copulas,

have been applied in TC risk studies and in seismic assessments of bridge networks

(Zeng et al., 2020; Vitoontus, 2012; Lee and Kiremidjian, 2007). However, rela-

tively few TC studies simultaneously integrate multiple uncertainty sources with

both hazard and structural correlations in community risk evaluations.
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A third, practical challenge in regional TC risk analysis concerns computa-

tional demands. Scenario-based probabilistic risk analysis is a widely used ap-

proach for assessing TC-induced damage and losses. It involves modelling wind

speed fields, assessing structural damage, and estimating community losses. This

framework explicitly incorporates uncertainties and correlations in wind field mod-

elling and structural response, providing a more realistic estimation of potential

impacts than deterministic methods (Ellingwood et al., 2004, 2018; Vitoontus,

2012). However, although scenario-based probabilistic risk analysis provides a

well-established framework, it often demands significant computational resources,

particularly for large-scale communities. Moreover, the temporal and spatial evo-

lution of TCs requires continuous monitoring to maintain up-to-date information

on disaster impacts. This high computational burden limits its practical applica-

bility in engineering contexts. To improve the efficiency of post-disaster assess-

ments, one effective strategy is to establish a relationship between hazard intensity

and regional damage, analogous to fragility functions used for individual buildings.

Existing methods generally fall into two categories: (1) empirical models based

on statistical data, and (2) simulation-based approaches. For instance, Huang

et al. Huang et al. (2001) developed a TC loss model that correlates wind speed

with insurance claim ratios and damage ratios, using historical insurance data from

Hurricanes Hugo (1989) and Andrew (1992). The findings indicated that the wind

speed exhibits a near-exponential relationship with the damage ratio (Fig. 2.4).

Similarly, Kim et al. Kim et al. (2016) constructed a statistical model based on

claim payouts for commercial buildings affected by Hurricane Ike in Texas. This

model employed multiple regression analysis, incorporating variables such as wind

speed, building age, floor area, and appraised value. However, empirical models

based on insurance data are highly dependent on the availability and quality of
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the underlying datasets. As a result, constructing such models is challenging in

regions with limited or unreliable post-cyclone records. Simulation-based mod-

els typically employ physics-based or probabilistic frameworks. For example, Lin

and Wang (2016) proposed a probabilistic approach for assessing the vulnera-

bility of building portfolios under extreme wind events. Fig. 2.5 illustrates the

relationship between earthquake magnitude and the different damage thresholds

defined by the immediate occupancy ratio. Masoomi et al. Masoomi et al. (2019)

constructed the relationship between TC-induced hazards (including wind, storm

surge, and waves) and building damage by simulating structural responses under

various hazard intensities. Similar methods have been explored in other studies

(Pita et al., 2012). Nevertheless, most simulation-based approaches neglect the

effects of spatial heterogeneity (e.g. terrain variability) on the functional rela-

tionship between hazard intensity and regional damage, which may reduce model

accuracy in large-scale areas.
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Figure 2.4: The relationship between damage ratio and effective mean surface
wind speed (Adapted from Huang et al. (2001)).
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2.1.7 Applications of Bayesian networks in risk analysis

BNs are probabilistic graphical models that represent conditional dependencies

among random variables by means of a directed acyclic graph (DAG). Each node

denotes a random variable, and each directed edge represents a conditional de-

pendence that may, under appropriate assumptions, be interpreted causally. In

Fig. 2.6, variables A–F form a small BN: nodes with no parents (e.g., A) are root

nodes, while nodes with no children (e.g., E and F) are leaf nodes. The parents

of a node are those with arrows pointing into it; the children are those receiving

arrows from it.

A key advantage of BNs is their ability to infer unknown variables from partial

information, making them well-suited for modelling complex input-output rela-

tionships. BNs can also integrate data from diverse sources, including quantitative
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Figure 2.6: Schematic diagram of BNs.

measurements, semi-quantitative data, and expert judgment, while accommodat-

ing a wide range of variables such as hazards, climate conditions, losses, and deci-

sions. This flexibility allows BNs to support both deterministic and probabilistic

predictions (Zheng et al., 2021; Kaikkonen et al., 2021). Consequently, BNs have

been widely adopted across many domains.

In the medical field, BNs have supported diagnosis and treatment planning for

breast, lung, and cervical cancers (Roberts et al., 1995; Sesen et al., 2013; Onisko

et al., 2019), the assessment of dementia and Alzheimer’s disease (Seixas et al.,

2014), and the modelling of epidemic transmission dynamics (Beresniak et al.,

2012). In engineering diagnostics, BN-based methods have achieved competitive

or superior performance relative to traditional approaches (Galagedarage Don and

Khan, 2019). For example, Liu et al. (2020a) developed a BN for fault diagnosis in

commercial aircraft environmental control systems, attaining a fault isolation ac-

curacy of 89.3%. Galagedarage Don and Khan (2019) leveraged causal structures
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between faults and symptoms to identify 8 out of 10 fault types from historical pro-

cess data. BNs have also been widely applied in disaster-related risk assessments,

including natural disasters such as earthquakes (Goerlandt and Islam, 2021), land-

slides (Moriguchi et al., 2023), and floods (Feng, 2024), as well as human-induced

disasters, such as fires (Matellini et al., 2013), explosions (Aydin et al., 2024),

and operational errors (Pan et al., 2021). For instance, Matellini et al. (2013) for-

mulated a BN framework with two coupled parts: one for early fire development

(fire type, time of day, human detection cues) and another for occupant actions,

fire growth, and potential rescue outcomes. Zhou et al. (2020) proposed a BN for

risk assessment of sewer pipelines in underground utility tunnels, identifying crit-

ical initiating events (e.g., fire sources, earthquakes, human errors, and external

interferences) and quantifying their impacts on casualties, economic losses, and

pollution (Fig. 2.7).

In TC risk assessment, BNs have been applied in several contexts. Wang

(2023) developed a BN model to investigate the factors influencing evacuation

decisions during TCs, considering factors such as risk perception, media infor-

mation, and social influence. Van Verseveld et al. (2015) integrated TC-induced

multi-hazard indicators (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-cyclone

observation data, which limits applicability in regions lacking reliable TC loss

records. Furthermore, the model was developed at the building scale for relatively

small study areas. Broader-scale applications may therefore require alternative

modelling strategies. Li et al. (2020) proposed a BN for predicting power dis-

tribution system outages caused by TCs, incorporating variables related to TC

dynamics and power grid topology. The assessment of power outages in this study
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Figure 2.7: A risk assessment model for sewer pipelines in underground utility
tunnels based on BNs (Zhou et al., 2020).
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was based on network connectivity, whereas actual power systems are more com-

plex and may also depend on power flow conditions. Similar research efforts are

reported in (Cai et al., 2021; Lu and Zhang, 2022; Wang et al., 2024). Overall,

existing applications of BNs in TC risk assessment have focused mainly on post-

disaster decision-making, building-level damage assessment, and early studies in

modelling lifeline network disruptions. Applications of BNs to assess TC loss at a

regional scale remain limited.

A key challenge in BN modelling is the discretisation of continuous variables,

which must balance model complexity against predictive accuracy. Three discreti-

sation schemes are commonly used in BNs: manual, unsupervised, and supervised

approaches. Manual discretisation relies on domain expertise and prior knowledge.

This approach enhances interpretability and allows the integration of expert in-

sights, but it introduces subjectivity and often lacks applicability across different

contexts (Zheng et al., 2021). Unsupervised methods, such as equal-width and

equal-frequency discretisation, are computationally efficient but often overlook

important data patterns, reducing their predictive performance (Beuzen et al.,

2018; Zheng et al., 2021). Supervised discretisation considers the relationship be-

tween inputs and outputs, retaining the information most relevant for prediction.

Common supervised methods include entropy-based approaches (e.g., minimum

description length (Fayyad, 1993)), decision trees (Costa and Pedreira, 2023), and

Chi-squared-based methods (e.g., ChiMerge (Kerber, 1992)). A systematic review

by Kaikkonen et al. (2021), which analysed 72 studies using BNs in environmental

and engineering risk assessments, found that manual and unsupervised discretisa-

tion methods remain dominant due to simplicity, interpretability, and low compu-

tational cost, while supervised discretisation methods were applied in fewer than

10% of the cases. Nevertheless, supervised discretisation has consistently shown
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superior performance. For example, Beuzen et al. (2018) demonstrated that su-

pervised discretisation methods achieved 5%–10% higher accuracy than manual

and unsupervised methods.

2.1.8 Effects of climate change on TC risk assessment

In recent decades, climate change has led to a significant increase in SSTs (Salarieh

et al., 2023; Kieu et al., 2023). Since the formation and intensification of TCs are

highly sensitive to oceanic and atmospheric conditions, such warming is expected

to alter TC activity, thereby affecting TC risks in coastal urban regions. As a

result, understanding how climate change influences TC behaviour and what this

implies for urban infrastructure risk has become increasingly important.

The Intergovernmental Panel on Climate Change (IPCC) (IPCC, 2021) intro-

duced a set of scenario frameworks to support assessments of long-term climate

risks under varying socioeconomic and emissions conditions. The Shared Socioe-

conomic Pathways (SSPs) describe five alternative trajectories (SSP1–SSP5) of

global societal, demographic, and economic development over the 21st century,

forming a foundation for analysing how different development patterns may in-

fluence climate outcomes. For example, SSP1 represents a sustainable develop-

ment pathway characterised by strong mitigation and low emissions, whereas SSP5

depicts a fossil-fuel–intensive trajectory with high energy demand and limited

climate action, leading to substantial emissions growth. In parallel, the Repre-

sentative Concentration Pathways (RCPs) define trajectories of greenhouse gas

concentrations and the corresponding radiative forcing levels by 2100 (2.6, 4.5,

6.0, and 8.5 W/m2). Historically, climate projections were primarily based on

RCPs alone, which specified greenhouse gas concentration outcomes without ex-

plicit socioeconomic context. Since the publication of the IPCC’s Sixth Assess-

ment Report (AR6), the combined “SSP-RCP” approach has become standard in
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climate-change research (IPCC, 2021).

Climate change is generally expected to influence TC intensity, genesis loca-

tion, and frequency. Regarding TC intensity, most studies indicate that future

climate scenarios will likely lead to stronger storms (Knutson et al., 2020; Roberts

et al., 2020; Bloemendaal et al., 2022). The projected intensification is consistent

with enhanced enthalpy fluxes driven by higher SSTs and increased atmospheric

moisture that together promote convective activity. According to the IPCC AR6

(IPCC, 2021), global mean TC wind speeds may increase by approximately 1–10%

by 2100 under a 2°C warming scenario, while TC-induced rainfall rates are pro-

jected to rise by 6–22% under this condition. Studies on TC genesis suggest

potential shifts in the spatial distribution of storm formation under a warming

climate. In the North Pacific, some studies report a poleward migration in the

mean latitude of TC genesis, consistent with changes in vertical wind shear, mid-

level humidity, and potential intensity (Chen et al., 2021). In the North Atlantic,

Weaver and Garner (2023) identified a northwestward shift, characterised by re-

duced TC activity in the traditional main development region and increased for-

mation closer to the southeastern United States. However, Hall et al. (2021) had

different conclusions and suggested an eastward displacement of genesis locations

associated with elevated SSTs in the main development region. Regarding TC

frequency, earlier research reported an apparent increase in recent decades (Mann

and Emanuel, 2006; Holland, 2007). These studies collected historical TC records,

as shown in Fig. 2.8, which shows annual counts of named storms (≥34 knots),

hurricanes (≥64 knots), and major hurricanes (≥96 knots) in the North Atlantic

from 1851 to 2024, indicating an apparent increasing trend. However, subsequent

analyses attribute this trend largely to improvements in satellite observations and

data collection rather than an actual rise in storm occurrences (Vecchi et al., 2021;
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Landsea et al., 2010). More recent assessments, including the IPCC AR6 (IPCC,

2021), indicate that the total global number of TCs may decrease, but there is high

confidence that the proportion of intense storms (Category 4–5) will increase. This

conclusion is consistent with recent findings. For instance, Knutson et al. (2020)

projected an approximately 16% reduction in TC frequency in the North Atlantic,

accompanied by a 24% increase in the occurrence of Category 4–5 storms.
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Figure 2.8: Annual frequency of named storms, hurricanes, and major hurricanes
in the North Atlantic (1851–2024).

Global climate models (GCMs) are one of the most important tools for as-

sessing the impacts of climate change. GCMs numerically represent the Earth’s

climate system by solving a set of physical equations that describe atmospheric,

oceanic, and land-surface processes. Early generations of GCMs, constrained by

limited computational power, typically employed coarse spatial resolutions (often

exceeding 100 km). At such resolutions, GCMs could capture large-scale climate

patterns such as global temperature distribution and general circulation, but were

unable to resolve mesoscale phenomena like the inner-core structure of TCs. Con-

sequently, they tended to underestimate TC frequency and intensity (Han et al.,

2022). To improve spatial detail, scientists often employ downscaling techniques,
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including dynamical and statistical approaches. Dynamical downscaling embeds

a high-resolution regional climate model within a coarser-resolution GCM. The

outputs of the coarse GCM provide boundary and initial conditions for the nested

model, enabling simulation of fine-scale meteorological processes (Emanuel, 2021).

Statistical downscaling, in contrast, establishes empirical or semi-empirical rela-

tionships between large-scale atmospheric variables (e.g., sea-level pressure, sea

surface temperature) and local-scale climate variables (e.g., wind speed, precipi-

tation), thereby translating coarse-resolution model outputs into local projections

(Lee et al., 2020). However, dynamical downscaling is computationally expensive

and requires substantial data inputs, making it impractical for producing large syn-

thetic TC event sets. Statistical downscaling, on the other hand, depends heavily

on the quality, representativeness, and temporal coverage of historical datasets.

Recently, the Coupled Model Intercomparison Project Phase 6 (CMIP6) intro-

duced a new generation of GCMs. These models feature substantially improved

spatial resolutions, with some achieving grid sizes of 25 km or finer. Such ad-

vancements have significantly improved the capability of GCMs to simulate and

identify TCs. Roberts et al. (2020) utilised the HighResMIP ensemble and demon-

strated that higher-resolution simulations significantly reduce the biases observed

in coarser models. Their results showed that high-resolution GCMs can reproduce

more realistic TC counts and genesis locations. Nevertheless, these models still

exhibit systematic biases and their simulation periods, typically ranging from 30

to 100 years, remain insufficient for comprehensive regional risk assessments.
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2.2 Critical appraisal and pending research is-

sues

Despite substantial advances in TC risk assessment, several critical challenges

remain unresolved. These challenges are summarized below:

1. Computational challenges in large-scale probabilistic risk assessment. Tradi-

tional approaches rely on scenario-based probabilistic risk assessment frame-

works, which are difficult to apply for dynamically evaluating post-disaster

conditions due to their intensive computational demands. There is an urgent

demand for efficient, accurate, and scalable methods capable of producing

rapid regional damage estimates. Such methods must balance computational

efficiency with predictive accuracy to enable dynamic support for emergency

management.

2. Limited capability for spatially detailed loss assessment. Most existing mod-

els struggle to adequately capture the spatial variability of regional losses,

particularly in large-scale communities. As a result, decision-makers often

lack reliable information on where damage will be most severe. This limita-

tion hinders their ability to prioritize emergency response, allocate limited

resources, and plan long-term recovery and mitigation strategies. Therefore,

there is a need for probabilistic approaches that incorporate uncertainties

and correlations related to both hazard intensity and structural vulnerabil-

ity, generate spatially detailed loss estimates at fine geographic scales, and

remain computationally efficient for use in emergency contexts.

3. Incomplete consideration of climate change impacts. Existing research on

the influence of climate change on TC behaviour has primarily focused on

changes in TC intensity. However, relatively little attention has been given
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to other potential changes, such as shifts in genesis locations and variations

in TC frequency, and no effective methods currently exist to assess these fac-

tors. A comprehensive understanding of how altered TC activity affects haz-

ard exposure is essential for anticipating emerging vulnerabilities in coastal

communities. Therefore, it is necessary to adopt integrated approaches that

evaluate the combined effects of climate change on TC intensity, frequency,

and genesis locations.
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CHAPTER 3

A PROBABILISTIC FRAMEWORK FOR TC

LOSS MODELS OF BUILDING PORTFOLIOS

3.1 Scenario-based TC risk assessment of in-

frastructure systems

Scenario-based TC risk assessment is a widely used framework for estimating the

impact of TCs on system performance under a given scenario. Specifically, for a

TC scenario S, the performance of the infrastructure can be evaluated as follows:

P (Z ≤ z | S) =
∫
v

∫
y

FZ|DS(z | v)fDS|W(v | y)fW|S(y | S)dvdy, (3.1)

where fW|S(y|S) is the probability density function (PDF) of wind speeds, W, at

building locations given the TC scenario S. fDS|W(v|y) is the PDF of physical

damage states, DS, under the condition of W. FZ|DS(z|v) is the cumulative

distribution function (CDF) of the performance metric for regional buildings, Z,

conditional on DS. Finally, P (Z ≤ z|S) reflects the convolution of the three

conditional probability distributions: fW|S(y|S), fDS|W(v|y), and FZ|DS(z|v).

3.1.1 TC wind field model

The Georgiou gradient wind field model (Georgiou, 1986) is widely used in engi-

neering applications because it balances computational efficiency with the ability

to capture the key characteristics of TC wind fields. This model extends the

earlier formulation of Holland (1980) by incorporating storm translation effects,

providing a more realistic representation of asymmetrical wind structures. The
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gradient wind speed (Vg) is expressed as the vector sum of a rotational component

and a translational component, as shown in Fig. 3.1. The calculation is given by:

Vg =
1

2
(Vt sinα− fr)+√√√√1

4
(Vt sinα− fr)2 +B

∆P

ρ

(
Rmax

r

)B

exp

(
−
(
Rmax

r

)B
)
,

(3.2)

in which Vt is the TC’s translational speed, r is the distance from the TC centre,

α is the clockwise angle between the translation direction and the radial position

of the sites, f is the Coriolis parameter, B is the pressure profile exponent, ∆P

represents the pressure difference between the periphery and the TC centre, Rmax

is the radius to maximum winds, and air density, ρ, is assumed to be 1.15 kg/m3.

Vg

Heading α

VR

VT
Site

Figure 3.1: Schematic of wind field structure and gradient wind speed decompo-
sition in a TC.

Structural damage assessment commonly relies on surface wind speeds; for

example, fragility functions typically require 3-second gust wind speeds at 10 m

height in open terrain as input. Therefore, converting Vg to surface wind speeds
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is a necessary step, which can be expressed as:

U0 = Vg · F ·G, (3.3)

where F is a gradient-to-surface conversion factor to transform the gradient wind

speed into a surface wind speed. G represents the gust factor, which converts

sustained wind speeds over long durations (e.g., 10 minutes to 1 hour) to gust

wind speeds (e.g., 3 seconds). The conversion factor, F , in Eq. (3.3), comprises

two components: the ratio of 10-meter overwater wind speed to gradient wind

speed, R(x), and the ratio of 10-meter overland wind speed to that over water,

ϕt. The ratio R(x) is defined as follows (Georgiou, 1986):

R(x) =



1− 0.35x, 0 ≤ x ≤ 0.5

0.825, 0.5 < x ≤ 2

0.825− 0.025(x− 2), 2 < x ≤ 5

0.75, x > 5

(3.4)

where x = r/Rmax. The value of ϕt is estimated as (Georgiou, 1986):

ϕt =


1.0− 0.015 ·DC, 0 ≤ DC ≤ 10.0

0.875− 0.0025 ·DC, 10.0 < DC ≤ 50.0

0.75, DC > 50.0

(3.5)

where DC is the inland distance from the coastline, measured in kilometres. The

gust factor G is computed as (Vickery and Skerlj, 2005):

G = f(U10, u∗, z0) · [1 + Iu · g(y, τ, 10)] , (3.6)

where U10 is the 10 m mean wind speed derived from Eqs. (3.4)–(3.5), u∗ is the

friction velocity, z0 is the surface roughness length, Iu is the turbulence intensity at
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10 m, and g(y, τ, 10) is the peak factor depending on turbulence spectral properties

y, gust duration τ , and reference height (10 m). Further details can be found in

Vickery and Skerlj (2005).

The Georgiou model was demonstrated using Hurricane Andrew (1992). As

shown in Fig. 3.2a and Fig. 3.2b, these figures compare the wind field simulated by

the Georgiou model with the observed wind field from H∗Wind. The comparison is

based on the 1-minute wind speed at a height of 10 meters above the water surface

at 0900 UTC on August 24, 1992. The simulated wind field closely matches the

observed field from the H∗Wind archive, demonstrating the model’s reliability for

engineering applications.

(a)

-81.0 -80.5 -80.0 -79.5

26.0

25.5
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24.5

130
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0

80

110100

90

(b)

Figure 3.2: Wind field for Hurricane Andrew at 0900 UTC on August 24, 1992,
(a) From Georgiou wind field model, (b) From H∗Wind legacy archive (Powell
et al., 1998).

Historical TC databases such as HURDAT2 (HRD/NOAA, 2023), the interna-

tional best track archive for climate stewardship (IBTrACS) (Knapp et al., 2010),

the China Meteorological Administration dataset (Hong et al., 2016), the Hong
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Kong Observatory (Doberck, 1884), and the Regional Specialized Meteorological

Centre Tokyo (Kunitsugu, 2012), provide extensive global records of TCs. These

databases typically include TC information such as longitude, latitude, maximum

wind speed (Vmax), and central pressure (Pc), among other variables. Due to lim-

itations in previous recording techniques, specific parameters are often missing or

incomplete for early TCs. For example, the radius to maximum wind speed (Rmax)

and Pc are frequently absent from earlier records. Additionally, the pressure profile

exponent B, which characterises the pressure gradient around the storm eye and

determines the rate of pressure increase outward from the centre, is not explicitly

provided in these databases.

To address this issue, researchers have derived missing parameters through

statistical analyses of historical records. For instance, for TCs in the Gulf of

Mexico, the Rmax is estimated as a function of pressure difference (∆P ):

ln(Rmax) = 3.858− 7.700× 10−5∆P 2 + εlnRmax , (3.7)

where εlnRmax represents the model error for the logarithmic Rmax, which follows

a normal distribution with a mean of zero and a standard deviation of 0.390.

For TCs in the Atlantic Ocean, an optimal model for Rmax incorporates both

∆P and latitude (Ψ). In this case, εlnRmax has a standard deviation of 0.466:

ln(Rmax) = 3.421− 4.600× 10−5∆P 2 + 0.00062Ψ2 + εlnRmax . (3.8)

For TCs making landfall along the Gulf and Atlantic coasts, Rmax is estimated

as follows, with εlnRmax having a standard deviation of 0.457:

ln(Rmax) = 2.377− 4.825× 10−5∆P 2 + 0.0483Ψ + εlnRmax . (3.9)

Finally, a generalised model applicable to all TCs is expressed as:

ln(Rmax) = 3.015− 6.291× 10−5∆P 2 + 0.0337Ψ + εlnRmax , (3.10)
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where the standard deviation of εlnRmax is 0.441.

The estimation of Pc is typically based on a power-law relationship with Vmax:

Vmax = m (Pref − Pc)
n , (3.11)

where m and n are regression coefficients, and Pref represents the ambient atmo-

spheric pressure, which is taken as 1016 hPa for the North Atlantic region and

1010 hPa for the Western North Pacific (Harper, 2002). The values of the regres-

sion coefficients vary by study region. For instance, Dvorak (1984) determined the

coefficients for the North Atlantic region as m = 3.45 and n = 0.644.

The parameter B is commonly derived by minimizing the discrepancy between

computed and observed Vmax (Vickery and Wadhera, 2008; Zeng et al., 2021).

This process often involves iterative calculations, which can be computationally

demanding, particularly for large number of TC simulations. An alternative ap-

proach relies on regression models linking B to other TC parameters. For instance,

Vickery et al. (2000) provided an empirical formulation for estimating B in cases

where ∆P > 25 mb and flight levels were below 3,000 m:

B = 1.34 + 0.000328∆P − 0.000522Rmax. (3.12)

For storms with ∆P > 25 mb and flight levels below 1,500 m, a slightly

adjusted model is used:

B = 1.38 + 0.00184∆P − 0.00309Rmax. (3.13)

These approaches allow for the reconstruction of complete storm datasets re-

quired for hazard modelling. A more comprehensive review of TC parameter

estimation methods can be found in Vickery et al. (2000, 2009a); FEMA (2014);

Harper (2002).
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3.1.2 Damage assessment of individual structures under TC events

Fragility functions are commonly employed to estimate the probability that an

individual structure will reach or exceed a specific damage state given a partic-

ular wind speed. Fragility functions are typically modelled using the CDF of a

lognormal distribution, as shown in Eq. (2.1). The probability of a specific DS is

expressed as

P (DS = v | U = u) = Φ

(
ln(u)− λv

ξv

)
− Φ

(
ln(u)− λv+1

ξv+1

)
, (3.14)

where Φ(·) is the standard normal CDF; λv and ξv are the logarithmic mean and

standard deviation of the fragility function for DS = v; and λv+1 and ξv+1 are the

corresponding parameters for DS = v + 1.

HAZUS-MH defines five damage states, as shown in Table 2.1. Based on these

classifications, the expected loss ratio for building i, E[LRi], is calculated by:

E[LRi] =
∑
k

∫
u

E[LRi|DSi = ds
(k)
i ] · P (DSi = ds

(k)
i | Ui = u) · fudu, (3.15)

where fu is the PDF of wind speed at site i; P (DSi = ds
(k)
i | Ui = u) is the

probability that the building reaches damage state k under wind speed u, which is

calculated using fragility functions; and E[LRi|DSi = ds
(k)
i ] is the expected struc-

tural loss ratio of building i given damage state k, which is typically estimated

as follows: 2%–20% for slight damage, 10%–40% for moderate damage, 50%–80%

for extensive damage, and 100% for complete failure (FEMA, 2014; Wang et al.,

2017). Based on Eq. (3.15), the variance of the loss ratio for building i, Var[LRi],

is then calculated as follows:

Var[LRi] =
∑
k

∫
u

E[LR2
i |DSi = ds

(k)
i ] · P (DSi = ds

(k)
i | Ui = u) · fudu−(∑

k

∫
u

E[LRi|DSi = ds
(k)
i ] · P (DSi = ds

(k)
i | Ui = u) · fudu

)2

.

(3.16)
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3.1.3 Evaluation of system losses during TC events

As discussed in Section 2.1.6, assessing system losses during TC events requires

consideration of two main types of spatial correlation. The first type is site-to-site

correlation, which reflects the similarity of wind speeds between nearby locations.

This correlation is commonly represented using an exponential function of the sep-

aration distance between two sites, as shown in Eq. (2.4). The specific correlation

model and its parameters may vary depending on the wind field formulation and

the geographic characteristics of the study area.

The second type is structure-to-structure correlation, which describes the spa-

tial correlation between structural capacities. This correlation reflects similarities

in design practices, construction materials, and building codes. It can be modelled

as (Vitoontus, 2012):

qij = c · exp
(
−hij
d

)
+ r, (3.17)

where d is the scale of correlation, which determines the rate at which the correla-

tion decays with distance. The parameters c and r reflect the degree of similarity

between buildings.

Common performance metrics for regional buildings include the structural

damage ratio, direct economic loss, economic loss ratio, and household displace-

ment, among others (Lin and Wang, 2016; Ellingwood et al., 2018). Of these met-

rics, the loss ratio is frequently used to evaluate regional building performance, as

it offers a standardized measure of value that facilitates comparisons and evalua-

tions across various regions and building types. The overall loss ratio in a region,

called building portfolio loss ratio (BPLR), is defined as the ratio of the total loss

to the total replacement cost of all buildings. It is expressed as follows (Vitoontus,
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2012):

BPLR =

∑
i LRi ·RPCi∑

iRPCi

, (3.18)

where LRi is the structural loss ratio of building i, RPCi is the full structural

replacement cost of building i.

Based on Eq. (3.18), the expected BPLR and its variance are given by:

E[BPLR] =

∑N
i=1 E[LRi] ·RPCi∑N

i=1RPCi

, (3.19)

Var[BPLR] =



N∑
i=1

(
Var[LRi] ·RPC2

i

)
+

N∑
i=1

N∑
j=1
i ̸=j

ρLRi,LRj
· σLRi

· σLRj
·RPCi ·RPCj


(∑N

i=1RPCi

)2 , (3.20)

where ρLRi,LRj
is the correlation coefficient between the loss ratios of buildings i

and j, influenced by spatial proximity and structural similarities.

In practice, Eq. (3.1) 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 similari-

ties 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 (Vitoontus, 2012). Consequently, Monte Carlo simulation

(MCS) is typically employed to approximate Eq. (3.1) (Ellingwood et al., 2018).

In each simulation, a sample wind field is generated using a TC wind field model.

A random field model is then applied to the TC wind field to account for the

modelling uncertainties of the wind field model, which is a main contributor to

TC risk assessment (Li and Ellingwood, 2006). The post-hazard damage states

of buildings are then evaluated using structural fragility functions, such as those
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provided in HAZUS (FEMA, 2014) or other empirical/analytical studies (Elling-

wood et al., 2004; Li and Ellingwood, 2006). In the structural damage assessment,

spatial correlations, including both site-to-site and structure-to-structure correla-

tions, should be incorporated. The system performance indicator Z is computed

based on the relationship between the individual structure’s damage and overall

system performance. Repeating this procedure over a sufficiently large number

of simulations yields the probability distribution and statistics of the system-level

performance metric Z.

3.2 Monte Carlo simulation for probabilistic risk

analysis

3.2.1 Introduction to Monte Carlo simulation

The name “Monte Carlo” originates from the famous casino in Monaco, reflecting

the method’s reliance on randomness, much like games of chance. Monte Carlo

simulation (MCS) is a computational technique that relies on random sampling

and statistical methods to solve complex problems involving uncertainty. It is

particularly useful in situations where analytical solutions are impractical or in-

feasible due to the complexity of the system, the presence of multiple interacting

variables, or the need to account for randomness.

MCS is built upon probability theory, particularly the Law of Large Numbers

and the Central Limit Theorem. The fundamental principle of this approach

is that with a sufficiently large number of simulations, the statistical properties

of the sampled data converge to the true values of the underlying probability

distributions. By repeatedly drawing random samples from a specified probability

distribution, it is possible to estimate quantities such as expected values, variances,

and probabilities of extreme events.
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Suppose a random variable X follows a probability density function p(x), and

we are interested in computing various statistical properties such as the expec-

tation, variance, and CDF of a function f(X). Theoretically, the expectation of

f(X) is expressed as:

E[f(X)] =

∫
f(x)p(x)dx. (3.21)

Instead of solving integrals analytically, MCS approximates these quantities

through random sampling. By generating N independent and identically dis-

tributed (i.i.d.) samples X1, X2, ..., XN , the Monte Carlo estimate of the expecta-

tion is:

E[f(X)] ≈ 1

N

N∑
i=1

f(Xi). (3.22)

Similarly, the variance of f(X) can theoretically be calculated using:

Var[f(X)] = E[f(X)2]− (E[f(X)])2. (3.23)

Using Monte Carlo sampling, the variance can be approximated by:

Var[f(X)] ≈ 1

N

N∑
i=1

f(Xi)
2 −

(
1

N

N∑
i=1

f(Xi)

)2

. (3.24)

Similarly, the CDF of f(X) is defined as:

Ff (a) = P (f(X) ≤ a) =

∫ a

−∞
pf (y)dy, (3.25)

where pf (y) is the probability density function of f(X). MCS estimates this

probability by counting the proportion of sampled values satisfying the condition

f(Xi) ≤ a:

Ff (a) ≈
1

N

N∑
i=1

I(f(Xi) ≤ a), (3.26)

where I(·) is an indicator function that equals one if the condition inside holds

and zero otherwise.
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3.2.2 Generation of a single random variable

In an MCS, it is necessary to generate random numbers that follow a given proba-

bility distribution. Based on the complexity of the probability distribution, various

methods can be utilized to generate random samples. The most common ap-

proaches include the inverse transform method, rejection sampling, and, in more

complex cases, Markov Chain Monte Carlo (MCMC) methods.

The inverse transform method is one of the most straightforward and widely

used techniques for generating random samples from a given probability distribu-

tion. The core idea of the inverse transform method is that if a random variable

X follows a given continuous distribution with cumulative distribution function

FX(x), then the variable U = FX(X) follows a uniform distribution on [0, 1].

Specifically, a uniformly distributed random number U ∼ U(0, 1) can be trans-

formed into a sample from the target distribution by computing:

X = F−1
X (U). (3.27)

The inverse transform method is particularly effective for distributions where

FX(x) has a closed-form inverse. For example, in the case of an exponential

distribution with parameter λ, the CDF is given by:

FX(x) = 1− e−λx, (3.28)

and solving for x in terms of U yields:

X = −1

λ
ln(1− U). (3.29)

The method is also applicable to discrete distributions, where the inverse func-

tion can be computed iteratively by summing over the probability mass function.

However, one limitation of the inverse transform method is that, for many distri-

butions, it is difficult or impossible to compute the inverse CDF analytically. In

such cases, this method is not suitable.
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When the inverse transform method is not feasible, rejection sampling provides

an alternative. The fundamental idea behind rejection sampling is to use an easily

sampled proposal distribution g(x) that resembles the target distribution f(x)

while ensuring that:

f(x) ≤Mg(x), ∀x, (3.30)

whereM is a constant chosen to ensure that g(x) properly envelops f(x). A candi-

date sample is drawn from g(x), and an additional acceptance step is performed to

determine whether the sample should be retained. Specifically, a uniform random

variable U ∼ U(0, 1) is drawn, and the sample is accepted if:

U ≤ f(X∗)

Mg(X∗)
, (3.31)

where X∗ is the proposed sample. This acceptance criterion ensures that the final

set of accepted samples follows the desired distribution.

To illustrate this method, consider a scenario where the target distribution is:

fX(x) = 3x2, 0 ≤ x ≤ 1. (3.32)

It is straightforward to verify that this is a valid probability density function,

as its integral over [0, 1] equals 1. Since directly sampling from fX(x) is not

trivial, we use a simpler proposal distribution g(x), which we take as the uniform

distribution:

g(x) = 1, 0 ≤ x ≤ 1. (3.33)

To ensure that fX(x) ≤ Mg(x) for all x, we observe that the maximum value

of fX(x) occurs at x = 1, where fX(1) = 3. Therefore, we chooseM = 3, ensuring:

fX(x) ≤ 3g(x), ∀x ∈ [0, 1]. (3.34)

The rejection sampling procedure then follows these steps:
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1. Draw a candidate Y from the uniform distribution g(x) = U(0, 1).

2. Generate an independent, uniformly distributed random number U ∼ U(0, 1),

which is used to determine whether to accept or reject the process.

3. Accept Y as a sample from fX(x) if:

U ≤ fX(Y )

Mg(Y )
=

3Y 2

3× 1
= Y 2. (3.35)

Otherwise, reject Y . Then, repeat the process a certain number of times,

for example, 10,000 times.

It is worth noting that the choice of the proposal distribution g(x) has a sig-

nificant impact on the method’s efficiency. If the proposal function closely ap-

proximates the shape of f(x), the acceptance rate will be high, leading to a more

efficient sampling process. Conversely, a poor choice of g(x) can lead to excessive

rejections, making the method computationally expensive.

For even more complex distributions, particularly those in high-dimensional

spaces, MCMC methods are often employed. MCMC techniques construct a

Markov chain whose stationary distribution is the target distribution, allowing

for iterative sampling from otherwise intractable probability distributions. The

Metropolis-Hastings algorithm is a commonly used MCMC method where a pro-

posed state is accepted or rejected based on a probabilistic criterion, ensuring that

the Markov chain converges to the desired distribution over time. Another widely

used approach, Gibbs sampling, is particularly effective when the conditional dis-

tributions of the target distribution are known and can be sampled efficiently.

In most cases in this thesis, the inverse transform method and rejection sam-

pling are sufficient to generate random numbers from the required probability

distributions. For more algorithms related to MCMC, please refer to Robert and

Casella (2004); Suess and Trumbo (2010).
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3.2.3 Generation of correlated random variables

Modelling correlated random variables is essential for reliability analysis and risk

assessment. This section discusses two key approaches for generating correlated

random samples: (1) the case where variables follow a multivariate normal distri-

bution and (2) the case where variables follow non-normal distributions.

When all variables follow a multivariate normal distribution, generating corre-

lated samples is straightforward. Suppose the random vectorX = (X1, X2, ..., Xn)

follows:

X ∼ N (µ,Σ), (3.36)

where µ is the mean vector, and Σ is the covariance matrix of X. A standard

approach to generate X involves the Cholesky decomposition of Σ:

Σ = LLT, (3.37)

where L is a lower triangular matrix. By generating an independent standard

normal vector Z = (Z1, Z2, ..., Zn) (where Zi ∼ N (0, 1)), we obtain the correlated

X through:

X = µ+LZ. (3.38)

In many real-world scenarios, variables do not follow a normal distribution. In

such a scenario, the Nataf transformation can be applied for correlation modelling

of non-normal distributions while maintaining the known marginal distributions.

Let X = (X1, X2, ..., Xn) be a vector of random variables with known marginal

distributions FXi
(x) and a known correlation matrix PX = [ρXij

]. The goal is to

generate samples of X while maintaining both the individual distributions and

the prescribed correlation structure.

The Nataf transformation introduces an auxiliary vector Y = (Y1, Y2, ..., Yn),

where each Yi is a standard normal variable correlated via matrix PY = [ρYij
].
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The relationship between X and Y is given by:

Xi = F−1
Xi

(
Φ(Yi)

)
, (3.39)

where F−1
Xi

(·) is the inverse CDF of Xi, Φ(·) is the standard normal CDF. Thus,

the key step in the Nataf approach is determining PY , the correlation matrix

in normal space, such that the transformed variables X maintain their target

correlation PX . The correlation transformation from PX to PY follows an integral

equation:

ρXij
=

∫ ∞

−∞

∫ ∞

−∞

[F−1
Xi

(Φ(yi))− µi

σi

][F−1
Xj

(Φ(yj))− µj

σj

]
ϕ2(yi, yj; ρYij

) dyi dyj,

(3.40)

where ϕ2(yi, yj; ρYij
) is the bivariate normal PDF with correlation ρYij

. µi and σi

are the mean and standard deviation of Xi. This equation is solved iteratively

to determine ρYij
for each pair (i, j). Once PY is obtained, the standard normal

samples Y are generated via Cholesky decomposition and then mapped back to

X using the Eq. (3.37), Eq. (3.38) and Eq. (3.27).

In practical applications, when the coefficient of variation (CoV) of Xi is rel-

atively small (typically CoV < 0.5), a polynomial approximation can be used

to directly estimate ρ′Xij
from ρXij

, avoiding expensive numerical integration. A

commonly used approximation is:

ρ′Xij
≈ Rij(CoV, ρXij

) · ρXij
, (3.41)

where Rij is an empirical function determined by regression or lookup tables

(Der Kiureghian and Liu, 1986; Melchers and Beck, 2018).

3.2.4 Latin Hypercube sampling

Latin Hypercube sampling (LHS) is a stratified sampling technique designed to

improve the efficiency of Monte Carlo simulations, particularly in high-dimensional
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spaces. For instance, in Chapter 4, we employ LHS to generate multiple TC-

related variables for building the training dataset. The advantage of LHS is that

it preserves the probabilistic characteristic of traditional MCS and, at the same

time, ensures a more uniform and thorough exploration of the input space.

The fundamental idea of LHS is to divide the cumulative probability distri-

bution of each input variable into N equally probable, non-overlapping intervals.

For a problem with d random input variables and a desired sample size of N ,

the method generates one sample from each interval in each dimension, ensur-

ing that all regions of the input space are represented. The resulting N samples

are constructed such that each one draws values from unique intervals across all

dimensions, reducing clustering and oversampling in localized regions. Mathemat-

ically, let X = (X(1), X(2), . . . , X(d)) be a vector of d input random variables, each

with a known cumulative distribution function Fi(x). The unit interval [0, 1] is

partitioned into N equally spaced subintervals:[
0,

1

N

)
,

[
1

N
,
2

N

)
, . . . ,

[
N − 1

N
, 1

]
. (3.42)

Within each subinterval, a value is randomly sampled. For the j-th sample,

the value in the i-th dimension is generated as:

x
(i)
j = F−1

i

(
πi(j)− 1 + uij

N

)
, j = 1, 2, . . . , N, i = 1, 2, . . . , d, (3.43)

where πi is a random permutation of the integers {1, 2, . . . , N} for dimension i,

uij is a uniform random variable sampled in the interval [0, 1), and F−1
i is the

inverse CDF of the i-th variable. This process guarantees that each marginal

distribution is well-sampled across its entire range. By shuffling the sample order in

each dimension using the permutation πi, the method avoids correlations induced

by aligned sampling across dimensions. It promotes a space-filling design in the

multidimensional input space.
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When input random variables exhibit statistical dependence, the direct appli-

cation of LHS may not adequately capture the underlying correlation structure.

In such cases, the LHS method can be combined with the Nataf transformation to

generate samples that not only preserve the marginal distributions of each vari-

able but also approximate the desired correlation matrix. The process typically

proceeds as follows:

First, the marginal distribution and the correlation structure of the input vari-

ables need to be specified. Assume that each X(i) in X = (X(1), X(2), . . . , X(d))

has a known cumulative distribution function Fi(x), and let ρ denote the desired

correlation matrix for X.

Second, the original variables are mapped into a standard normal space using

the Nataf transformation. Each variable is independently transformed via its cu-

mulative distribution and the inverse of the standard normal distribution function

Φ−1:

Z(i) = Φ−1(Fi(X
(i))), i = 1, 2, . . . , d, (3.44)

where the vector Z = (Z(1), Z(2), . . . , Z(d)) is a standard Gaussian vector. How-

ever, to ensure that the transformation maintains the correct correlation in the

original space, the Gaussian vector must have a correlation matrix ΣZ that is

consistent with the target correlation matrix ρ under the Nataf framework (see

Section 3.2.3).

Third, LHS is performed in the standard normal space. For a total of N

samples, the unit interval [0, 1] is divided into N equally spaced subintervals in

each dimension. A value is randomly selected from each subinterval, and a random

permutation is applied to determine the order of values in each dimension. This

process refers to Eq. (3.43), and the standard normal sample is generated as:

Z̃
(i)
j = Φ−1

(
πi(j)− 1 + uij

N

)
, (3.45)
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where Z̃j = (Z̃
(1)
j , . . . , Z̃

(d)
j ) are approximately independent and standard normally

distributed. To introduce the desired correlation ΣZ , the Cholesky decomposition

of the matrix is applied using Eq. (3.37) and each independent sample Z̃j is then

transformed to a correlated standard normal sample via:

Ẑj = LZ̃j. (3.46)

Finally, the correlated Gaussian samples Ẑj are mapped back to the original

variable space using the inverse Nataf transformation. For each dimension i, this

involves computing the cumulative standard normal probability and applying the

inverse of the marginal distribution function:

X
(i)
j = F−1

i

(
Φ(Ẑ

(i)
j )
)
, i = 1, 2, . . . , d, (3.47)

where the samples Xj = (X
(1)
j , . . . , X

(d)
j ) jointly follow the prescribed marginal

distributions and approximate the target correlation matrix ρ.

3.3 Development of TC loss models for build-

ing portfolios

3.3.1 Motivation and challenges

Inspired by fragility functions, which estimate structural damage based on wind

speed without requiring structural analysis, this study aims to develop a TC loss

model capable of estimating damage to building portfolios using only basic TC

information. Once the model is established, TC damage assessments can be per-

formed without conducting the scenario-based TC risk analysis described in Sec-

tion 3.1, thereby significantly improving assessment efficiency.

However, the accuracy of TC loss models is significantly affected by regional

characteristics. For example, when developing a wind-loss function for a large-

scale community with uneven building distribution, the same regional wind speed
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(typically measured at the regional centroid) may correspond to substantially dif-

ferent losses due to spatial heterogeneity: a TC impacting densely built areas will

cause significantly more damage than one affecting sparsely populated regions.

As a result, directly constructing a TC loss model may lead to a weak correlation

between regional wind speed and the associated losses.

To address this issue, this study proposes a “divide-and-aggregate” approach.

Instead of developing a TC loss model for the entire study area, the region is

first divided into smaller sub-regions, and loss functions are then established for

each sub-region individually. The total damage for the whole area is calculated

by aggregating the loss estimates from all sub-regions. This approach has several

advantages. First, because each sub-region is much smaller than the whole study

area, the variation in wind speeds within a sub-region is significantly reduced.

Second, the spatial division groups areas with similar characteristics together.

Therefore, although the overall region may be heterogeneous, each sub-region

tends to exhibit relatively uniform characteristics. Compared to constructing a

wind–loss function for the entire study area, developing functions at the sub-

regional level can lead to substantially improved accuracy.

3.3.2 Criteria for regional division

This section introduces three primary criteria to guide the regional division.

The first criterion is the spatial distribution of buildings. In most communi-

ties, buildings are not uniformly distributed but tend to cluster in specific areas.

By grouping regions with similar building densities, we can distinguish between

densely and sparsely populated zones, ensuring a relatively uniform distribution of

structures within each sub-region. Government statistical data typically includes

the number of buildings and the area of administrative regions. Building density ρb

can be calculated using the formula ρb = Nb/A, where Nb represents the number of
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buildings within a given area A. Alternatively, Kernel Density Estimation (KDE)

can be employed to provide a more spatially continuous assessment of building

density.

The second criterion is topography. Structures located in areas with dense

vegetation or natural barriers experience significantly lower wind loads than those

in open, unobstructed terrain. Grouping regions with similar topographical fea-

tures into the same sub-region, therefore, helps ensure more consistent wind load

effects. In wind engineering, topography is commonly quantified using the sur-

face roughness length z0, which represents the height at which the extrapolated

logarithmic wind profile reaches zero velocity (FEMA, 2014). A higher z0 value in-

dicates rougher terrain, leading to greater wind attenuation due to surface friction.

Roughness length can be obtained from government databases that document land

use and vegetation characteristics. It may also be estimated using remote sensing

or GIS methods by analysing land cover data, including vegetation patterns, built

environments, and terrain features (FEMA, 2014).

The third criterion is the regional TC risk. While the precise location of a

future TC cannot be predicted, the statistical distribution of TC risk across the

study area can be assessed. Higher risk areas are more likely to experience TCs

with greater frequency and severity, and vice versa. Therefore, regions with similar

levels of risk should be grouped together. In this study, TC risk is measured using

return period (RP) wind speed, which is defined as the wind speed expected

to be exceeded, on average, once within a specified RP (Vickery et al., 2009b).

Generally, regions closer to the coastline are exposed to higher return period wind

speeds. These wind speeds are estimated by simulating thousands of years of TC

activity and statistically evaluating the associated regional risks. For instance,

Vickery et al. (2009b) developed a synthetic TC model to generate contour maps
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of return period wind speeds for coastal cities in the United States. While different

RPs correspond to varying wind speed levels, the spatial distribution patterns are

similar across RPs.

Other criteria, such as structural types, building heights, and year of con-

struction, also have an impact on improving sub-regional uniformity. These struc-

tural characteristics often exhibit spatial clustering. When similar structures are

grouped, they tend to exhibit more consistent structural responses within sub-

regions during TC events. However, such detailed information is often difficult to

obtain in practice, as it requires not only data on these attributes but also the

precise spatial location of each building. For this reason, these factors are not

treated as primary considerations in this study.

3.3.3 Spatial clustering using the SKATER algorithm

The SKATER (Spatial ‘K’luster Analysis by Tree Edge Removal) algorithm (Teix-

eira et al., 2015) is a graph-based spatial clustering method that groups spatial

units with similar characteristics while preserving spatial contiguity within each

cluster. In this study, we apply the SKATER algorithm, guided by the three

regional characteristics introduced in Section 3.3.2, to partition the study area.

The study area is first discretised into spatial grids with a predefined resolu-

tion. These grids serve as the basic spatial units of analysis, each containing cor-

responding values for building density, roughness length, and return period wind

speed. The choice of grid resolution should balance computational efficiency with

modelling accuracy. These three attributes have different scales: building density

ranges from tens to thousands per square kilometre, roughness length spans from

0 to 1, and return period wind speed ranges from tens to hundreds of miles per

hour. Therefore, before clustering, these attributes are standardized to prevent

any single feature from disproportionately influencing the clustering outcome.
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The objective of the SKATER algorithm is to minimize within-cluster variance

while ensuring that each cluster remains spatially contiguous. This objective can

be expressed as:

Minimize
k∑

i=1

∑
x∈Ci

(x− µCi
)2, (3.48)

where µCi
is the mean value of cluster Ci, x is an individual data point within the

cluster, and k is the number of clusters. This objective function is similar to that of

the K-means algorithm; the key difference is that the SKATER algorithm includes

an additional constraint — each cluster Ci must form a connected subgraph. That

is, for any two spatial units within Ci, there must exist a path connecting them

that includes only units belonging to Ci. For further details, refer to Teixeira et al.

(2015). In this study, the SKATER algorithm is implemented using the PySAL

library in Python.

The SKATER algorithm typically requires the number of clusters to be spec-

ified as an input parameter. However, manual selection of this number can be

subjective. To address this, an adaptive approach is adopted to determine the

optimal number of clusters: the sum of within-cluster variance is calculated for a

range of cluster counts and plotted against the corresponding number of clusters.

As within-cluster variance decreases monotonically with an increasing number of

clusters, we identify the “elbow point” of the curve, where the rate of variance

reduction significantly diminishes, as the optimal number of clusters. This ap-

proach ensures that features within each sub-region are sufficiently uniform while

avoiding an excessive number of clusters.

To illustrate the SKATER algorithm, we present an example using a 3 × 3

spatial grid. The grid consists of 9 spatial units arranged in row-major order, each
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uniquely indexed from 0 to 8: 
0 1 2

3 4 5

6 7 8

 . (3.49)

Each spatial unit is associated with a single attribute X, with values ran-

domly assigned in the range of 1 to 10. In this example, we assume X =

[2, 7, 10, 3, 7, 2, 5, 8, 4]. Spatial adjacency is defined using the Rook cri-

terion, where each unit is adjacent to its immediate north, south, east, or west

neighbour. The goal is to partition these nine spatial units into two spatially

contiguous clusters.

The objective function of the SKATER algorithm is equivalent to that of the

classical K-means clustering, as shown in Eq. (3.48). What distinguishes SKATER

from standard K-means is that it incorporates a spatial constraint: each cluster

Cj must form a spatially connected subgraph. That is, if two spatial units i and j

are assigned to the same cluster, there must exist a path between them consisting

entirely of units within Cj. SKATER achieves this objective through the following

steps. First, it constructs a spatial adjacency graph, where each node represents

a spatial unit, and each edge connects a pair of neighbouring units. The edge

weights represent the dissimilarity between connected units and are defined as:

wij = |Xi −Xj|. (3.50)

Since this example involves only one attribute, using the absolute difference

effectively captures the dissimilarity between units in terms of this attribute. For

multivariate data, it is common practice to standardize each attribute and compute

a multivariate distance (e.g., Euclidean distance) to account for all dimensions.

Applying the above definition to each adjacent pair in the 3 × 3 grid yields the

edge weights shown in Table 3.1.
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Table 3.1: Edge weights derived from attribute differences for MST construction
in the SKATER algorithm.

Edge Nodes |Xi −Xj|
e1 (0–1) 5
e2 (0–3) 1
e3 (1–2) 3
e4 (1–4) 0
e5 (2–5) 8
e6 (3–4) 4
e7 (3–6) 2
e8 (4–5) 5
e9 (4–7) 1
e10 (5–8) 2
e11 (6–7) 3
e12 (7–8) 4

Next, SKATER constructs a minimum spanning tree (MST) from this graph,

using the edge weights to determine the optimal structure with minimal total dis-

similarity. The MST connects all nine nodes with eight edges and avoids forming

any cycles. The MST is formed by selecting the edges in ascending order of weight,

provided they do not introduce loops. The resulting MST includes the following

edges:

{(1, 4), (0, 3), (4, 7), (3, 6), (5, 8), (1, 2), (6, 7), (7, 8)}. (3.51)

To partition the data into k clusters, the SKATER algorithm removes the k−1

most “inconsistent” edges from the MST. These are typically the edges with the

highest weights as they represent the most significant attribute differences. In this

example, we target k = 2 clusters. The edge (7–8) has the highest weight of 4 and

is therefore removed. This splits the MST into two connected components: Cluster

1 (C1): {0, 1, 2, 3, 4, 6, 7}; Cluster 2 (C2): {5, 8}. To evaluate the clustering
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result, we compute the within-cluster sum of squared deviations (SSW):

SSW =
2∑

j=1

∑
i∈Cj

(Xi − X̄j)
2. (3.52)

For Cluster 1, the attribute values are [2, 7, 10, 3, 7, 5, 8], the within-cluster

sum of squares is
∑

i∈C1
(Xi − 6.0)2 = 48. For Cluster 2, the values are [2, 4], the

within-cluster sum of squares is
∑

i∈C2
(Xi − 3.0)2 = 2. Thus, the total within-

cluster sum of squares is 48+2 = 50. In comparison, if no clustering is performed

(i.e., all nodes are in a single group), the total sum of squared deviations is about

64. This demonstrates a reduction in within-cluster variance from 64 to 50 after

partitioning.

It is worth noting that the MST-based cut used in this example is a heuristic

approach. In many cases, removing the edge with the most significant attribute

difference yields a reasonable clustering result but not necessarily the optimal

one. In practice, SKATER implementations employ a more flexible optimisation

strategy. Rather than simply removing the edge with the highest weight, the

algorithm may instead remove an edge with a smaller weight if doing so results

in a lower overall SSW. For instance, in this example, SKATER choose to remove

the edge between nodes 1 and 2 (with weight 3) rather than the edge between

nodes 7 and 8 (with weight 4). This results in the following two clusters: Cluster

1 includes nodes {0, 1, 3, 4, 5, 6, 7, 8}, and Cluster 2 consists solely of node {2}.

Although the removed edge does not have the highest weight, the resulting SSW

is reduced to 39.5, which is lower than the 50 obtained from the naive heuristic.

For further details on the optimisation constraints and improvements in SKATER,

refer to AssunÇão et al. (2006); Teixeira et al. (2015); Aydin et al. (2018).
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3.4 Example: TC loss models for building port-

folios in Miami-Dade County

3.4.1 Overview of Miami-Dade County

Miami-Dade County, Florida, is highly vulnerable to cyclones and has experienced

a sufficient number of historical events to support model development. Post-

cyclone reports indicate that single-family residential buildings are among the

most frequently observed types of damaged structures (Ellingwood et al., 2004).

Accordingly, this section uses single-family residential buildings (hereafter referred

to as residential buildings) as an example to illustrate the procedure for construct-

ing TC loss models in Miami-Dade County.

According to building statistics reported in the Hazus Inventory Technical

Manual (FEMA, 2014), 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

category is further divided into subcategories based on variations in structural

components, including roof shape, sheathing, and shutters. Specifically, WSF1 and

WSF2 are each divided into eight subcategories, while MSF1 and MSF2 are each

divided into twelve. The number of buildings in each subcategory is determined

from the proportional combinations of these component types relative to the total

number of buildings in the category, as summarised in Table 3.2.

Fragility functions for these structures are obtained from HAZUS-MH (FEMA,

2014). To account for variations in terrain, represented by surface roughness

length, HAZUS-MH provides four fragility functions for each structure type: z0 =

0.03 m (open terrain), z0 = 0.35 m (typical suburban terrain), z0 = 0.7 m (subur-

ban terrain with some trees or densely spaced homes), z0 = 1.0 m (treed suburban

terrain). For locations with surface roughness values that fall between the defined
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Table 3.2: Classification and quantity of residential buildings in Miami-Dade
County (FEMA, 2014).
Building types Component types Number

WSF1


Roof shape: Gable: 62%, Hip: 38%;

Sheathing: 8d@6”/6”: 43%, 6d@6”/12”: 57%;

Shutters: Yes: 30%, No: 70%.

72379

WSF2


Roof shape: Gable: 62%, Hip: 38%;

Sheathing: 8d@6”/6”: 43%, 6d@6”/12”: 57%;

Shutters: Yes: 30%, No: 70%.

31022

MSF1


Roof shape: Gable: 62%, Hip: 38%;

Sheathing: 8d@6”/6”: 43%, 6d@6”/12”: 25%, 8d@6”/12”: 32% ;

Shutters: Yes: 30%, No: 70%.

240325

MSF2


Roof shape: Gable: 62%, Hip: 38%;

Sheathing: 8d@6”/6”: 43%, 6d@6”/12”: 25%, 8d@6”/12”: 32% ;

Shutters: Yes: 30%, No: 70%.

49219

categories, building damage is estimated by interpolating the fragility functions

of the adjacent categories. To calculate loss ratios, the empirical relationship be-

tween DS and loss ratio is applied as follows (Wang et al., 2017): no damage =

0%, minor damage = 20%, moderate 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

(FEMA, 2014), this study uses replacement cost ratios and assumes they remain

constant across time and census tracts. According to construction cost estimates

from (Homeguide, 2025), 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 (FEMA, 2014). Accordingly, the struc-

tural replacement cost ratios for WSF2/WSF1 and MSF2/MSF1 are both set to

1.88.
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3.4.2 Spatial division according to three criteria

The spatial distribution of residential buildings is shown in Fig. 3.3. Building

density is estimated using building count data from HAZUS at the census tract

level (FEMA, 2014). Based on this data, buildings are randomly generated, and

KDE is applied using the Spatial Analyst tool in ArcGIS to calculate density

values. The results indicate that the highest concentrations of residential buildings

are in the eastern and northeastern regions, while the western and southern areas

contain significantly fewer buildings.

Building density

Figure 3.3: Residential building density in Miami-Dade County.

The HAZUS-MH manual (FEMA, 2014) provides surface roughness length z0

for each census tract in Miami-Dade County. The distribution of z0 is presented

in Fig. 3.4. A correlation can be observed between regional terrain characteristics

and building density: areas with relatively high building density generally have z0

values between 0.35 and 0.70, whereas regions with lower building density typically

exhibit z0 values ranging from 0.03 to 0.35.
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Roughness length
0.170 - 0.219

0.219 - 0.268

0.268 - 0.316

0.316 - 0.365

0.365 - 0.414

0.414 - 0.463

0.463 - 0.511

0.511 - 0.560

Figure 3.4: Surface roughness length at the census tract level in Miami-Dade
County.

Vickery et al. (2009b) estimated TC risk contours for U.S. cities based on

return period wind speeds. In this study, the 100-year return period wind speed

is used to represent TC risk in the study area. Values between contour lines are

estimated through interpolation, and the spatial distribution of TC risk is shown

in Fig. 3.5.

The study area is partitioned using the three criteria and the SKATER al-

gorithm described in Section 3.3. To determine the optimal number of clusters,

the relationship between the sum of within-cluster variance and the number of

clusters is plotted in Fig. 3.6a. An imaginary line is then drawn between the first

and last observations. The perpendicular distance from each point on the curve to

this line is calculated, and the results are shown in Fig. 3.6b. The “elbow point”,

which represents the maximum perpendicular distance from the line, indicates the

optimal number of clusters (Satopaa et al., 2011), which is 13 in this example. To

clarify sub-regional boundaries, a smoothing process is applied using the GRASS
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RP wind speed

Figure 3.5: 100-year return period wind speeds in Miami-Dade County.

toolbox in QGIS. The spatial relationships among the 13 sub-regions are shown

in Fig. 3.7. The centroid coordinates of each segment are shown in Table 3.3.

3.4.3 Construction of TC loss models

According to HURDAT2 (HRD/NOAA, 2023), a total of 122 TCs have passed

within a 100-kilometre radius of Miami-Dade County since 1900. Of these, 27

reached Category 2 or higher on the Saffir-Simpson Hurricane Wind Scale, as

illustrated in Fig. 3.8. In the figure, red traces represent all TCs, while yellow

traces indicate those that reached Category 2 or above. TC loss models require

a sequence of events encompassing both moderate and severe impacts. Historical

statistics indicate that TC damage typically begins at Category 2 (Wikipedia,

2025c). Therefore, these 27 Category 2 or higher TCs are selected for developing

the TC loss model. The basic information of these 27 TCs is presented in Table

3.4. In regions with limited historical TC records, synthetic TCs can be used.

Previous studies (Vickery et al., 2000; Bloemendaal et al., 2020) have developed
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Figure 3.6: Elbow method for determining the optimal number of clusters: (a) sum
of within-cluster variance vs. number of clusters; (b) elbow point identification.

Figure 3.7: Spatial distribution of 13 sub-regions.
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Table 3.3: Centroid coordinates of the 13 sub-regions.

Segment id Longitude Latitude

1 -80.224 25.880
2 -80.415 25.901
3 -80.705 25.822
4 -80.375 25.804
5 -80.250 25.746
6 -80.683 25.588
7 -80.355 25.652
8 -80.461 25.677
9 -80.427 25.532
10 -80.590 25.483
11 -80.463 25.457
12 -80.381 25.384
13 -80.664 25.297

synthetic cyclone models to simulate TC tracks and intensities. Further details

on these methodologies are available in Snaiki and Wu (2020).

Due to the limitations of early recording techniques, certain parameters of

historical cyclones, such as central pressure (Pc) and radius to maximum wind

(Rmax), were not fully documented. The relationship between maximum wind

speed (Vmax) and Pc is commonly modelled using Eq. (3.11). To estimate the

regression coefficients, 570 historical TC snapshots with complete Pc and Vmax data

within a 500 km radius of the study area were collected for regression analysis,

as shown in Fig. 3.9. These coefficients differ slightly from those reported by

Dvorak (1984). The best-fit results from both studies are presented in Table 3.5.

The discrepancy likely stems from the broader geographic scope of the Dvorak

method, which covers the entire North Atlantic, whereas the present study focuses

specifically on TCs near Miami-Dade County. Additionally, Rmax and the B value

are estimated using Eq. (3.9) and Eq. (3.13), respectively.

Each of the 27 TCs is used to calculate the BPLR for each sub-region, following
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Figure 3.8: Historical cyclones within 100 km of Miami-Dade County based on
HURDAT2 (HRD/NOAA, 2023).
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Figure 3.9: The relationship between the Vmax and ∆P in the vicinity of Miami-
Dade county.
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Table 3.4: Cyclone data for developing TC loss models (Category 2+).

No. Storm name Duration Category

1 Hurricane Eight October 8 – October 23, 1906 3
2 Hurricane Five October 6 – October 13, 1909 3
3 Great Miami 11 September - 22 September, 1926 4
4 Havana–Bermuda October 14 - October 28, 1926 4
5 Fort Pierce August 3 - August 14, 1928 2
6 Okeechobee September 6 - September 21, 1928 5
7 Great Bahamas September 19 - October 1, 1929 4
8 Treasure Coast August 31 - September 7, 1933 4
9 Cuba–Bahamas October 1 - October 9, 1933 3
10 Labor Day September 6 - September 10, 1935 5
11 Cuba September 23 - October 2, 1935 4
12 Yankee October 30 - November 8, 1935 2
13 Florida October 3 - October 13, 1941 3
14 Homestead September 12 - September 20, 1945 4
15 Fort Lauderdale September 4 - September 21, 1947 4
16 Florida September 18 - September 26, 1948 4
17 Miami October 3 - October 16, 1948 3
18 Florida August 23 - August 31, 1949 4
19 KING October 13 - October 20, 1950 4
20 DONNA August 29 - September 14, 1960 4
21 CLEO August 21 - September 5, 1964 4
22 ISBELL October 8 - October 19, 1964 3
23 BETSY September 12 - September 13, 1965 4
24 DAVID August 25 - September 8, 1979 5
25 ANDREW August 16 - August 29, 1992 5
26 WILMA October 15 - October 27, 2005 5
27 IRMA August 30 - September 13, 2017 5

Table 3.5: Comparison of regression coefficients in the Vmax–Pc relationship.

Source m n

This study 4.185 0.607
Dvorak (1984) 3.45 0.644
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the scenario-based probabilistic risk assessment framework introduced in Section

3.1. Gradient wind speed is computed using Eq. (3.2) at 15-minute intervals while

the TC centre remains within 100 km of the study area. The conversion factors

F and G are determined using Eq. (3.5) and Eq. (3.6), respectively. Wind field

uncertainty, ε, in Eq. (2.2), is quantified using the model proposed by Zeng et al.

(2021). The variable ε follows a normal distribution, with its mean and standard

deviation defined in Eq. (2.3). The spatial correlation of the wind field, i.e., site-

to-site correlation described in Eq. (2.4), is estimated using a Gaussian model.

The best-fit parameters applied in Eq. (2.4) are a = 1 and b = 1.322Rmax (Zeng

et al., 2021). It is important to note that the uncertainty and correlation models

developed by Zeng et al. (2021) are based on overwater wind speeds. Therefore,

these models should be applied before the water-to-land conversion in Eq. (3.5).

The parameters of spatial correlation between structures, i.e. the structure-

to-structure correlation in Eq. (3.17), depend on construction material, structural

type, and building code. Vitoontus (2012) provided relevant parameters for as-

sessing the correlation between different structural types in seismic risk analysis.

For TC risk assessment, Zeng et al. (2021) revised these parameters as follows:

for buildings of the same type, c = 0.5 and r = 0.2; for buildings of different

types, c = 0.35 and r = 0.14, and these values are adopted in this example. The

scale of correlation, d, adopted 15 km for estimating TC-induced damage to the

power network supports (Zeng et al., 2021). Given that the structural capacity of

residential buildings tends to exhibit greater variability than that of power net-

work supports, their correlation is expected to decline more rapidly with distance.

Therefore, in this example, d is adjusted to 10 km.

To improve computational efficiency, a random sampling method is employed.
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Fig. 3.10 shows the relationship between the estimated BPLR (y-axis) for Miami-

Dade County and the number of random samples (x-axis) during Hurricane An-

drew (1992). The results show that both the mean and standard deviation of

the BPLR stabilise when the sample size reaches approximately 4,000, and this

sample size is therefore adopted for the subsequent analysis.
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Figure 3.10: Convergence of BPLR with increasing sample size.

The TC loss model is then developed for each sub-region. The input variable

is the maximum wind speed, defined as the 3-second gust at 10 meters height

over open terrain, experienced at the centroid of the sub-region during the TC

event. The output variables are the mean and standard deviation of the BPLR

for each sub-region. The TC loss models for the 13 sub-regions are presented in

Fig. 3.11 and Fig. 3.12. The observed relationships indicate that both the mean

and standard deviation of BPLR follow the CDF of a lognormal distribution with
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respect to wind speed:

µBRi
= Φ

(
ln(Ui)− a1

b1

)
, (3.53a)

σBRi
= Φ

(
ln(Ui)− a2

b2

)
, (3.53b)

where µBRi
and σBRi

are the mean and standard deviation of the BPLR for sub-

region i, Ui is the wind speed at the centroid of sub-region i, a1, a2, b1 and

b2 are fitting coefficients, and Φ(·) is the standard normal CDF. The regression

coefficients of each segment (including µBRi
(Ui) and σBRi

(Ui))) are presented in

Table 3.6. The strong regression relationships observed in Figs. 3.11 and 3.12

demonstrate the effectiveness of the proposed spatial division method.

a1=4.35
b1=0.266
RSE=0.008

a1=4.15
b1=0.182
RSE=0.013

a1=4.309
b1=0.229
RSE=0.004

a1=4.329
b1=0.225
RSE=0.007

a1=4.355
b1=0.254
RSE=0.007

a1=4.32
b1=0.23
RSE=0.011

a1=4.229
b1=0.228
RSE=0.008

a1=4.353
b1=0.259
RSE=0.005

a1=4.256
b1=0.251
RSE=0.013

a1=4.342
b1=0.249
RSE=0.003

a1=4.297
b1=0.244
RSE=0.005

a1=4.386
b1=0.256
RSE=0.009

a1=4.233
b1=0.226
RSE=0.01

(11) (12) (13)

(6) (7) (8) (9) (10)

(1) (2) (3) (4) (5)

20 30 40 50 60 30 40 50 60 70 20 30 40 50

20 30 40 50 60 30 40 50 60 70 30 40 50 60 70 30 40 50 60 70 20 30 40 50 60

20 30 40 50 60 70 20 30 40 50 60 20 30 40 50 20 30 40 50 60 40 60 80

0.1

0.2

0.3

0.4

0.0

0.1

0.2

0.3

0.0

0.1

0.2

0.0

0.1

0.2

0.3

0.00

0.05

0.10

0.15

0.0

0.1

0.2

0.3

0.00

0.05

0.10

0.15

0.20

0.00

0.05

0.10

0.15

0.20

0.0

0.1

0.2

0.3

0.4

0.0

0.1

0.2

0.3

0.0

0.1

0.2

0.3

0.0

0.1

0.2

0.3

0.4

0.0

0.1

0.2

Speed (m/s)

T
he

 m
ea

n 
va

lu
e 

of
 B

P
LR

Figure 3.11: Relationship between centroid wind speed and mean BPLR across
13 sub-regions.

Based on the 13 values of µBRi
and σBRi

, the mean and standard deviation

of the BPLR for Miami-Dade County, denoted as µBR and σBR, are calculated as
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a2=4.562
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RSE=0.009
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Figure 3.12: Relationship between centroid wind speed and standard deviation of
BPLR across 13 sub-regions.

Table 3.6: Regression coefficients for the TC loss models for both µBRi
(Ui) and

σBRi
(Ui).

S1 S2 S3 S4 S5 S6 S7 S8 S9 S10 S11 S12 S13

a1 4.35 4.33 4.23 4.34 4.39 4.15 4.36 4.35 4.3 4.23 4.31 4.32 4.26
b1 0.27 0.23 0.23 0.25 0.26 0.18 0.25 0.26 0.24 0.23 0.23 0.23 0.25
a2 4.56 4.47 4.44 4.52 4.67 4.32 4.63 4.55 4.5 4.42 4.62 4.54 4.40
b2 0.43 0.36 0.39 0.39 0.47 0.33 0.45 0.41 0.41 0.38 0.37 0.42 0.37
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follows:

µBR =
N∑
i=1

wiµBRi
, (3.54a)

σ2
BR =

N∑
i=1

w2
i σ

2
BRi

+ 2
N∑
i=1

N∑
j=i+1

wiwjρijσBRi
σBRj

, (3.54b)

where N is the total number of sub-regions (13 in this example), wi is the propor-

tion of sub-region i relative to the total residential building value, and ρij is the

correlation coefficient between the BPLR in sub-regions i and j. This coefficient

reflects sub-regional characteristics (e.g., terrain features, structural types) and

may also be influenced by the selection of TC events. In this example, the corre-

lation matrix is estimated based on the 27 TC events in Fig. 3.8, including both

moderate and severe cases, reflecting an average effect across all levels of severity.

The correlation matrix shows that spatially adjacent sub-regions tend to exhibit

stronger correlations:

ρij =



1.00 0.94 0.77 0.87 0.85 0.67 0.76 0.72 0.75 0.68 0.69 0.74 0.29

0.94 1.00 0.72 0.85 0.79 0.64 0.70 0.70 0.69 0.60 0.61 0.66 0.23

0.77 0.72 1.00 0.88 0.89 0.91 0.89 0.92 0.86 0.81 0.78 0.78 0.37

0.87 0.85 0.88 1.00 0.96 0.85 0.93 0.93 0.88 0.80 0.78 0.79 0.31

0.85 0.79 0.89 0.96 1.00 0.88 0.96 0.94 0.91 0.85 0.83 0.84 0.35

0.67 0.64 0.91 0.85 0.88 1.00 0.92 0.94 0.91 0.87 0.85 0.84 0.44

0.76 0.70 0.89 0.93 0.96 0.92 1.00 0.97 0.96 0.90 0.88 0.87 0.42

0.72 0.70 0.92 0.93 0.94 0.94 0.97 1.00 0.91 0.85 0.82 0.80 0.35

0.75 0.69 0.86 0.88 0.91 0.91 0.96 0.91 1.00 0.94 0.95 0.94 0.49

0.68 0.60 0.81 0.80 0.85 0.87 0.90 0.85 0.94 1.00 0.94 0.90 0.52

0.69 0.61 0.78 0.78 0.83 0.85 0.88 0.82 0.95 0.94 1.00 0.95 0.53

0.74 0.66 0.78 0.79 0.84 0.84 0.87 0.80 0.94 0.90 0.95 1.00 0.57

0.29 0.23 0.37 0.31 0.35 0.44 0.42 0.35 0.49 0.52 0.53 0.57 1.00



. (3.55)

For comparison, an additional loss model is developed using the regional cen-

troid wind speed and the total BPLR of the entire study area, as shown in Fig. 3.13.
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Compared with the regression performance illustrated in Figs. 3.11 and 3.12, the

relationship between the regional centroid wind speed and the total BPLR is

significantly weaker.This indicates that directly constructing loss models at a re-

gional scale may result in poor correlation due to spatial heterogeneity, potentially

leading to suboptimal predictive performance.
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Figure 3.13: Fitted relationship between the regional centroid wind speed and the
total BPLR (a) the mean value of BPLR, (b) the standard deviation of BPLR.

3.4.4 Model validation

To evaluate the validity of the TC loss models established in Section 3.4.3, a vali-

dation is performed using 100 synthetic cyclones from Bloemendaal et al. (2020).

These TCs are selected based on their trajectories, ensuring that each passes

within 100 km of Miami-Dade County. The spatial distribution of these cyclones

is shown in Fig. 3.14.

Fig. 3.15a and Fig. 3.15b compare the true and predicted values of the mean

and standard deviation of BPLR across 100 TC events, respectively. The true

values are calculated using the probabilistic risk assessment framework described

in Section 3.1, while the predicted values are obtained from the TC loss models
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Figure 3.14: Spatial distribution of 100 test TCs used for model validation (Bloe-
mendaal et al., 2020).

defined in Eq. (3.54). Most data points are tightly clustered around the 1:1 diag-

onal line. Even at higher BPLR levels, the model maintains satisfactory accuracy

with only minor deviations. The close agreement between the two sets of values

supports the validity of the proposed TC loss models and highlights their potential

for efficient regional risk estimation.

For comparison, the prediction results based on the TC loss model constructed

using the regional centroid wind speed and the total BPLR of the entire study

area are presented in Fig. 3.16. The figure shows that both the predicted mean

and standard deviation have considerably lower accuracy.
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Figure 3.15: Comparison of true and predicted BPLR for Miami-Dade County
across 100 test TCs: (a) µBR; (b) σBR.
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Figure 3.16: Comparison of true and predicted BPLR for Miami-Dade County
across 100 test TCs: (a) µBR; (b) σBR, based on the TC loss model developed
without spatial division.
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3.5 Conclusion

The heterogeneity of regional characteristics significantly influences the relation-

ship between wind speed and regional losses in a large-scale community. To en-

hance the accuracy of regional loss estimation, this study proposes a “divide-

and-aggregate” approach. This method involves developing TC loss models at the

sub-regional level and then aggregating the results to estimate the regional BPLR.

The key findings of this study are summarised as follows:

1. A spatial clustering approach is employed to divide a large region into sub-

regions based on three criteria: the spatial distribution of buildings, the

terrain, and regional TC risk characteristics.

2. The optimal number of clusters is determined by plotting the relationship

between the sum of within-cluster variance and the number of clusters. The

point at which the reduction in variance begins to level off, known as the

elbow point, is identified as the optimal number of clusters.

3. The mean and standard deviation of the total BPLR are calculated as

weighted sums of the sub-regional BPLR. When estimating the total vari-

ance, the correlation between sub-regions should be considered; neglecting

this correlation can lead to an underestimation of the total variance.
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CHAPTER 4

BAYESIAN NETWORK-BASED

ESTIMATION OF REGIONAL BUILDING

LOSSES FROM TROPICAL CYCLONES

4.1 Fundamentals of BNs

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 variables, 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 (Fenton and Neil, 2018).

A key property of BNs is conditional independence: a node is conditionally in-

dependent of its non-descendants given its parents. This property allows a complex

joint probability distribution to be decomposed into local conditional probabili-

ties, significantly simplifying the computation of the joint probability. According

to the chain rule, the joint probability of variables X1 to Xn can be expressed as:

P (X1, X2, ..., Xn) = P (X1)P (X2 | X1) . . . P (Xn | X1, X2, ..., Xn−1). (4.1)
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Based on the property of conditional independence, the joint probability can

be simplified to:

P (X1, X2, ..., Xn) =
n∏

i=1

P (Xi | Pa(Xi)), (4.2)

where Pa(Xi) denotes the set of parent nodes of Xi, and P (Xi | Pa(Xi)) is the

corresponding CPT of Xi.

Inference in BNs can be classified into two types depending on the position

of evidence variables: predictive inference and diagnostic inference. Predictive

inference involves reasoning forward from cause to effect, estimating the proba-

bility distribution of an outcome variable based on a known cause. In contrast,

diagnostic inference reasons backward from observed effects to potential causes.

For predictive inference, the distribution of a target variable Xi can be updated

given evidence E, using the following expression:

P (Xi | E) =
P (Xi,E)

P (E)
=

P (Xi,E)∑
Xi
P (Xi,E)

, (4.3)

where
∑

Xi
denotes the summation over all possible states of the variable Xi.

For diagnostic inference, the posterior distribution of a potential cause variable

Xj can be updated based on observed evidence E, using Bayes’ Theorem:

P (Xj | E) =
P (E | Xj) · P (Xj)

P (E)
=

P (E | Xj) · P (Xj)∑
Xj
P (E | Xj) · P (Xj)

. (4.4)

4.1.1 An illustrative example of a BN

Fig. 4.1 illustrates a simple example of a BN. This example includes three general

connections in BN: serial (A-C-D), diverging (C-D and C-E), and converging con-

nections (A, B - C). The prior distribution and conditional probabilistic table for

this example are shown in Table 4.1.

The first calculation estimates the marginal probability distribution of node C

in the absence of any observed evidence. This calculation uses the chain rule to
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B
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Figure 4.1: A Bayesian network example.

Table 4.1: The prior probability and CPT of the BN example.

Node Parents Values of parents P (Node|Parents)
A None N/A P (a1) = 0.1, P (a2) = 0.9
B None N/A P (b1) = 0.2, P (b2) = 0.8

C A, B
A = a1, A = a2;
B = b1, B = b2

P (c1|a1, b1) = 0.3, P (c2|a1, b1) = 0.7
P (c1|a1, b2) = 0.4, P (c2|a1, b2) = 0.6
P (c1|a2, b1) = 0.5, P (c2|a2, b1) = 0.5
P (c1|a2, b2) = 0.6, P (c2|a2, b2) = 0.4

D C C = c1, C = c2
P (d1|c1) = 0.7, P (d2|c1) = 0.3
P (d1|c2) = 0.8, P (d2|c2) = 0.2

E C C = c1, C = c2
P (e1|c1) = 0.8, P (e2|c1) = 0.2
P (e1|c2) = 0.9, P (e2|c2) = 0.1
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expand the joint probability, simplifies it by the conditional independence among

variables, and computes based on the known prior distributions and conditional

probability relationships:

P (c1) =
∑
ai

∑
bj

P (ai, bj, c1)

=
∑
ai

∑
bj

P (ai) · P (bj | ai) · P (c1 | ai, bj)

=
∑
ai

∑
bj

P (ai) · P (bj) · P (c1 | ai, bj)

= 0.1 · 0.2 · 0.3 + 0.1 · 0.8 · 0.4 + 0.9 · 0.2 · 0.5 + 0.9 · 0.8 · 0.6

= 0.56.

(4.5)

Given that P (c1) = 0.56, the complementary probability is calculated as

P (c2) = 1−P (c1) = 0.44. Using the same procedure, the marginal probabilities for

nodes D and E can also be computed as follows: P (d1) = 74.4%, P (d2) = 25.6%;

and P (e1) = 84.4%, P (e2) = 15.6%.

The second calculation determines the conditional probability distribution of

the child node C, given that node A is observed to be in state a1. This inference

involves a combination of the Bayes theorem, the law of total probability, and the

chain rule:

P (c1 | a1) =
P (a1, c1)

P (a1)

=
P (a1, b1, c1) + P (a1, b2, c1)

P (a1)

=
P (a1)P (b1 | a1)P (c1 | a1, b1) + P (a1)P (b2 | a1)P (c1 | a1, b2)

P (a1)

=
0.1 · 0.2 · 0.3 + 0.1 · 0.8 · 0.4

0.1

= 0.38.

(4.6)

Based on this result, the probability of c2 given a1 is obtained as P (c2 | a1) =

1−P (c1 | a1) = 0.62. Following the same procedure, the conditional distributions
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of other child nodes given A = a1 are computed as P (d1|a1) = 76.2%, P (d2|a1) =

23.8% and P (e1|a1) = 86.2%, P (e2|a1) = 13.8%.

The third calculation involves inference in the reverse direction, estimating

the probability distribution of parent nodes given evidence from a child node.

Specifically, we compute the posterior probability of node A being in state a1,

given that node C is observed in state c1. This is a typical inference task in BNs:

P (a1 | c1) =
P (a1, c1)

P (c1)
=

0.038

0.56
= 0.0679. (4.7)

Once P (a1 | c1) is known, the posterior probability of the complementary

state is given by P (a2 | c1) = 1 − P (a1 | c1) = 0.932. Applying the same

procedure, we obtain the conditional distributions of the other parent nodes given

c1 as P (b1 | c1) = 17.1% and P (b2 | c1) = 82.9%.

4.1.2 Discretisation methods for BNs

In BNs, the presence of continuous variables often necessitates discretisation. Dis-

cretisation approaches can be broadly categorized into three types: manual, un-

supervised, and supervised methods.

Manual discretisation is one of the most straightforward and interpretable ap-

proaches, relying on domain expertise or predefined standards to divide a contin-

uous variable into discrete intervals. This process does not consider the statistical

properties of the dataset or any target variable but instead reflects human judg-

ment, regulatory guidelines, or physical classifications commonly used in practice.

For instance, TC wind speed is discretised based on the Saffir-Simpson Hurricane

Wind Scale. A tropical depression is defined as having sustained wind speeds less

than 17.5 m/s (or 39 mph), while a tropical storm corresponds to wind speeds

between 17.5 and 32.6 m/s (39–73 mph). Once the wind speed exceeds 32.7

m/s (74 mph), the event is classified as a TC, which is further subdivided into

87



Categories 1 (74–95 mph) through 5 (exceeding 157 mph). Other examples of

manual discretisation include the use of temperature bands, such as “cold” (e.g.,

≤10°C), “moderate” (10–25°C), and “hot” (≥25°C), or air quality indices derived

from pollutant concentration thresholds. This type of discretisation method is

proper when interpretability and consistency with external standards are prior-

itized. However, they may not always align optimally with the underlying data

structure or predictive performance.

Unsupervised discretisation methods rely solely on the statistical properties of

the variable to be discretised. One of the most commonly employed unsupervised

techniques is equal-width discretisation, where the range of a continuous variable

is divided into k intervals of identical width. Formally, given a variable X with

minimum and maximum values min(X) and max(X), the width of each bin is

defined as:

w =
max(X)−min(X)

k
. (4.8)

The bin boundaries are then placed at min(X) + iw, where i = 0, 1, ..., k.

While simple and computationally efficient, this method can be insensitive to

skewed distributions, resulting in bins with highly imbalanced frequencies.

Another common unsupervised method is equal-frequency discretisation, also

known as quantile-based discretisation. Instead of equal bin widths, this approach

ensures that each interval contains approximately the same number of data points.

For a dataset with n instances and k bins, each bin ideally contains n/k data

points. This strategy effectively prevents sparsely populated bins, though it may

create intervals with widely varying widths, particularly in highly skewed distri-

butions.

A more adaptive unsupervised approach involves clustering-based discretisa-

tion. Here, data points are grouped into k clusters using unsupervised algorithms
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such as K-means, where the goal is to minimize within-cluster variance. Let µj

denote the centroid of cluster j, and let xi represent the data point. The algorithm

minimizes the objective function:

k∑
j=1

∑
xi∈Cj

(xi − µj)
2. (4.9)

Each cluster is subsequently treated as a discrete bin. This method captures

non-linear data distributions more effectively but introduces additional complexity

and may require predefining the number of clusters. To demonstrate the proce-

dure of K-means clustering, a two-dimensional example is shown in the following.

Consider a simple dataset consisting of six two-dimensional points:

A(1, 1), B(1.5, 2), C(3, 4), D(5, 7), E(3.5, 5), F (4.5, 5). (4.10)

We aim to partition this dataset into K = 2 clusters using the K-means al-

gorithm. We begin by selecting two initial centroids: µ
(0)
1 = A(1, 1) and µ

(0)
2 =

D(5, 7). We compute the squared Euclidean distance from each point to both

centroids, as shown in Table 4.2.

Table 4.2: Squared Euclidean distance of each point to the two centroids.

Point Distance to µ1 Distance to µ2 Assigned Cluster

A 0.00 52.00 C1

B 1.25 37.25 C1

C 13.00 13.00 C1

E 22.25 6.25 C2

F 28.25 4.25 C2

D 52.00 0.00 C2

After this step, the cluster assignments are: C
(1)
1 = {A,B,C} and C

(1)
2 =

{D,E, F}. Then, the new centroids are computed as the mean of the points in

each cluster: For cluster C1:

µ
(1)
1 =

A+B + C

3
=
(1 + 1.5 + 3

3
,
1 + 2 + 4

3

)
= (1.833, 2.333). (4.11)
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For cluster C2:

µ
(1)
2 =

D + E + F

3
=
(5 + 3.5 + 4.5

3
,
7 + 5 + 5

3

)
= (4.333, 5.667). (4.12)

Using the updated centroids, we again calculate distances and reassign points.

The results remain unchanged: C1 = {A,B,C} and C2 = {D,E, F}. Since there

are no changes in cluster assignments, the algorithm converges.

Supervised discretisation uses information from a target variable to guide the

binning process. This approach allows the discretisation to focus on regions of the

input variable space that are most informative for predicting the output. In this

section, the decision tree algorithm is used to illustrate the discretisation process.

Decision trees are non-parametric supervised methods that determine optimal

splits by maximizing information gain or, equivalently, by minimizing impurity

(Jun, 2021).

When the target variable is categorical, discretisation is commonly performed

using decision tree-based algorithms. These algorithms identify cut points that

maximize the separability of the target classes. The quality of a candidate split

is typically evaluated using information gain, which measures the reduction in

entropy after the split. Entropy, denoted as H(S), quantifies the impurity or

uncertainty of a dataset S with respect to the class distribution and is defined as:

H(S) = −
∑
c

p(c) log2 p(c), (4.13)

where p(c) is the proportion of instances in S that belong to class c. A perfectly

pure dataset, where all instances belong to a single class, has an entropy of zero,

while maximum entropy occurs when all classes are equally likely. Given a can-

didate split that divides S into subsets S1, S2, . . . , Sk, the information gain from

the split is:

Gain(S,A) = H(S)−
k∑

i=1

|Si|
|S|H(Si), (4.14)
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where A denotes the splitting attribute (i.e. the continuous variable being discre-

tised), |Si| is the number of instances in subset Si, and |S| is the total number

of instances in the parent dataset S. The term |Si|
|S| represents the relative size of

subset Si. The goal is to select the cut point that results in the greatest reduction

in entropy, thereby producing subintervals that are more homogeneous in terms

of the class label.

When the target variable is continuous, supervised discretisation follows sim-

ilar principles. During discretisation, the trees recursively partition the TC vari-

ables by minimizing the weighted variance of the resulting subsets. The objective

function can be expressed as:

Minimize
1

n

M∑
m=1

∑
y∈Sm

(y − ȳ)2, (4.15)

where Sm is the m-th subset, M is the total number of subsets, y is a sample of

the PCs in Sm, ȳ is the mean of the PCs in Sm, and n is the total number of

samples.

To illustrate how a regression tree performs supervised discretisation on con-

tinuous variables, we demonstrate a simple example with 10 data points. Each

data point contains two input features, x1 and x2, and one continuous target vari-

able y. The values of these 10 samples are shown in Table 4.3. In this example, a

regression tree with a maximum depth of two is built.

The initial sum of squared errors (SSE) at the root node (i.e. before any splits)

is calculated as:

SSEroot =
10∑
i=1

(yi − ȳ)2 = 42.976. (4.16)

To grow the first layer of the tree, all possible feature-threshold pairs are eval-

uated to determine the split that minimizes the total SSE. Feature x1 takes values
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Table 4.3: Dataset with two input features and one target variable.

Sample x1 x2 y

1 1 1 1.2
2 1 2 1.0
3 2 1 2.5
4 2 2 2.3
5 3 1 4.0
6 3 2 4.1
7 4 1 4.9
8 4 2 5.0
9 5 1 7.2
10 5 2 7.0

in the set {1, 2, 3, 4, 5}, and x2 in {1, 2}. The candidate split thresholds are typ-

ically chosen between adjacent values. For x1: thresholds at {1.5, 2.5, 3.5, 4.5}.

For x2: one threshold at 1.5. Each threshold divides the dataset into two groups,

and the sum of the SSEs of the two resulting groups is calculated. The total

SSEs corresponding to these five splits are: x1 < 1.5: 16.87; x1 < 2.5: 7.57;

x1 < 3.5: 13.60; x1 < 4.5: 15.24; x2 < 1.5: 28.53. Among all candidates, the split

at x1 < 2.5 yields the lowest combined SSE of 7.57. This threshold is, therefore,

selected for the first-level split. After the first-level split, the resulting two groups

are as follows:

1. Left node (Region A): x1 < 2.5, containing 4 samples:

(1, 1, 1.2), (1, 2, 1.0), (2, 1, 2.5), (2, 2, 2.3), with an SSE of 1.035;

2. Right node (Region B): x1 ≥ 2.5, containing 6 samples:

(3, 1, 4.0), (3, 2, 4.1), (4, 1, 4.9), (4, 2, 5.0), (5, 1, 7.2), (5, 2, 7.0), with an SSE of

6.53.

Next, the second-level splits are determined for both Region A and Region B.

For Region A, candidate thresholds include: x1 < 1.5, yielding an SSE of 0.04,
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and x2 < 1.5, yielding an SSE of approximately 0.85. The former results in a

significantly reduced SSE compared to the original 1.035 and is thus chosen as

the second-level split for Region A. For Region B, the candidate thresholds are:

x1 < 3.5: SSE = 3.98, x1 < 4.5: SSE = 0.84, and x2 < 1.5: SSE = 9.08. The best

split for Region B occurs at x1 < 4.5, which reduces the SSE from 6.53 to 0.84 and

is therefore selected. After two layers of splitting, the regression tree partitions

the input space by discretising the continuous feature x1 into the following non-

overlapping intervals:

1. Leaf 1: x1 < 1.5;

2. Leaf 2: 1.5 ≤ x1 < 2.5;

3. Leaf 3: 2.5 ≤ x1 < 4.5;

4. Leaf 4: x1 ≥ 4.5.

It this example, the feature x2 is not used in any split. This indicates that the

feature x2 does not provide a significant reduction in error under the current tree

depth constraint.

4.1.3 Parameter learning in BNs

CPTs in BNs are typically constructed using two main approaches: knowledge-

based expert assessment and data-driven statistical estimation. When sufficient

data are available, conditional probabilities are estimated using methods such as

maximum likelihood estimation (MLE) or Bayesian estimation with prior distri-

butions. Conversely, when data are limited or incomplete, domain experts provide

initial probability values based on their knowledge and experience. These expert-

defined CPTs can then be refined using limited observational data through meth-

ods such as the Expectation-Maximisation (EM) algorithm or other probabilistic
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inference approaches (Fenton and Neil, 2018).

MLE is the most fundamental approach to parameter learning in BNs, relying

solely on observed data without incorporating prior distributions. It assumes that

the dataset is complete, meaning that the values of all variables in the network are

fully observed for each instance. The goal of MLE is to find the set of parameters

that maximizes the likelihood of the observed dataset under the assumed network

structure. For a variable X, the conditional probability P̂ (X | Pa(X)) estimated

using MLE is given by:

P̂ (X = x | Pa(X) = p) =

∑
i I
(
X(i) = x ∧ Pa(X)(i) = p

)∑
i I(Pa(X)(i) = p)

, (4.17)

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 ∧ represents the logical

AND operation.

While MLE provides a straightforward way to estimate parameters from fully

observed data, it often yields unreliable estimates when data is sparse or when

specific configurations of variables are not present in the dataset. Bayesian Esti-

mation offers a more robust alternative by incorporating prior knowledge into the

learning process through the use of probability distributions over the parameters

themselves. In the Bayesian framework, each conditional probability table asso-

ciated with a variable Xi and its parent configuration Pa(Xi) = p is treated as

a multinomial distribution whose parameters are modelled as random variables.

A conjugate prior for the multinomial distribution is the Dirichlet distribution,

denoted Dir(·). Let x1, x2, . . . , xr denote the possible discrete states of Xi. Then

the prior distribution over the conditional probability vector θ = [θ1, θ2, . . . , θr],
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where θk = P (Xi = xk | Pa(Xi) = p), is given by:

θ ∼ Dir(α1, α2, . . . , αr), (4.18)

where αk > 0 are hyperparameters encoding prior beliefs about the distribution

of Xi given its parent configuration. After observing the data, the posterior dis-

tribution remains Dirichlet, with updated parameters αk + Nk, where Nk is the

number of times Xi = xk and Pa(Xi) = p occur together in the dataset. The

posterior mean, which is typically used as the Bayesian estimate, is given by:

P̂ (Xi = xk | Pa(Xi) = p) =
Nk + αk

N +
∑r

j=1 αj

, (4.19)

where N =
∑r

k=1Nk is the total number of times Pa(Xi) = p occurs in the

dataset. This estimate is effectively a smoothed version of the MLE, where the

prior counts αk are added to the observed counts Nk. In practice, symmetric priors

with αk = α for all k are often used when no strong prior preference exists. The

Bayesian approach prevents zero probabilities and produces more stable estimates,

particularly when the data is limited.

In many real-world applications, data is incomplete or contains hidden (latent)

variables that are not directly observed. In such cases, neither MLE nor standard

Bayesian Estimation can be directly applied. The EM algorithm provides a prin-

cipled framework for parameter learning under these circumstances. EM is an

iterative optimisation technique that alternates between inferring missing infor-

mation based on current parameter estimates and updating the parameters based

on these inferences. Let X denote the observed variables and Z the hidden or

missing variables. The EM algorithm seeks to maximize the marginal likelihood

P (X | θ) by iteratively optimising a lower bound on this likelihood. At iteration

t, the algorithm performs the following two steps.
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E-step (Expectation step): Compute the expected value of the complete-data

log-likelihood, with respect to the conditional distribution of the missing data

given the observed data and the current parameter estimates θ(t). This expectation

is given by:

Q(θ | θ(t)) = EZ|X,θ(t) [logP (X,Z | θ)], (4.20)

where Q(θ | θ(t)) is the expected complete-data log-likelihood. It quantifies how

well the parameters θ explain the complete data (both observed and unobserved),

under the assumption that the current model θ(t) describes the hidden part Z of

the data.

M-step (Maximization step): Maximize the expected complete-data log-likelihood

computed in the E-step to obtain new parameter estimates:

θ(t+1) = argmax
θ

Q(θ | θ(t)). (4.21)

This process is repeated until convergence, typically when the change in the

likelihood or parameter values falls below a predefined threshold.

4.2 BN-based TC loss model for regional build-

ings

4.2.1 Construction of the BN-based TC loss model

The primary purpose of a BN-based TC loss model is to estimate the spatial

distribution of loss based on fundamental TC parameters, without performing

the scenario-based probabilistic risk assessment described in Section 3.1. The

model consists of two main components: TC-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

include ZIP codes, census tracts, and block groups (FEMA, 2014), which generally
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decrease in size in that order. Alternatively, subdivisions may be custom-defined

using algorithms that consider regional characteristics, such as SKATER (Teixeira

et al., 2015).

TC parameters include longitude, latitude, translation speed, heading angle,

central pressure (Pc), maximum wind speed (Vmax), radius to maximum winds

(Rmax), and the Holland parameter (B), among others. These variables can be

grouped into three categories: geographical location, motion vector, and inten-

sity. Selecting appropriate TC variables is essential to capture key characteristics

while avoiding redundancy and controlling model complexity. In this study, five

parameters are selected: the distance and azimuth of the TC relative to the study

area, translation speed, heading angle, and central pressure. The first two describe

the TC’s geographical location. Polar coordinates are used instead of longitude

and latitude because they more effectively represent the TC’s position relative to

the study area. Translation speed and heading angle together define the TC’s

motion vector. The final parameter, Pc, represents TC intensity and the poten-

tial extent of its impact. Pc is selected because it can be used to estimate other

intensity-related parameters. For instance, the relationship between Vmax and Pc

is commonly expressed as Vmax = m (Pref − Pc)
n (Harper, 2002), where m and n

are regression coefficients and Pref denotes ambient atmospheric pressure. Previ-

ous studies have also established relationships between Pc and Rmax, as well as

between Pc and B (Vickery and Wadhera, 2008; FEMA, 2014). Thus, including

Pc in the loss model effectively reflects the intensity characteristics of TCs.

In this study, the CPT of the TC loss model represents the probabilistic rela-

tionship between TC characteristics and building losses. It is constructed through

three steps: (1) generating a set of TC scenarios defined by combinations of the

five TC parameters introduced earlier; (2) calculating the regional loss ratio for
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each scenario using the probabilistic risk assessment framework described in Sec-

tion 3.1; and (3) employing these TC scenarios and corresponding regional losses

as training data for parameter learning via MLE (shown in Eq. (4.17)), thereby

constructing the CPT. This training procedure allows the BN to directly learn the

statistical dependence between TC characteristics and regional losses, effectively

transferring the accuracy of the probabilistic risk assessment framework into a

computationally efficient surrogate model. Once trained, the BN can rapidly up-

date loss predictions under new TC conditions while retaining the uncertainty and

correlation structure captured in the training data.

4.2.2 Bayesian inference under partial loss information

One of the key advantages of BNs is their ability to perform probabilistic infer-

ence, allowing unknown variables to be estimated based on available evidence.

In the context of TC-induced losses, this capability enables the estimation of loss

statistics in regions where loss information is unavailable by making use of loss ob-

servations from other regions. This reverse inference is particularly useful in rapid

post-event assessments, where detailed hurricane hazard information may be un-

certain or still under evaluation, while preliminary loss reports from some regions

become available earlier. In such situations, the BN can utilise the observed loss

data to update the underlying storm characteristics and subsequently infer losses

in unobserved regions, thereby supporting timely decision-making when informa-

tion is incomplete.

When loss data are available for only a subset of regions, the loss ratios in unob-

served regions are updated through Bayesian inference, as expressed by Eq. (4.4).

To illustrate this process, consider a simplified example in which the TC parameter

vector H can take two discrete configurations, H1 and H2. Each configuration

represents a different combination of TC characteristics (e.g., H1 may correspond
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to a strong, slow-moving storm, while H2 represents a moderate, fast-moving

storm). A uniform prior distribution is assumed: P (H1) = 0.5, P (H2) = 0.5.

Suppose there are two affected regions, A and B. The loss ratio in region A is

observed (LRA = 0.3), whereas the loss ratio in region B is unobserved. Our ob-

jective is to compute the posterior probability that LRB = 0.6 given the observed

LRA = 0.3. The conditional likelihoods under each TC configuration are assumed

as:

P (LRA = 0.3 | H1) = 0.2, P (LRB = 0.6 | H1) = 0.3,

P (LRA = 0.3 | H2) = 0.4, P (LRB = 0.6 | H2) = 0.5.

(4.22)

First, the marginal probability of the observed loss ratio in region A is calcu-

lated as:

P (LRA = 0.3) = P (H1) · P (LRA = 0.3 | H1) + P (H2) · P (LRA = 0.3 | H2)

= 0.1 + 0.2 = 0.3. (4.23)

Next, Eq. (4.4) is applied to compute the posterior probability of interest:

P (LRB = 0.6 | LRA = 0.3) =
∑

H∈{H1,H2}

(
P (LRB = 0.6 | H)

· P (H) · P (LRA = 0.3 | H)

P (LRA = 0.3)

)
=

0.3 · 0.1 + 0.5 · 0.2
0.3

=
0.13

0.3
≈ 0.433.

(4.24)

This result indicates that, based on the observed loss ratio in region A, the

inferred probability that the loss ratio in region B equals 0.6 is approximately

43.3%. In practice, this approach can be extended to more realistic TC parame-

ter distributions, a larger number of regions, and continuous-valued variables by

discretisation techniques.
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4.3 Discretisation of continuous variables in

TC loss models

4.3.1 Supervised discretisation for TC variables

The discretisation of TC variables directly affects the predictive accuracy of re-

gional losses. Supervised discretisation methods are generally more effective than

manual or unsupervised approaches because they preserve the predictive rela-

tionship between inputs and outputs (Fenton and Neil, 2018; Chen et al., 2024).

Standard supervised discretisation is typically guided by a single output variable.

In this study, multiple output variables are considered, specifically the losses as-

sociated with individual subdivisions. Discretising input variables separately for

each output can result in inconsistent schemes across outputs. Conversely, com-

bining all outputs into a single aggregated output during discretisation treats each

subdivision equally, without considering differences in their relative importance,

which may not reflect actual priorities. Some subdivisions, 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 retaining as much of the origi-

nal 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 comparability across different scales. Second, the load-

ings of the original variables are calculated, representing the contribution of each

variable to the principal components. Finally, the number of principal components

is determined using criteria such as the cumulative explained variance (Greenacre

et al., 2022). In this study, PCA is used not only for dimensionality reduction but

also to incorporate the relative importance of the original variables. To achieve
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this, a weighting factor,
√
ω, is applied to the standardised loss ratio. This ad-

justment 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′ =
√
ω · L− µ

σ
, (4.25)

where L′ is the weighted and standardised loss variable for a subdivision, and µ

and σ denote the mean and standard deviation of L, respectively.

The principal components, denoted byY, are then computed from the adjusted

loss ratios of all subdivisions, L′, using PCA:

Y = L′Q, (4.26)

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 components is selected

based on a cumulative explained variance threshold, such as 95%.

Next, these principal components are used to guide the discretisation of TC

variables using a decision tree algorithm, which is shown in Section 4.1.2. The

number of discretisation intervals for each TC 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 allo-

cated more intervals. To determine 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. The overall

process of supervised discretisation for TC variables is illustrated in Fig. 4.2.
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Define the domains of
hurricane-related variables

Sampe hurricane scenarios from
the corresponding domains

Conduct probabilistic risk
assessment → extract mean loss

ratios for all subdivisions

Apply dimensionality reduction on
loss ratio variables → retain top k

principal components

Perform supervised discretisation of
hurricane-related variables using
decision tree guided by principal

components

Determine optimal discretisation
number for each hurricane-reated
variable using the elbow method

Preparation of Training Data Supervised Discretization

Figure 4.2: Workflow for supervised discretisation of TC-related variables.

4.3.2 Clustering-based discretisation for loss variables

Regional losses are influenced by factors such as structural types, terrain, and TC

characteristics. Losses across different regions may be correlated, with adjacent

areas typically exhibiting stronger spatial correlations, as shown in Section 3.4.

Therefore, the discretisation of loss variables should capture these regional loss

characteristics. Traditional methods, 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 approach: K-

means clustering. This method partitions the principal components intoK clusters

by iteratively updating cluster centroids to minimise the within-cluster variance,

thereby capturing the underlying data structure. Conducting K-means clustering
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in the PCA space, rather than on individual loss variables, eliminates the need

to cluster each variable separately, which reduces computational complexity and

enables 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 4.3.1. The resulting cluster centroids, C, are then mapped

back to the original loss variable space, denoted as C′, using the inverse PCA

transformation:

C′ = (CQT)Ω− 1
2D+ µ, (4.27)

where Ω, D, and µ 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′. Fig. 4.3 il-

lustrates the discretisation process of the loss-related variables. The black text

represents the same procedure used for supervised discretisation of TC variables,

as described in Section 4.3.1. The blue text indicates the main procedures for

discretising loss variables using a clustering-based approach.

4.4 Example: BN-based TC loss model for Mia-

mi-Dade County

This study continues to focus on Miami-Dade County as the study region. Miami-

Dade County contains 706 census tracts, which are used as the spatial units for loss

estimation in this study. Census tracts are selected 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 defined boundaries. These characteristics make census tracts widely used

in regional risk assessments (Salim et al., 2024; Rouhana et al., 2025). To reduce
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Figure 4.3: Flowchart of the clustering-based discretisation process for loss vari-
ables.

computational demands, this study focuses on the 608 tracts that contain more

than 10 residential buildings for constructing the BN-based TC loss model.

The gradient wind field, wind speed conversion, parameter selection, and wind

speed uncertainty and correlation follow the same procedures described in Section

3.4. Because census tracts are defined with consideration of homogeneity in living

conditions (Krieger et al., 2002), structural capacity correlation is assumed to exist

among buildings within the same census tract. The correlation coefficient is set

to 0.7 for buildings of the same type and 0.4 for buildings of different types (Zeng

et al., 2023).

Using the parameters defined in Eq. (3.2) through Eq. (3.6) and the proce-

dure described in Section 3.1.1, the mean, standard deviation, and probability

distribution of the loss ratio for each census tract are estimated. Given the large
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number of buildings, random sampling is employed to improve computational ef-

ficiency. Lin and Wang (2016) evaluated different sample sizes for a 6 km2 study

area containing 4,246 buildings and found that the sampling estimates converged

to the exact solution when the sample size reached 100. In the present study, the

average census tract area is 7.3 km2, with an average of 557 buildings. Although

the average area is slightly larger than that considered by Lin and Wang (2016),

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.

4.4.1 Model construction

The BN-based TC loss model includes five TC variables: distance (Dst) and az-

imuth (Az) relative to the centroid of the study area, translation speed (Vt), head-

ing angle (θ), and central pressure (Pc), along with 608 loss variables (L1 to L608).

The BN structure is shown in Fig. 4.4.

These five TC variables serve as root nodes in the BN, implying an underlying

assumption of mutual independence. To evaluate this assumption, historical TC

data within a 100 km radius of the study area (hereafter referred to as nearby

TCs) are obtained from HURDAT2 for events occurring after 1900 (HRD/NOAA,

2023). Values of the five variables are extracted from these records and used to

compute the correlation matrix:

ρ =



1.000 −0.189 −0.181 −0.191 −0.073

−0.189 1.000 0.030 0.061 0.027

−0.181 0.030 1.000 −0.129 −0.029

−0.191 0.061 −0.129 1.000 −0.050

−0.073 0.027 −0.029 −0.050 1.000


, (4.28)
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Figure 4.4: Structure of the TC loss model for Miami-Dade County.

where the rows and columns correspond to Az, Dst, Vt, θ, and Pc, respectively. The

low correlation coefficients indicate that the assumption of mutual independence

is reasonably satisfied.

To prepare for the discretisation of TC and loss variables, a training dataset is

generated consisting of TC scenarios and the corresponding mean loss ratios for

all census tracts, calculated using the scenario-based probabilistic loss assessment

framework. The TC scenarios are randomly sampled from the domains of the

five TC variables, which are determined based on historical nearby TCs: 0–15

m/s for Vt, 0–360° for θ, 0–120 km for Dst, 0–360° for Az, and 900–1010 hPa for

Pc. To determine an appropriate dataset size, the relationship between sample size

and the stability of the discretisation results is evaluated. Sample sizes range from

1,000 to 12,000, in increments of 1,000. The decision tree depth is set to 4, and Pc is
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chosen as the observation variable to examine how sample size affects the stability

of discretisation. The selection of Pc and a tree depth of four provides a reasonable

discretisation level (five splits in this case) and allows for consistent comparison

across sample sizes. For each sample size, 10 experiments are conducted, and

the normalised root mean square error (RMSE) of the discretisation results for

Pc is calculated. Previous studies suggest that a normalised RMSE of 5–10%

indicates relatively small variation (Law, 2013). Given the significant impact of

discretisation on the BN, a stricter threshold of 3% is applied. The results show

that this threshold is reached when the sample size reaches 10,000. Accordingly, a

training sample size of 10,000 is adopted for the subsequent discretisation process.

The first step in discretising TC variables is to perform a weighted PCA on

the loss variables to reduce dimensionality while preserving the relative impor-

tance of each tract in the principal components. In this example, the importance

factor is defined by building density, as shown in Fig. 3.3. The threshold for the

cumulative explained variance ratio is set to 95%. The cumulative variances of

the first ten principal components are shown in Table 4.4. The first five principal

components, which collectively explain 96.8% of the variance, are selected for sub-

sequent analysis. The PCA process significantly reduces dimensionality because

of substantial redundancy in the loss data. Fig. 4.5 presents a heatmap of the

correlation coefficients among the 608 loss variables, where darker colours indi-

cate stronger correlations. Overall, correlations are relatively high, particularly

between geographically adjacent census tracts.

In the second step, these five principal components are used to guide the dis-

cretisation of the TC 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 TC variable, generates
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Table 4.4: Cumulative explained variance of PCA components (PCA1–PCA10).

Component Cumulative
variance

Component Cumulative
variance

PCA1 0.7350 PCA6 0.9775
PCA2 0.8686 PCA7 0.9840
PCA3 0.9117 PCA8 0.9873
PCA4 0.9436 PCA9 0.9903
PCA5 0.9681 PCA10 0.9924
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Figure 4.5: Correlation heatmap of mean loss ratios across the 608 census tracts.
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the corresponding discretisation thresholds, and determines the total number of

bins. Because the decision tree uses binary splitting, the total number of bins

approximately follows a 2n relationship, where n is the tree depth. To select an

appropriate discretisation level, Fig. 4.6 plots the weighted variance, defined in

Eq. (4.15), 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 identification of the elbow point. Following the method

proposed by Satopaa et al. (2011), 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 TC variable

are shown in Fig. 4.7. The number of bins for Az, Dst, and Pc is substantially

higher than for Vt and θ, suggesting that the former three variables have a greater

influence on losses.

The discretisation of loss variables is performed by applying K-means cluster-

ing to the five principal components, implemented using the KMeans class in the

scikit-learn library. Fig. 4.8 shows the number of clusters ranging from 5 to 30 and

the corresponding reduction in inertia, defined as the sum of squared distances to

the cluster centres. Following the same procedure used to determine the opti-

mal discretisation level for TC 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. (4.27). 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 vary across tracts, and Fig. 4.9 presents the outcomes

for L1 to L5 as an illustration.
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Figure 4.6: Weighted variance versus number of discretisation bins for TC vari-
ables.
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Figure 4.7: Discretisation results of the five TC variables.
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Figure 4.8: Reduction of inertia with increasing number of clusters.
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Figure 4.9: Discretisation of loss ratios for census tracts 1–5.
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Constructing the CPT for the TC loss model involves two steps. The first

step is to determine the marginal distributions of the variables Az, Dst, Vt, θ,

and Pc. The second step is to establish the probabilistic relationships between

the TC variables and the loss variables. The marginal distributions are derived

from historical TC data, as illustrated in Fig. 4.10, where the area of each bin

represents the marginal probability of the corresponding discretisation interval.

The relationships between TC and loss variables are estimated using maximum

likelihood estimation based on the training samples.

4.4.2 Model validation

To evaluate the effectiveness of the TC loss model, this section assesses its pre-

dictive performance using the landfall moments of 100 TC events. The selection

criteria require TCs to reach at least Category 2 intensity and to pass within 100

km of Miami-Dade County. These thresholds are chosen because post-cyclone re-

ports indicate that noticeable community damage typically begins with Category

2 storms (Wikipedia, 2025c). The 100 km distance ensures the inclusion of TCs

with substantial local impact, approximately twice the typical Rmax of 40–50 km

(Hsu and Yan, 1998). Since 1900, 27 TCs have met these criteria and are included

as historical cases, while the remaining 73 events are obtained from a synthetic

TC database (Bloemendaal et al., 2020). Fig. 4.11 illustrates the tracks of these

100 TCs, with red lines representing historical events and yellow lines representing

synthetic events.

Three representative historical TCs were selected for model verification. The

first is Hurricane Great Miami (1926), which made landfall at 12:00 on September

18, 1926. The second is Hurricane Homestead (1945), which made landfall at

20:00 on September 15, 1945. The third is Hurricane Andrew (1992), which made

landfall at 08:40 on August 24, 1992. These three TCs are among the most severe
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Figure 4.10: Marginal distributions of TC variables: (a) Vt, (b) θ, (c) Dst, (d) Az,
and (e) Pc.
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Figure 4.11: Spatial distribution of 100 test TCs used for model validation.

in Florida’s history. Fig. 4.12 to Fig. 4.14 illustrate the spatial distribution of the

mean and standard deviation of loss ratios in Miami-Dade County during these

events. Taking Hurricane Andrew as an example, Figs. 4.14a and 4.14c show the

reference values obtained from the scenario-based TC risk assessment framework,

while Figs. 4.14b and 4.14d present the corresponding estimates from the BN-

based TC loss model. In these figures, darker colours indicate higher loss ratios,

and grey areas denote regions with fewer than 10 residential buildings, which

are excluded from the analysis. For Hurricane Great Miami (1926), the RMSE

across all census tracts is 0.028 for the estimated mean loss ratio and 0.019 for

the standard deviation. For Hurricane Homestead (1945), the RMSE values are

0.015 and 0.012, respectively. For Hurricane Andrew (1992), the RMSE values are

0.030 and 0.021, respectively. Overall, the proposed model produces results that

closely match the reference values for both the mean and standard deviation of
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loss ratios.

Fig. 4.15a and Fig. 4.15b present the RMSE distributions for the mean and

standard deviation of loss ratios across 608 census tracts, based on 100 test TCs.

The results demonstrate strong predictive performance of the loss model, with the

90th percentile RMSE values for the mean and standard deviation being 0.025 and

0.023, respectively. However, some census tracts exhibit noticeably higher RMSE

values, likely due to the weighting factor (in this example, building density) used

in the discretisation process.

To examine this hypothesis, a comparative analysis is performed between cen-

sus tracts in the top 5% and bottom 5% of building density, as shown in Table 4.5.

The results indicate that in high-density areas, the average RMSE for both the

mean and standard deviation is about 30% lower than in low-density areas. These

findings demonstrate that incorporating importance factors into the discretisation

process effectively reduces prediction errors in high-priority areas.

Table 4.5: 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

4.4.3 Application of Bayesian inference with partial loss information

Having introduced the Bayesian inference formulation in Section 4.2.2, we now

demonstrate its practical utility. In this analysis, we consider a scenario in which

loss information from only a subset of regions is available, and the TC characteris-

tics are not specified. The BN-based model is then used to infer the loss ratios in

the remaining unobserved regions based solely on the available partial loss data.

In practice, post-disaster reports typically provide two summary statistics:
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Figure 4.12: Comparison of reference and BN-based model estimated loss ratios
for Hurricane Great Miami (1926): (a) mean (reference), (b) mean (BN-based),
(c) standard deviation (reference), and (d) standard deviation (BN-based).
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Figure 4.13: Comparison of reference and BN-based model estimated loss ratios
for Hurricane Homestead (1945): (a) mean (reference), (b) mean (BN-based), (c)
standard deviation (reference), and (d) standard deviation (BN-based).
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Figure 4.14: 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).
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Figure 4.15: RMSE of predicted loss ratios across 608 census tracts using 100 test
TCs: (a) mean, (b) standard deviation.
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the mean and the standard deviation of loss ratios. However, since each node

in a BN represents a probabilistic variable, the inference process requires a com-

plete description of the underlying probability distribution. To characterise this

distribution, the outputs of scenario-based probabilistic risk assessment for three

major historical TCs mentioned in Section 4.4.2 were analysed across 608 regions,

producing a total of 1,824 regional loss distributions. The results showed that

the loss ratios closely followed a Beta distribution. To verify this assumption,

the Kolmogorov–Smirnov (K–S) test was applied. The distribution of K–S D-

values is shown in Fig. 4.16. Most D-values were below 0.1, indicating a strong

agreement between the empirical data and the Beta distribution. Therefore, using

the observed mean and standard deviation, along with the Beta distribution, the

probability distribution for these regions can be estimated.
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Figure 4.16: Distribution of K-S test D-values for fitting the Beta distribution.

To assess the performance of Bayesian inference, an experiment was conducted

in which 5% of census tracts were assumed to have known loss ratios, including

both the mean and standard deviation. These data were used to infer the losses

in the remaining 95% of the regions. Figs. 4.17–4.19 illustrate the inferred loss
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distributions for three historical TCs: the Great Miami Hurricane of 1926, Hurri-

cane Homestead of 1945, and Hurricane Andrew of 1992. In each figure, the light

grey points represents the uninformed prior estimate based solely on historical TC

patterns, while the dark grey points represents the posterior distribution incor-

porating the 5% known information. The vertical dashed lines denote the known

observations. It is evident that the posterior estimates substantially improve the

accuracy of the loss evaluation.
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Figure 4.17: Inference results for Hurricane Great Miami (1926): (a) inferred mean
loss ratios; (b) inferred standard deviation of loss ratios.
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Figure 4.18: Inference results for Hurricane Homestead (1945): (a) inferred mean
loss ratios; (b) inferred standard deviation of loss ratios.
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Figure 4.19: Inference results for Hurricane Andrew (1992): (a) inferred mean loss
ratios; (b) inferred standard deviation of loss ratios.
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Figs. 4.20 and 4.21 further examine the Bayesian inference results by showing

the distributions of the RMSE for the inferred mean and standard deviation of

loss ratios based on 100 test TCs. Three scenarios were compared: (1) no known

post-disaster information, (2) 5% of census tracts with known mean and standard

deviation, and (3) 10% of census tracts with known statistics. When no regional

data were available, the model relied solely on historical TC patterns, resulting in

the largest estimation errors. Introducing 5% known data significantly reduced the

RMSE for both the mean and standard deviation, while increasing the proportion

of known data to 10% provided only marginal additional improvements. This

suggests that 5% of known data is sufficient to achieve reliable inference.

The above analysis assumes that both the mean and standard deviation of

damage can be accurately obtained from post-disaster surveys. In practice, while

mean damage estimates are usually easier to derive, estimating the standard de-

viation is more challenging due to data limitations or small sample sizes. For

example, when only a limited number of buildings are inspected, an average dam-

age estimate may be available, but the sample may be too small to provide reliable

measures of variability. To overcome this limitation, the relationship between the

mean damage and the coefficient of variation is examined across all 608 regions

affected by the 100 historical TCs. As shown in Fig. 4.22, the coefficient of varia-

tion, y, exhibits a power-law relationship with the mean, which can be expressed

as:

y = 0.426 · x̄−0.419, (4.29)

where x̄ is the mean loss ratio. This empirical relationship enables the estimation

of the standard deviation when only mean values are available, thereby allowing

the inference process to continue under partial data conditions.

To evaluate the performance of this approach, an additional experiment was
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Figure 4.20: RMSE of inferred mean loss ratios under different levels of known
observations: (a) no observation; (b) 5% observation; (c) 10% observation.
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Figure 4.21: RMSE of inferred standard deviations of loss ratio under different
levels of known observations: (a) no observation; (b) 5% observation; (c) 10%
observation.
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Figure 4.22: Empirical relationship between mean damage and coefficient of vari-
ation across 608 regions.

conducted assuming that 5% of regions had known mean damage ratios only. The

fitted power-law relationship was used to estimate the corresponding standard

deviations, after which Bayesian inference was performed on the remaining 95%

of regions. Table 4.6 and Table 4.7 compare the RMSE of inferred mean and

standard deviation between the full-information case (both mean and standard

deviation known) and the partial-information case (only mean known) for the

three historical TCs. The results demonstrate that even under these more limited

conditions, the inference remains reasonably accurate, although performance is

slightly degraded compared to when both statistics are available.
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Table 4.6: The RMSE of inferred mean loss ratios for Miami-Dade County under
partial statistical information.

TC name Both mean and SD Only mean

The Great Miami (1926) 0.013 0.015
Hurricane Homestead (1945) 0.018 0.020
Hurricane Andrew (1992) 0.029 0.032

Table 4.7: The RMSE of inferred standard deviations of loss ratios for Miami-
Dade County under partial statistical information.

TC name Both mean and SD Only mean

The Great Miami (1926) 0.019 0.019
Hurricane Homestead (1945) 0.033 0.034
Hurricane Andrew (1992) 0.030 0.031

4.5 Comparative analysis of two TC loss mod-

els

The approaches presented in Chapters 3 and 4 both aim to evaluate regional

building losses induced by TCs. For ease of reference, the framework in Chap-

ter 3 is denoted as Method 1, and that in Chapter 4 as Method 2. While the

two methods share certain conceptual similarities, they differ in terms of data

requirements, modelling techniques, and model outputs. This chapter provides a

comparative analysis of these approaches across three dimensions: data sources,

modelling methodologies, and their respective advantages and limitations.

Data sources. Method 1 primarily relies on statistical datasets, including:

(1) spatial data describing building distribution and density, typically obtained

from government statistics; (2) topographic and land-surface roughness data used

to characterise surface friction and wind attenuation; (3) TC risk metrics, such as

return-period wind speeds assessed from long-term synthetic TC simulations; and

(4) records of historical TC events. Method 2, in contrast, requires: (1) historical

records of TC parameters, such as distance and bearing relative to the study area,
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central pressure, translation speed, and heading angle; (2) a set of generated TC

scenarios; and (3) computed losses for each spatial unit under these scenarios.

Modelling methodologies. Method 1 is developed using spatial clustering

and empirical regression modelling. The process involves three key steps: (1) sub-

dividing the study area into contiguous and relatively homogeneous subregions

using the SKATER algorithm, guided by factors such as building density, sur-

face roughness, and TC risk; (2) fitting wind–loss regression functions for each

subregion; and (3) aggregating subregional losses to estimate the total regional

loss. By employing the maximum wind speed as a predictor, Method 1 enables

the estimation of total losses for the entire lifecycle of a TC in a single com-

putation. Method 2, by contrast, is grounded in probability theory and Bayesian

inference. The modelling workflow includes: (1) selecting appropriate TC and loss

variables; (2) discretising continuous variables using data-driven approaches, in-

cluding weighted PCA and decision-tree-based supervised discretisation for input

variables, and clustering for output variables; (3) generating a set of TC scenarios

to represent a full range of possible storm behaviours and computing loss ratios for

each scenario using a probabilistic risk assessment framework; and (4) estimating

the CPTs through maximum likelihood estimation. The model output is a spatial

probability distribution of losses across all subregions. In addition, the inferential

capabilities of the BN enable the estimation of losses in unobserved areas based

on observed data.

Advantages and limitations. Method 1 can evaluate losses over the full life-

cycle of a TC, from genesis to dissipation, or at a specific point in time. Its data

requirements are relatively modest, and its model construction process is straight-

forward, making it suitable for rapid assessments where the primary objective is to

estimate total regional losses for a TC event. However, Method 1 cannot capture

129



spatial variations in damage, as it provides only an aggregated loss value for the

entire region. Its accuracy is also sensitive to the quality of spatial partitioning.

Moreover, the model assumes that maximum wind speed is the dominant damage

indicator, while other influencing factors (e.g., wind duration) are not considered.

Method 2, on the other hand, captures both the spatial distribution and prob-

abilistic characteristics of regional losses. Its flexible BN framework allows the

representation of complex causal relationships between TC characteristics and re-

sulting losses. Another advantage of Method 2 lies in its scalability; for instance, it

could be extended into a dynamic BN by incorporating time-series data, allowing

the model to track and predict evolving damage throughout a TC’s progression.

This dynamic capability would provide valuable insights for emergency planning

and real-time decision-making. Furthermore, additional hazard attributes (e.g.,

wind duration) or TC-related hazards (e.g., precipitation intensity, flood risk) can

be integrated to enable multi-hazard risk assessments. Nevertheless, Method 2

entails substantial computational demands and requires extensive, high-quality

datasets. In addition, as the model produces a snapshot of the loss distribution

at a given moment, assessing losses over an entire TC lifecycle requires multiple

computations and a post-processing step to determine either the maximum or

cumulative impact.

4.6 Conclusion

This section presents a BN framework for estimating regional building losses

caused by TCs. The framework efficiently and accurately quantifies the spatial

distribution of losses across large geographic areas under specified TC scenarios.

Because the discretisation of continuous variables significantly affects model accu-

racy, a new discretisation scheme is introduced. The main findings are summarised
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as follows:

1. The model incorporates two types of variables: TC variables (including

translation speed, heading angle, distance and azimuth of the TC centre

relative to the study area, and central pressure) and loss variables (loss

statistics for each geographic subdivision). The relationship between TCs

and losses is established through a scenario-based probabilistic risk assess-

ment framework.

2. TC variables are discretised using a supervised approach that combines

weighted PCA with decision tree algorithms, allowing the relative impor-

tance of each subdivision to be incorporated into the discretisation process.

Loss variables are discretised using 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 approx-

imately 30% lower than in low-importance areas due to the integration of

importance factors into the discretisation process.
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CHAPTER 5

A GCM–BASED FRAMEWORK FOR

ASSESSING CLIMATE CHANGE IMPACTS

ON TROPICAL CYCLONE WIND RISK IN

COASTAL CITIES

5.1 TC risk assessment under the historical cli-

mate in the North Atlantic

TC risk is commonly assessed using return period wind speeds. In ASCE 7-16

(ASCE, 2017), return period wind speeds provide the basis for structural design;

for example, mean return intervals (MRIs) of 300, 700, 1,700 and 3,000 years

correspond to Risk Categories I–IV, respectively. These wind speeds are typi-

cally derived from statistical analyses of tens of thousands of years of simulated

TCs generated by synthetic track models. Among the available approaches, the

method developed by Vickery et al. (2000) (hereafter the Vickery method) is widely

adopted in engineering applications.

In this study, the Vickery method is employed to simulate 30,000 years of

synthetic TC activity. On the basis of this dataset, return period wind speeds

are evaluated for five selected coastal cities in the United States. The resulting

wind hazard estimates serve as the baseline against which the potential influence

of future climate change on wind risk is assessed in subsequent sections.
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5.1.1 Synthetic TC generation model

The synthetic TC generation model developed by Vickery et al. (2000) is adopted

in this study. It is an empirical full-track model that simulates the entire TC

lifecycle, including genesis, development, and dissipation. The model operates in

two stages: (1) estimation of regression parameters specific to spatial grids across

the North Atlantic, and (2) iterative simulation of TC tracks based on these fitted

parameters.

In the first stage, the basin is divided into 5° latitude × 5° longitude grids, as

shown in Fig. 5.1. Within each grid, the changes of translation speed and heading

direction are modelled as:

∆ lnVt = a1 + a2ψ + a3λ+ a4 lnVti + a5θi + ε1, (5.1a)

∆θ = b1 + b2ψ + b3λ+ b4Vti + b5θi + b6θi−1 + ε2, (5.1b)

where i denotes the time step (6-hour interval). Vt is the translational velocity,

θ is the heading direction (clockwise from north), and ψ and λ are the latitude

and longitude of the TC centre, respectively. The error terms ε1 and ε2 follow

zero-mean Gaussian distributions with grid-specific standard deviations. ∆ lnVt

and ∆θ represent changes between the two successive time steps. Separate sets of

coefficients, a and b, are estimated for eastward- and westward-moving storms to

account for directional differences.

TC intensity is expressed in terms of the relative intensity I, defined as the

ratio of the actual central pressure drop to the maximum possible central pressure

drop (Darling, 1991). This dimensionless variable prevents the simulated central

pressure from reaching non-physical values. The changes of I in each grid is given
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Figure 5.1: The index for 5° latitude by 5° longitude grids in the North Atlantic.

by:

ln (Ii+1) = d1 + d2 ln (Ii) + d3 ln (Ii−1) + d4 ln (Ii−2)

+ d5Tsi + d6
(
Tsi+1

− Tsi
)
+ ε3,

(5.2)

where Tsi is the SST at the TC centre at step i. SST data are obtained from the

HadISST database, which provides monthly mean values with a 1° × 1° spatial

resolution (Rayner et al., 2003). ε3 is a zero-mean Gaussian error with grid-specific

variance. Coefficients d1 to d6 are also grid-specific and differ for eastward- and

westward-moving storms.

Fig. 5.2–5.4 display the fitted regression coefficients for lnVti, θi and ln Ii in

Eqs. (5.1a)–(5.2). Because observational records are limited, some grids lack suf-

ficient samples for stable estimation. Shaded cells indicate grids where parameter

fitting is feasible; unshaded cells denote data-sparse grids. During simulation, if a

TC enters a grid without fitted coefficients, the nearest available grid’s parameters

are adopted to preserve continuity of the track simulation.

Figs 5.5 and 5.6 illustrate, for grids (6,3) and (8,4), the regression performance

for Eqs. (5.1) and (5.2). In each figure, the left panels show residuals between
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Figure 5.2: The regression coefficient for lnVti in Eq. (5.1): (a) east-heading
direction, (b) west-heading direction.
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Figure 5.3: The regression coefficient for θi in Eq. (5.1): (a) east-heading direction,
(b) west-heading direction.
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Figure 5.4: The regression coefficient for ln Ii in Eq. (5.2): (a) east-heading direc-
tion, (b) west-heading direction.
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computed and observed values; circular and triangular markers correspond to

westward- and eastward-moving cases, respectively. Residuals are centred around

zero with no evident systematic bias. The right panels compare distributions of

modelled and observed values. Red markers represent translation speed, heading

and intensity derived from HURDAT2, whereas blue markers show the corre-

sponding quantities from the regression equations. The close alignment of these

distributions demonstrates satisfactory goodness-of-fit.

The second stage utilises the coefficients in Eq. (5.1a), Eq. (5.1b), and Eq. (5.2)

to iteratively generate synthetic TC events. TC genesis points are first sampled

from the starting locations in HURDAT2 (HRD/NOAA, 2023), including the ini-

tial date, position, heading, translation speed, and central pressure. The TC tracks

are then advanced at 6-hour intervals using these three equations. Upon landfall,

the central pressure deficit ∆P decays following the filling-rate model (Vickery

et al., 2000):

∆P (th) = ∆P0 · exp(−a · th), (5.3)

where th is the time since landfall in hours, ∆P0 is the pressure deficit at landfall,

and a is the decay rate. The decay parameter a is region-specific and can be

modelled as (Vickery, 2005):

a = a0 + a1∆P0 + εa, (5.4)

where a0 and a1 regression coefficients and εa a zero-mean normal error with

standard deviation σεa ; regional values for these parameters are listed in Table 5.1.

If the storm re-enters the ocean, the intensity simulation reverts to Eq. (5.2). The

simulation proceeds until the intensity drops below a threshold or the track exits

the basin.

Fig. 5.7 illustrates the coastal mileposts along the U.S. and Mexican coastlines.

The model’s performance is evaluated by comparing the statistics of translation
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Figure 5.5: The regression results for the grid (6,3): (a) Prediction errors for
∆ lnVt, (b) Predicted values for ∆ lnVt, (c) Prediction errors for ∆θ, (d) Predicted
values for ∆θ, (e) Prediction errors for ln Ii+1, (f) Predicted values for ln Ii+1.

Table 5.1: Regression coefficients for TC decay models across regions.

Region a0 a1 σεa

Florida Peninsula 0.006 0.00046 0.0025
Gulf-of-Mexico 0.035 0.00050 0.0355
Atlantic Coast 0.038 0.00029 0.0093
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Figure 5.6: The regression results for the grid (8,4): (a) Prediction errors for
∆ lnVt, (b) Predicted values for ∆ lnVt, (c) Prediction errors for ∆θ, (d) Predicted
values for ∆θ, (e) Prediction errors for ln Ii+1, (f) Predicted values for ln Ii+1.
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speed, heading direction, annual occurrence rate, and central pressure deficit be-

tween historical records and simulated TCs. Fig. 5.8 presents the mean and stan-

dard deviation of these four variables across all mileposts, computed using the

HURDAT2 database and 30,000 years of simulated TCs. The 30,000 simulated

years are grouped into multiple 175-year subsets, approximately matching the du-

ration of the observational record, to illustrate the stochastic variability of these

synthetic TCs. For most mileposts, the observational curves fall within the en-

velope of simulated results, indicating that the synthetic TC model effectively

reproduces the statistical characteristics of TC behaviour.

Figure 5.7: Milepost locations along U.S. and Mexican Coastline.

Finally, Fig. 5.9 shows a comparison of spatial densities between simulated and

HURDAT2 storm tracks over the North Atlantic, with the close correspondence

further demonstrating the effectiveness of the framework.
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Figure 5.8: Comparison of TC parameters between simulated TCs and HURDAT2
database: (a) translation speed, (b) heading direction, (c) annual occurrence count
and (d) central pressure deficit.
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Figure 5.9: The spatial density distribution of TCs in the North Atlantic based
on (a) HURDAT2, (b) Simulated.
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5.1.2 Estimation of return period wind speeds

In this study, five coastal cities, Charleston, Houston, Miami, Mobile, and New

York, are selected to illustrate the spatial distribution of TC risk along the U.S.

coastline, as shown in Fig. 5.7. Synthetic TCs generated in Section 5.1.1 are used

to compute the return period wind speeds for these cities.

Following the approach proposed in previous studies (Vickery et al., 2000; Bloe-

mendaal et al., 2022), the wind speeds of 30,000 synthetic TCs are first evaluated

using the wind field model described in Section 3.1.1. For each city, the maximum

3-second gust wind speed at 10 m height over open terrain produced by each TC

is recorded. Wind speeds exceeding 9 m/s are retained to estimate the return

period wind speed based on

Pexc(v) =
i

n+ 1
· n
m
, (5.5)

T (v) =
1

Pexc(v)
, (5.6)

where Pexc(v) denotes the exceedance probability of wind speed v, i is the rank of v

in descending order, n is the number of TC events considered, m is the simulation

period in years, and T (v) is the return period corresponding to wind speed v.

Fig. 5.10 compares the return period wind speeds calculated in this study

(solid lines) with those specified in ASCE 7-16 (ASCE, 2017) (markers). Miami

exhibits the highest return period wind speeds, followed by Mobile, Charleston,

and Houston, while New York shows the lowest values. Table 5.2 summarises

the RMSE for the five MRIs considered (50, 100, 300, 700 and 1,700 years) at

each city. The simulated return period wind speeds align well with the ASCE

provisions, indicating that the TC simulation method effectively captures regional

variations in TC risk. These return period wind speeds form the basis for assessing

future climate change impacts on coastal cities in subsequent sections.
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Figure 5.10: The return period wind speed for the five cities in the historical
climate.

Table 5.2: RMSE of estimated return period wind speeds for five cities.

City RMSE (m/s)

Charleston 2.02
Houston 1.48
Miami 1.12
Mobile 1.72

New York 1.10
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5.2 Projected changes in TC characteristics un-

der future climate scenarios

5.2.1 Overview of the framework

This section presents a framework for estimating the impacts of climate change on

three key TC characteristics, including intensity, frequency, and genesis location,

using high-resolution GCMs.

Historical TCs are obtained from established databases such as HURDAT2

(HRD/NOAA, 2023) and the International Best Track Archive for Climate Stew-

ardship (IBTrACS) (Knapp et al., 2010), which serve as reference datasets for bias

correction. Two additional TC datasets are then generated from GCM simulations

corresponding to the present and future climates, respectively. The GCM-based

TCs are identified using a TC tracking algorithm that applies multiple selection

criteria to distinguish TCs from other vortical systems. These three datasets

are separately analysed to evaluate TC characteristics in terms of intensity, fre-

quency, and genesis location. Comparison between historical observations and

GCM-simulated historical-climate TCs allows for the estimation of systematic

model biases, which are subsequently applied to the future-climate simulations to

produce bias-adjusted projections of future TC characteristics.

This study adopts the SSP585 emission scenario, representing a high-end radia-

tive forcing pathway of approximately 8.5 W/m2 by 2100. This scenario provides

an upper bound for impact and risk assessments and is widely used in climate

change studies (Kropf et al., 2025; Balaguru et al., 2023; Meiler et al., 2023). The

CNRM-CM6-1-HR model is employed due to its relatively high spatial resolution

(approximately 50 km in the atmosphere and 25 km in the ocean). As a member of

CMIP6/HighResMIP, this model is designed to evaluate how enhanced resolution
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influences climate simulations. Compared with its predecessor, CNRM-CM6-1-

HR exhibits notable improvements in climate reproducibility (Saint-Martin et al.,

2021; Voldoire et al., 2019) and has been widely applied in climate impact assess-

ments (Kropf et al., 2025; Meiler et al., 2023). This study employs a single GCM to

demonstrate the framework’s applicability rather than to conduct ensemble-based

uncertainty analysis. Nevertheless, the proposed workflow is readily extendable

to multiple GCMs in future research. The periods 1979–2014 and 2015–2050 are

defined as the historical and future climates, respectively. The historical period

corresponds to the satellite era, during which reliable global TC observations be-

came available, while 2015 marks the beginning of the CMIP6 projection period

and the implementation phase of the Paris Agreement. The year 2050 represents

a mid-century projection horizon that is widely adopted in climate impact assess-

ments (Bloemendaal et al., 2022).

5.2.2 GCM-based TC detection and tracking method

TC trackers are automated algorithms that identify cyclonic vorticity maxima in

the lower and mid-troposphere and track their temporal evolution. These algo-

rithms apply a series of filtering criteria (e.g. a warm-core structure, sustained

cyclonic rotation) to distinguish TCs from other vortical systems, such as midlat-

itude disturbances or transient eddies.

In this study, the TRACK algorithm (Hodges et al., 2017) is adopted for TC

detection. The algorithm begins with the isolation of regions exhibiting enhanced

cyclonic relative vorticity, generally focused at the 850 hPa level, and incorpo-

rates spectral filtering to reduce background noise and highlight coherent storm

structures. Unlike some identification schemes that apply thresholds during the

tracking stage, TRACK initially captures a broader range of disturbances, in-

cluding pre-TC and post-TC stages, by using vertically averaged vorticity across
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multiple levels (850, 700, and 600 hPa). This enhances temporal coherence and

ensures a more continuous representation of the storm lifecycle, particularly when

the vorticity maximum shifts between levels. The candidate vortices are initially

linked using a nearest-neighbour approach and subsequently optimised by mini-

mizing a cost function to produce smooth and dynamically consistent trajectories.

Tracks must persist for a minimum of two days to ensure robust detection while

reducing the likelihood of spurious identifications. Once the tracking stage is com-

pleted, additional filtering is applied to identify TCs using objective criteria based

on storm structure and intensity. These criteria include a specified threshold for

low-level vorticity, a demonstrable warm-core vertical profile (inferred from vor-

ticity differences between the lower and upper troposphere), a coherent vertical

structure between 850 and 200 hPa, and the requirement that these conditions

persist for at least four consecutive time steps. To focus on tropical systems, only

tracks originating between 30°S and 30°N and located over oceanic regions are

considered. Previous studies have demonstrated that the algorithm successfully

identifies nearly all observed TCs; for further details, see Hodges et al. (2017).

The TRACK algorithm is applied to identify TCs using atmospheric and

oceanic outputs from the CNRM-CM6-1-HR model. The resulting datasets in-

clude both historical (1979–2014) and future (2015–2050) climates. The spatial

distribution of these TCs is presented in Fig. 5.11. It should be noted that these

GCM-derived TCs are affected by biases associated with both the underlying cli-

mate model and the tracking algorithm. Therefore, bias correction is a necessary

step before using these identified tracks in risk analyses.

5.2.3 SST adjustment for TC intensity estimation

SST directly affects TC intensity through its control on ocean heat content and

energy fluxes that fuel TC development. The relationship between SST and TC
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Figure 5.11: Spatial distribution of identified TCs from the CNRM-CM6-1-HR
model: (a) historical period (1979–2014) and (b) future period (2015–2050).
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intensity is represented in Eq. (5.2). This section evaluates the influence of climate

change on SST as a proxy for assessing its impact on TC intensity.

The systematic biases in SSTs simulated by the GCMs are first evaluated. Ob-

served SSTs for 1979–2014 are obtained from the HadISST dataset (Rayner et al.,

2003), which provides monthly mean values on a 1◦×1◦ grid. Model-derived SSTs

for both the historical and future periods are obtained from the CNRM-CM6-1-HR

model (Voldoire, 2019). To ensure consistency with the observations, the native

0.25◦ × 0.25◦ outputs are resampled to a 1◦ × 1◦ grid, consistent with HadISST.

A bias correction is applied to mitigate the systematic discrepancies in modelled

SSTs. Common bias-correction techniques include quantile mapping, empirical

distribution fitting, and mean adjustment (Mehrotra and Sharma, 2015), which

generally aim to align the statistical properties of model outputs with observed

climatology. Among these, the mean bias correction, one of the simplest yet most

widely adopted approaches, is used in this study. The mean SST bias ∆T for each

grid cell is computed as the average difference between observed and simulated

SSTs during the historical period (1979–2014):

∆T (x, y) =
1

N

N∑
t=1

(
Tobs(x, y, t)− TGCM(x, y, t)

)
, (5.7)

where Tobs(x, y, t) and TGCM(x, y, t) denote the observed and simulated SSTs at

longitude (x), latitude (y), and month (t), respectively. A total of N = 432

monthly values (36 years × 12 months) are averaged per grid cell to obtain the

mean bias field. The bias-adjusted SST projections for 2015–2050 are then ob-

tained by adding this bias field to the raw SST:

T (x, y, t′) = TGCM(x, y, t
′) + ∆T (x, y), t′ ∈ [2015, 2050]. (5.8)

The spatial distribution of the mean SST bias is shown in Fig. 5.12a. The

CNRM-CM6-1-HR model systematically underestimates SSTs across much of the
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North Atlantic, with the largest cold biases (up to 4 °C) observed south of Green-

land, around the Labrador Sea, and across the western subtropical Atlantic. These

anomalies are likely associated with limitations in representing the Gulf Stream

and related mesoscale circulation. If uncorrected, such biases could lead to un-

derestimated TC intensities and, consequently, to an underestimation of climate-

induced risks. The bias-corrected SST changes between August 2014 and August

2050 are shown in Fig. 5.12b for illustration, revealing widespread warming across

most of the North Atlantic, with localised cooling in subtropical regions.
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Figure 5.12: SST correction for the CNRM-CM6-1-HR model: (a) mean SST
bias, (b) projected SST difference between August 2014 and August 2050 under
SSP585.

151



5.2.4 Assessment of future TC frequency

In probabilistic TC risk assessment, the annual TC frequency is commonly mod-

elled using count distributions such as the Poisson distribution (Jing and Lin,

2020; Zeng et al., 2024) or the negative binomial (NB) distribution (Huang et al.,

2022; Vickery et al., 2000). To determine the appropriate distribution for the

North Atlantic basin, this study calculates the mean and standard deviation of

annual TC frequency from 1979 to 2014, which are 12.38 and 4.95, respectively.

Because the variance (4.952 = 24.50) is substantially greater than the mean, the

Poisson distribution, which assumes equality between the mean and variance, is

unsuitable in this situation. Therefore, the NB distribution is adopted in this

study. The empirical cumulative distribution function (CDF) and the fitted NB

distribution are compared in Fig. 5.13, showing good agreement.
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Figure 5.13: Empirical and fitted negative binomial CDFs for annual TC frequency
in the North Atlantic.

For estimating the two parameters of the NB distribution under future climate

conditions, the same bias-correction principle described in Section 5.2.3 is applied,

that is, using observed values to correct model biases before assessing future TC
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characteristics. The mean and standard deviation of annual TC frequency under

the future climate are evaluated as:

µ = µobs

(
1 +

µ′
GCM − µGCM

µGCM

)
, (5.9a)

σ = σobs

(
1 +

σ′
GCM − σGCM

σGCM

)
, (5.9b)

where µGCM and σGCM denote the mean and standard deviation of modelled TC

frequencies for the historical period, and µ′
GCM and σ′

GCM represent the corre-

sponding statistics for the future period. µobs and σobs are the observed mean

and standard deviation derived from HURDAT2. Substituting these values yields

mean and standard deviation estimates of 11.43 and 4.73 for the future climate,

respectively, indicating a reduction compared with the historical climate. This

decreasing trend in frequency is consistent with recent studies (Fisher et al., 2020;

Knutson et al., 2020; Bloemendaal et al., 2022).

5.2.5 Projected shifts in genesis locations under climate change

Unlike frequency, which is expressed as a scalar value, TC genesis locations are

represented as a set of discrete points within a two-dimensional domain. Fig. 5.14

shows the spatial distribution of TC genesis locations in the North Atlantic dur-

ing 1979–2014. To evaluate projected spatial shifts in genesis distribution, these

discrete points are first converted into a continuous spatial field.

Kernel density estimation (KDE) is applied to perform this transformation.

KDE is a non-parametric statistical technique that converts discrete events into a

continuous probability surface by applying a kernel function to each observation.

In this study, a Gaussian kernel is used to estimate genesis density across the

North Atlantic, and the Spatial Analyst tool in ArcGIS is employed to compute

the corresponding density values. It should be noted that the original genesis

data contains both spatial distribution information and event counts. The impact
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Figure 5.14: The distribution of TC genesis locations in the North Atlantic from
1979 to 2014.

of climate change on TC frequency has been analysed in Section 5.2.4, and this

section focuses solely on spatial distribution changes. To eliminate the influence

of event counts, the spatial density is normalised so that the resulting values

represent the probability density function (PDF) of genesis location. Following the

same calibration procedure used for storm frequency, the future genesis density is

adjusted by comparing model-simulated and observationally derived density fields.

The corrected density field is then obtained as:

D(x, y) = Dobs(x, y)

(
1 +

D′
GCM(x, y)−DGCM(x, y)

DGCM(x, y)

)
, (5.10)

where Dobs(x, y) denotes the normalised historical genesis density derived from

HURDAT2, and DGCM(x, y) and D′
GCM(x, y) represent the historical and future

normalised genesis densities, respectively, obtained from the CNRM-CM6-1-HR

model. The resulting D(x, y) represents the calibrated future genesis density.

The spatial differences between historical and future genesis densities are shown
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in Fig. 5.15a, with values normalised to the range of –1 to 1 for ease of interpre-

tation. Blue regions indicate reduced genesis activity, whereas red regions suggest

increases. A notable reduction in genesis activity is projected across the western

Caribbean and adjacent portions of the western tropical Atlantic. Reduced ac-

tivity is also observed in parts of the Gulf of Mexico and the subtropical western

Atlantic. Conversely, increased genesis activity is projected over the central and

eastern Caribbean, with a broad region of enhancement extending northeastward

across the western–central North Atlantic. Moderate increases are also evident

over the eastern tropical Atlantic near the main development region. Overall,

the projected pattern indicates a basin-scale reorganisation of genesis conditions,

characterised by a relative shift from the western Caribbean toward the eastern

Caribbean and the western–central North Atlantic. Such spatial redistribution

may influence the initiation regions of TCs, with implications for regional TC

hazards along the coasts of North America. The PDF of the spatial distribution

of genesis density is presented in Fig. 5.15b.

5.3 Climate change impacts on coastal TC risks

5.3.1 Comparison of return period wind speeds between historical and
future climates

Section 5.2 presents the framework for evaluating the impacts of climate change

on TC intensity, genesis location, and frequency. Building on this foundation,

the present section quantifies the individual and combined contributions of these

factors to the return period wind speeds across five coastal cities.

Fig. 5.16 illustrates the variations in return period wind speeds under different

climate scenarios. The impacts of changes in TC frequency and genesis location

are relatively modest. A reduction in storm frequency consistently decreases re-

turn period wind speeds across all cities. The influence of genesis location varies
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Figure 5.15: Projected changes in TC genesis: (a) spatial differences in TC genesis
density between historical and future climates, (b) spatial distribution of future
TC genesis density.
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spatially: slight decreases are observed in Houston and Mobile, while small in-

creases appear in Miami, Charleston, and New York. This pattern aligns with

the projected redistribution of TC genesis, which shows reduced activity in the

western Caribbean and Gulf of Mexico but enhanced activity over the eastern

Caribbean and the western–central North Atlantic. Overall, both the frequency-

and genesis-driven effects remain relatively small.

In contrast, TC intensification produces the most significant increases in return

period wind speeds, dominating the climate-change signal across all cities. When

all three factors are considered together, Houston exhibits an apparent reduction

in return period wind speeds relative to the intensity-only case, followed by Mo-

bile. This reduction arises from both decreased storm frequency and a westward

reduction in genesis activity. Conversely, the combined-scenario return-period

curves for Miami, Charleston, and New York remain close to the intensity-only

projections, as the decrease in frequency is partially compensated by redistributed

genesis activity, maintaining similar overall levels of wind hazard.

The return period wind speeds under the combined impacts of changes in TC

frequency, genesis location, and intensity are shown in Fig. 5.17. The relative or-

dering of wind hazard among the five cities remains consistent with the historical

climate, with Miami exhibiting the highest wind speeds, followed by Mobile and

Charleston, then Houston, and New York showing the lowest levels. However, the

magnitude of projected changes varies across cities. Table 5.3 summarises the pro-

jected increases in the 100-, 500-, 1000-, and 2000-year return period wind speeds

under the combined-impact scenario. New York, Miami, and Houston exhibit

the largest increases, with projected changes exceeding 10 m/s at the 2000-year

return period. Miami lies within a high TC-risk region, and the projected in-

crease suggests a further amplification of existing hazards. In contrast, New York
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Figure 5.16: Return period wind speed comparison under historical and future
climates for five U.S. coastal cities: (a) Houston, (b) Mobile, (c) Miami, (d)
Charleston, and (e) New York.

158



and Houston, historically among the relatively lower-risk cities, show compara-

tively larger relative increases, implying a notable escalation in hazard exposure

under future climate conditions. These results highlight the regional variability

of climate-induced TC risks along the U.S. coastline. Furthermore, the increases

become more pronounced at longer return periods, indicating that intensifying

future TCs may heighten the likelihood of rare, extreme wind events.
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Figure 5.17: Comparison of return period wind speeds across five cities under
climate-induced changes in TC frequency, genesis location, and intensity.

Table 5.3: Increase in return period wind speed (m/s) across five cities under
climate-induced changes in TC frequency, genesis location, and intensity.

City ∆V100* ∆V500 ∆V1000 ∆V2000

Houston 2.46 5.45 8.09 10.14
Mobile 0.10 2.46 4.74 6.22
Miami 4.85 9.13 9.66 10.25

Charleston 3.25 5.49 6.18 7.82
New York 5.05 9.07 12.45 13.28

* VT denotes the wind speed corresponding to a return period of T years.
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5.3.2 Assessment of residential building losses in Miami-Dade County
under climate change

This section uses Miami-Dade County as an example to evaluate the impacts of

climate change on residential building losses. The loss estimation is conducted

using the TC loss model developed in Section 3.4. For each of the 30,000 simu-

lated years, all TCs are processed sequentially. The maximum wind speed at the

centroid of each of the 13 sub-regions (Table 3.3) is used as the input to the loss

model. Based on the model coefficients for each sub-region (Table 3.6), the cor-

responding loss ratio is estimated. Finally, the county-level loss ratio is obtained

using Eq. (3.54). The annual loss ratio represents the total damage caused by all

TCs occurring in a given year. If multiple storms occur in the same year, complete

recovery between events is assumed; thus, the annual loss ratio may theoretically

exceed one.

Because the number of TCs affecting the region can vary substantially from

year to year, the stability of the estimated annual loss distribution depends on the

number of simulation years. Fig. 5.18 illustrates the convergence of the estimated

average annual loss under the historical climate as the number of simulated years

increases. The results show that the average annual loss stabilises once the simu-

lation length reaches approximately 18,000 years. The total simulation length of

30,000 years used in this study is therefore sufficient to obtain stable estimates for

Miami-Dade County.

Fig. 5.19 compares the projected distributions of annual loss ratios under his-

torical and future climates. The intensification of TCs produces a clear upward

shift across the entire distribution, whereas the effects of changes in TC frequency

and genesis location are comparatively modest. The impacts of TC frequency
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Figure 5.18: Convergence of average annual loss with increasing simulation length
for Miami-Dade County.

and genesis location primarily arise through changes in the number of storms af-

fecting the region, while TC intensity influences the severity of individual storm

impacts. Based on statistics of storms passing within 200 km of Miami-Dade

County, the annual TC arrival rate is 1.25 in the historical climate and 1.16 and

1.28 under the frequency-change and genesis-change scenarios, respectively, indi-

cating only minor differences in the occurrence rate. In contrast, the number of

strong storms (Category 4 and above) increases by approximately 28% under the

intensity-change scenario, leading to a substantial increase in annual loss. The

combined-impact scenario yields an annual loss distribution that closely matches

the intensity-only case, further indicating the dominant role of TC intensity in

driving future loss increases. Pant and Cha (2019) conducted a similar assessment

of climate change impacts on losses in Miami-Dade County. However, their anal-

ysis primarily focused on a specific building class or total regional economic loss,

whereas the present study evaluates structural damage ratios for the residential

building stock. Furthermore, Pant and Cha (2019) considered climate change ef-

fects mainly through changes in TC intensity, while the present work incorporates

the combined influences of TC intensity, frequency, and genesis location. The two

161



studies also differ in their SST data sources: Pant and Cha (2019) used SST fields

from the GFDL model, whereas the present study employs the CNRM-CM6-1-HR

model with a bias-correction procedure to better represent SST characteristics.
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Figure 5.19: Projected distributions of annual residential building loss ratios in
Miami-Dade County under historical and future climates.

Fig. 5.20 presents the changes in average annual loss ratios under future climate

conditions. Although reduced storm frequency leads to a decrease in average

annual loss, the effect of genesis redistribution counteracts this reduction. As a

result, the combined-impact scenario produces average annual losses comparable

to those under the intensity-only scenario. Overall, incorporating changes in TC

frequency, genesis location, and intensity results in a 34.3% increase in average

annual loss relative to the historical climate.

5.4 Conclusion

This study proposes a framework for assessing the impacts of climate change on

TC behaviour, including intensity, frequency, and genesis locations, using high-

resolution GCMs. Projected TC characteristics under future climate conditions

are used as inputs to a synthetic TC model to evaluate changes in TC risks for
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Figure 5.20: Average annual residential building loss ratios in Miami-Dade County
under historical and future climates.

coastal cities. The framework is applied to the North Atlantic, using the CNRM-

CM6-1-HR model under the SSP585 high-emission scenario to estimate return

period wind speeds and associated losses. The main findings are summarised as

follows:

1. Climate change is projected to result in a decrease in TC frequency across

the North Atlantic, accompanied by a spatial redistribution of genesis ac-

tivity from the western Caribbean toward the eastern Caribbean and the

western–central North Atlantic. SSTs exhibit widespread warming across

the basin. The CNRM-CM6-1-HR model shows a systematic cold bias in

SST; without bias correction, this bias would lead to an underestimation of

TC intensification and consequently an underestimation of coastal hazard.

2. TC intensification is the primary driver of increased risk in the examined
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coastal cities. Neglecting concurrent changes in storm frequency and gen-

esis locations leads to an overestimation of risk for cities adjacent to the

Gulf of Mexico (e.g., Houston and Mobile), where decreases in frequency

and westward reductions in genesis partially offset intensification effects. In

contrast, for cities along the southeastern and northeastern U.S. coastline

(e.g., Miami, Charleston, and New York), the reduction in storm frequency

is partially compensated by the eastward redistribution of genesis activity.

As a result, the difference between the intensity-only and combined-impact

scenarios is relatively small for these cities.

3. The projected increases in return period wind speeds vary across cities.

Among the five locations, Miami and New York exhibit the most pronounced

increases. Additionally, increases are larger for long return periods than

for short return periods, indicating a heightened likelihood of rare, high-

intensity storm events under future climate conditions.

4. The average annual loss ratio for residential buildings in Miami–Dade County

is projected to increase by 34.3% relative to historical climate conditions.

This research provides a comprehensive assessment of how climate change may

alter TC activity and its impacts on coastal regions. The findings can support

the development of more robust engineering design standards and inform climate

adaptation strategies for urban planning and disaster management.
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CHAPTER 6

CONCLUSIONS AND FUTURE WORK

6.1 Summary and conclusions

This thesis presents a comprehensive and systematic framework for assessing TC-

induced risks in urban regions, with an emphasis on improving the efficiency and

accuracy of regional loss estimation and evaluating the influence of climate change

on TC activity and associated urban risks. The research comprises three studies

that focus on quantifying, modelling, and projecting TC risks under both current

and future climate conditions.

Chapter 3 introduces a novel framework for constructing a TC loss model for

regional building portfolios. Traditional large-area risk assessments face challenges

in establishing functional relationships between TC characteristics and losses due

to spatial heterogeneity in hazard intensity, terrain conditions, and building dis-

tributions. To address this issue, a spatial clustering algorithm was applied to

partition the study region into sub-regions with relatively uniform internal char-

acteristics. The clustering considered three key attributes: (1) building spatial

density, (2) terrain type represented by surface roughness, and (3) wind hazard

risk characterised by return period wind speeds. By grouping areas with similar

features, the framework reduces intra-region variability, thus improving the ro-

bustness and accuracy of sub-regional wind–loss regressions. The total regional

loss was estimated as a weighted sum of sub-regional losses, while the total vari-

ance was calculated by incorporating both intra-subregional variances and positive
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inter-subregional correlations. Neglecting these correlations would lead to an un-

derestimation of total variance. Testing with 100 TC events showed that the pro-

posed approach achieved RMSEs of 0.023 and 0.016 for the mean and standard

deviation of losses, respectively. Compared to direct modelling at the regional

scale, this divide-and-aggregate method significantly enhances the precision and

reliability of large-scale risk assessments.

Chapter 4 develops a BN-based TC loss model to capture the spatial distri-

bution of building losses across a large region. The model integrates key TC

parameters, including translation speed, movement direction, distance and az-

imuth between the storm centre and the study area, and central pressure, along

with loss indicators expressed as loss ratios. This enables the estimation of loss

distributions while explicitly accounting for uncertainties and spatial correlations

based on only basic TC information. To address the challenge of discretising con-

tinuous variables, a novel data-driven discretisation strategy was introduced. For

TC variables, weighted PCA combined with decision tree-based methods ensured

dimensionality reduction while preserving key information, thereby maintaining

higher predictive accuracy in critical areas. For loss variables, K-means clustering

was employed to characterise patterns across regions. The model demonstrated

high predictive accuracy, with RMSEs for both the mean and standard deviation

of loss ratios below 0.02 for most areas. The 90th percentile RMSE values for the

mean and standard deviation of the loss estimates across the study area are 0.025

and 0.023, respectively. Furthermore, the BN exhibited strong inferential capa-

bilities under partial observation scenarios: when data for only 5% of locations

were available, the model efficiently estimated losses for the remaining 95% of the

region.

Chapter 5 explores the potential impacts of climate change on TC behaviour
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and associated urban risks. Future climate conditions were projected using the

high-resolution CNRM-CM6-1-HR GCM under the SSP585 high-emission sce-

nario. A bias correction was applied to address the model’s systematic cold bias

in SST prior to storm simulation. Using a synthetic TC generation technique,

30,000 years of stochastic storm activity were simulated for both historical and

future climate scenarios. Five coastal cities, Houston, Mobile, Miami, Charleston,

and New York, were selected for detailed risk analysis. Results indicate that cli-

mate change will lead to a decrease in TC frequency and a spatial redistribution of

genesis activity from the western Caribbean toward the eastern Caribbean and the

western–central North Atlantic, while TC intensity increases across the basin. TC

intensification is the primary driver of heightened future wind hazards. Neglecting

concurrent changes in frequency and genesis locations leads to an overestimation

of risk for cities adjacent to the Gulf of Mexico, where decreases in storm oc-

currence and westward reductions in genesis partially offset intensification effects.

In contrast, for southeastern and northeastern U.S. cities, the reduction in fre-

quency is partially compensated by the eastward shift in genesis activity, resulting

in only small differences between intensity-only and fully combined projections.

Projected increases in return period wind speeds are larger for longer return pe-

riods, with Miami and New York exhibiting the greatest increases. The average

annual loss ratio for residential buildings in Miami–Dade County is projected to

rise by approximately 34.3% relative to historical conditions.

Collectively, these three studies form an integrated framework that links haz-

ard simulation, regional loss estimation, and climate modelling. The framework

provides an essential foundation for developing long-term strategies to enhance

climate resilience and urban adaptation to TC-related hazards.
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6.2 Recommendations for future research

This thesis highlights several directions for future work to further improve TC risk

assessment and resilience planning:

1. Integration of interdependent network systems. While this study primarily

focuses on building damage, other critical infrastructure networks, such as

water supply, power grids, and communication systems, are highly interde-

pendent. For example, power systems rely on water for cooling, while water

supply depends on electricity for pumping and treatment. Future research

should integrate these networked systems into risk models to better cap-

ture cascading failures and the full scope of potential disruptions during TC

events.

2. Incorporating recovery processes into resilience modelling. Community re-

silience encompasses four dimensions: robustness, rapidity, resourcefulness,

and redundancy. This study addresses robustness by assessing structural

damage but does not explicitly consider recovery dynamics. Future work

should model the speed and effectiveness of recovery, including resource al-

location, and redundancy in system design to provide a more comprehensive

assessment of resilience and long-term community functionality.

3. Multi-hazard risk assessment. TCs often bring intense rainfall and storm

surge in addition to high winds, and these hazards may occur simultane-

ously or in close succession. Their combined effects can be significantly

greater than those of a single hazard alone. Expanding the current frame-

work to incorporate multi-hazard scenarios, such as wind-driven flooding,

would improve risk quantification and support the design of more effective

mitigation strategies.
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4. Expanding the use of BNs. Beyond regional damage assessment, BNs can

serve as powerful tools for causal inference and decision support. Future

extensions could integrate emergency response processes, evacuation strate-

gies, and recovery planning. Moreover, adopting dynamic BN frameworks

would enable the inclusion of temporal dimensions, facilitating the analysis

of evolving risks under changing climate conditions and long-term adapta-

tion planning.
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AssunÇão, R. M., Neves, M. C., Câmara, G., and Da Costa Freitas, C. (2006).
“Efficient regionalization techniques for socio-economic geographical units using
minimum spanning trees.” Int. J. Geogr. Inf. Sci., 20(7), 797–811.

Aydin, M., Akyuz, E., and Boustras, G. (2024). “A holistic safety assessment
for cargo holds and decks fire & explosion risks under fuzzy Bayesian network
approach.” Saf. Sci., 176, 106555.

Aydin, O., Janikas, M. V., Assunção, R., and Lee, T.-H. (2018). “SKATER-CON:
Unsupervised regionalization via stochastic tree partitioning within a consensus
framework using random spanning trees.” Proceedings of the 2nd ACM SIGSPA-
TIAL International Workshop on AI for Geographic Knowledge Discovery, New
York, USA, 33–42.

170



Baker, J. W. (2008). “An introduction to probabilistic seismic hazard analysis
(PSHA).” Report No. 1.3, US Nuclear Regulatory Commission, Maryland, the
United States.

Balaguru, K., Xu, W., Chang, C.-C., Leung, L. R., Judi, D. R., Hagos, S. M.,
Wehner, M. F., Kossin, J. P., and Ting, M. (2023). “Increased U.S. coastal
hurricane risk under climate change.” Sci. Adv., 9(14), 1–11.

Beresniak, A., Bertherat, E., Perea, W., Soga, G., Souley, R., Dupont, D., and
Hugonnet, S. (2012). “A Bayesian network approach to the study of historical
epidemiological databases: Modelling meningitis outbreaks in the Niger.” Bull.
World Health Organ., 90, 412–417a.

Beuzen, T., Marshall, L., and Splinter, K. D. (2018). “A comparison of methods
for discretizing continuous variables in Bayesian networks.” Environ. Model.
Softw., 108, 61–66.

Bloemendaal, N., Haigh, I. D., Moel, H., Muis, S., Haarsma, R. J., and Aerts,
J. C. J. H. (2020). “Generation of a global synthetic tropical cyclone hazard
dataset using STORM.” Sci. Data, 7(1), 40.

Bloemendaal, N., Moel, H., Martinez, A. B., Muis, S., Haigh, I. D., Wiel, K.,
Haarsma, R. J., Ward, P. J., Roberts, M. J., Dullaart, J. C. M., and Aerts, J.
C. J. H. (2022). “A globally consistent local-scale assessment of future tropical
cyclone risk.” Sci. Adv., 8(17), 1–13.

Bruneau, M., Chang, S. E., Eguchi, R. T., Lee, G. C., O’Rourke, T. D., Reinhorn,
A. M., Shinozuka, M., Tierney, K., Wallace, W. A., and Von Winterfeldt, D.
(2003). “A framework to quantitatively assess and enhance the seismic resilience
of communities.” Earthq. Spectra, 19(4), 733–752.

Cai, B., Zhang, Y., Wang, H., Liu, Y., Ji, R., Gao, C., Kong, X., and Liu,
J. (2021). “Resilience evaluation methodology of engineering systems with
dynamic-Bayesian-network-based degradation and maintenance.” Reliab. Eng.
Syst. Saf., 209, 107464.

Chang-Richards, A., Seville, E., Wilkinson, S., and Walker, B. (2019). “Effects
of disasters on displaced workers.” Resettlement Challenges for Displaced Pop-
ulations and Refugees, Springer International Publishing, Cham, Switzerland,
185–195.

Chen, X., Ma, X., Jia, L., Zhang, Z., Chen, F., and Wang, R. (2024). “Causative
analysis of freight railway accident in specific scenes using a data-driven
Bayesian network.” Reliab. Eng. Syst. Saf., 243, 109781.

171



Chen, Y., Duan, Z., Yang, J., Deng, Y., Wu, T., and Ou, J. (2021). “Typhoons of
western North Pacific basin under warming climate and implications for future
wind hazard of east Asia.” J. Wind Eng. Ind. Aerodyn., 208, 104415.

Chilès, J.-P. and Delfiner, P. (2012). Geostatistics: Modeling spatial uncertainty.
John Wiley & Sons, Chichester, England.

Chow, S.-h. (1971). “A study of the wind field in the planetary boundary layer of
a moving tropical cyclone.” M.S. thesis, New York University.

Cimellaro, G. P., Christovasilis, I. P., Reinhorn, A. M., De Stefano, A., and Kirova,
T. (2010). “L’aquila earthquake of April 6, 2009 in Italy: Rebuilding a resilient
city to withstand multiple hazards.

Col, J.-M. (2007). “Managing disasters: The role of local government.” Public
Adm. Rev., 67(s1), 114–124.

Contreras, C. and M, P. (2019). “A comparative analysis of population dislocation
models for multi-objective community resilience optimization.” M.S. thesis, The
University of Oklahoma.

Costa, V. G. and Pedreira, C. E. (2023). “Recent advances in decision trees: An
updated survey.” Artif. Intell. Rev., 56(5), 4765–4800.

Cox, R. S. and Perry, K.-M. E. (2011). “Like a fish out of water: Reconsidering
disaster recovery and the role of place and social capital in community disaster
resilience.” Am. J. Community Psychol., 48(3), 395–411.

Cui, W. and Caracoglia, L. (2019). “A new stochastic formulation for synthetic
hurricane simulation over the North Atlantic Ocean.” Eng. Struct., 199, 109597.

Cui, W., Zhao, L., Cao, S., and Ge, Y. (2021). “Bayesian optimization of typhoon
full-track simulation on the Northwestern Pacific segmented by QuadTree de-
composition.” J. Wind Eng. Ind. Aerodyn., 208, 104428.

Darling, R. W. R. (1991). “Estimating probabilities of hurricane wind speeds
using a large-scale empirical model.” J. Clim., 4(10), 1035–1046.

De Felice, F., Baffo, I., and Petrillo, A. (2022). “Critical infrastructures overview:
Past, present and future.” Sustainability, 14(4), 2233.

Der Kiureghian, A. and Liu, P.-L. (1986). “Structural reliability under incomplete
probability information.” J. Eng. Mech., 112(1), 85–104.

Ding, J.-Y., Feng, D.-C., and Galasso, C. (2025). “Seismic fragility assessment of
regional building portfolios using machine learning and Poisson binomial distri-
bution.” Int. J. Disaster Risk Reduct., 116, 105044.

172



Do, T. Q., Lindt, J. W., and Cox, D. T. (2020). “Hurricane surge-wave building
fragility methodology for use in damage, loss, and resilience analysis.” J. Struct.
Eng., 146(1), 4019177.

Doberck, W. (1884). “The Hong Kong Observatory.” Nature, 29(756), 596–597.
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Salas Y Mélia, D., Séférian, R., Valcke, S., Beau, I., Belamari, S., Berthet, S.,
Cassou, C., Cattiaux, J., Deshayes, J., Douville, H., Ethé, C., Franchistéguy,
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