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ABSTRACT
Non-cyclonic windstorm is a major natural peril that causes substantial economic losses to
housing in New South Wales, Victoria and southeastern Queensland where the majority of
Australia’s population live. Housing in non-cyclonic regions of Australia comprises a large
portion of metal-clad contemporary houses with complex hip-roof geometries. According
to post-damage surveys, wind-induced losses to Australian contemporary houses mainly
result from direct wind damage to roof and windows as well as associated rainwater damage
to building interior and contents. Construction defects have also been observed as a major
contributor to housing damage during windstorms. There is a lack of systematic approaches
to assess wind and rainfall losses for metal-clad contemporary houses in non-cyclonic
regions of Australia with an explicit modelling of construction defects. Risk mitigation and
climate adaptation aim to improve building resilience to wind hazards and reduce economic
losses associated with wind damage under a changing climate. Although several
mitigation/adaptation measures for Australian housing have been proposed in the literature,
quantitative evaluations of their cost-effectiveness are still limited. There is a need for a
quantitative decision support model to assist relevant decision-makers and stakeholders in
choosing appropriate mitigation/adaptation measures for the protection of houses against
wind hazards.
This PhD research develops a probabilistic risk assessment (PRA) and decision support
framework for metal-clad contemporary houses subjected to non-cyclonic windstorms. The
PRA framework integrates hazard modelling for extreme wind speed and associated rainfall,
reliability-based wind damage assessment for roof system and windows, rainwater intrusion
evaluation and economic loss estimation. A probabilistic construction defect model
including five types of defects in roof connections is also developed, which can be readily
integrated into the PRA framework to account for the reduced roof reliability and
performance due to defective roof components. A scenario-based approach is adopted to
include climate change impact on extreme wind speed and associated rainfall. The
developed PRA framework is illustrated on representative metal-clad contemporary houses
in two Australian cities − Brisbane and Melbourne (i.e. capital cities in Queensland and
Victoria). Risk-based decision models are employed to provide decision support to identify
cost-effective measures for risk mitigation and climate adaptation. The magnitude of
II

uncertainty and decision-makers’ risk preferences (i.e. risk aversion, risk-neutrality and risk
proneness) are taken into account in the decision-making. The implications for
mitigation/adaptation decisions with the consideration of insurance and economic
incentives are also discussed.
The PRA and decision analysis results suggest that rainwater damage to building interior
and contents is a major contributor to economic risks for Australian contemporary houses
subjected to non-cyclonic windstorms. Installing window shutters is a promising
mitigation/adaptation measure for homeowners in Brisbane to implement. Climate change
has a marginal influence on the cost-effectiveness of mitigation/adaptation measures. The
outputs of this PhD research can assist insurance and re-insurance industries in catastrophe
risk management, government agencies in disaster planning and management, and
homeowners in choosing cost-effective mitigation/adaptation measures to protect their
home against windstorms. This research paves the way towards a more resilient residential
community under wind hazards.
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CHAPTER 1. INTRODUCTION
1.1 Background and Motivation
Non-cyclonic wind regions contain the majority of Australia’s population and
urbanization. Figure 1.1 shows the wind regions specified in AS/NZS 1170.2 (2011) with
Region A, B and W defined as non-cyclonic regions. New South Wales, Victoria and
southeast Queensland have nearly 70% of Australia’s population, and are classified as noncyclonic regions of Australia in AS/NZS 1170.2 (2011). Only about 5% of Australia’s
population live in cyclonic regions. Non-cyclonic windstorms (e.g. severe thunderstorms
and synoptic winds associated with low-pressure systems) account for nearly 25% of annual
economic losses caused by natural hazards in Australia (BITRE 2008) with most damage
occurring to housing (e.g. Holmes 2015; Leitch et al. 2009). Wind damage prediction and
risk assessment for housing in non-cyclonic regions are evidently essential and the key to
assessing the cost-effectiveness of relevant wind mitigation measures. An accurate and
detailed wind risk assessment can also benefit insurance and re-insurance industries in
catastrophe risk management, and government bodies in planning for disaster and
emergency management (Holmes 2015). Risk mitigation and climate adaptation aim to
improve building resilience to extreme winds and reduce economic losses associated with
wind damage under a changing climate. The adoption of a specific wind mitigation or
climate adaptation measure for housing is determined not only by its effectiveness in risk
reduction but also the cost efficiency, and hence there is a need to quantify the costeffectiveness of relevant risk mitigation and climate adaptation measures.
Losses and risks to housing during severe windstorms often accrue to damage to the
building envelope (Henderson & Ginger 2008; Stewart et al. 2018). Rainfall often concurs
with extreme winds. The breaches of roof cladding and windows/doors may subsequently
induce significant losses to building interior and contents due to rainwater intrusion (e.g.
Henderson & Ginger 2008; Leitch et al. 2009; Ginger et al. 2010). To this end, the main
task of the risk assessment for housing under extreme winds is to evaluate the direct losses
from wind damage to the building envelope and the economic losses caused by rainwater
damage to building interior and contents. A probabilistic risk assessment (PRA) framework
is thus needed, which integrates hazard modelling for extreme wind and associated rainfall,
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wind damage assessment for the building envelope, rainwater intrusion evaluation and
economic loss estimation.
The extreme wind speed is typically modelled by the extreme value distributions (e.g.
Simiu & Scanlan 1986; Palutikof et al. 1999). For a specific type of windstorm (e.g. tropical
cyclones, thunderstorm downbursts), event-based wind field models may also be used to
capture the temporal and spatial variations of wind speed and direction (e.g. Vickery et al.
2000; Holmes & Oliver 2000). To assess the wind and rain losses for housing, the hazard
modelling needs to account for the simultaneous occurrence of extreme wind and associated
rainfall. Event-based hurricane models capture the wind speed and rainfall intensity during
cyclonic windstorms (e.g. Pita et al. 2012; Mudd et al. 2016) and have been applied to the
risk assessment for houses in the US (e.g. Pita et al. 2012; Johnson et al. 2018; Pant & Cha
2019). However, there is a lack of hazard models for rainfall associated with non-cyclonic
extreme winds.

Figure 1.1 Wind regions of Australia (AS/NZS 1170.2 2011).

The wind damage assessment produces fragility/vulnerability curves for housing
components that expresses the extent of wind damage as a function of wind speed. The
empirical vulnerability curves are conventionally used in insurance industries and the
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application may have limitations due to a lack of extensive historical damage data at various
geographical locations. Engineering-based fragility/vulnerability models (e.g. Rosowsky &
Ellingwood 2002; Lee & Rosowsky 2005) have been increasingly advocated (Walker 2011)
as it utilizes the scientific knowledge from many research areas (e.g. wind engineering,
structural reliability and mechanics) to achieve more rational and reliable predictions. The
engineering-based approach is also capable to provide detailed damage assessment for
housing components, which facilitates the decision analysis for wind risk mitigation and
climate adaptation.
It has been widely acknowledged that the occurrence of human error during design and
construction may significantly reduce the reliability of structures (Ellingwood 1987). Postdamage observations reveal that construction error may largely increase housing
vulnerability under wind hazards (Ginger et al. 2010; Yazdani et al. 2010; Smith et al. 2016).
Wind damage tend to initiate on defective house components that leads to load redistribution
to adjacent components and may trigger a cascading failure of the structural system.
Construction defects are common for residential construction, the effects of which have not
been accounted for in most reliability/fragility assessments. Figure 1.2 shows an example
of construction defects in roof connections (screws for roof cladding fastener and nails for
truss-to-wall connections) of Australian contemporary houses.
The subsequent rainwater intrusion after the wind damage incurs losses to building
interior and contents. Rainwater penetration through gaps and cracks in the undamaged
building envelope has also been commonly reported in post-damage surveys (e.g.
Henderson & Ginger 2008; Henderson et al. 2017). Figure 1.3 shows an example of building
interior damage due to rainwater intrusion through roof breaches. The semi-empirical winddriven rain (WDR) model and numerical analysis using computational fluid dynamics
(CFD) are two options for the rainwater intrusion evaluation (e.g. Dao & van de Lindt 2010;
Pita et al. 2012; Baheru et al. 2015). The CFD approach provides a more detailed assessment
of WDR at a price of greatly increased complexity and cost in both modelling and
computation. The semi-empirical WDR model provides a convenient and fast evaluation of
rainwater intrusion, and its accuracy can be improved with more evidence from numerical
analysis, experiments and field monitoring.
Loss estimation typically uses an assembly-based approach (e.g. Porter et al. 2001;
HAZUS 2014; Hamid et al. 2010; Stewart et al. 2018). The entire house is divided into
components/ subassemblies based on specific building details. The loss of each individual
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housing components is obtained based on the damage state of the component. Then the total
loss is equal to the sum of repair or replacement costs of every housing components.
Empirical loss functions are commonly adopted to relate the damage states of individual
housing components with the loss ratios (e.g. HAZUS 2014; Stewart et al. 2018).

Missing screw
fasteners

(a) Missing screw fasteners on metal roof cladding (photo by Hao Qin).

(b) Missing nails in triple grip truss-to-wall connections (photo from Satheeskumar et al. 2016).
Figure 1.2 Construction defects in roof connections of Australian contemporary houses.
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Figure 1.3 Ceiling damage caused by rainwater intrusion during the Brisbane windstorm in 2008
(Leitch et al. 2009).

A risk mitigation or climate adaptation measure for housing reduces economic risks
associated with extreme winds at a mitigation/adaptation cost. Cost-benefit analysis is often
required to assess the potential benefits and costs of a risk mitigation or climate adaptation
measure to ensure money is well spent. ‘Business as usual’ is preferred if costs overwhelm
benefits, and the optimal risk mitigation or climate adaptation measure can be determined
by comparing the net benefits/returns of different mitigation/adaptation measures. Such
risk-based decision approach for the selection of optimal housing mitigation/adaptation
measures is equivalent to either maximizing the expected life-cycle return or minimizing
the expected life-cycle cost, which is economically efficient and adequate for risk-neutral
decision-makers. However, this approach only considers the mean of life-cycle return or
cost, and fails to capture the associated uncertainties by ignoring other statistical moments
(e.g. variance, skewness, etc.). Distinct risk attitudes of decision-makers (e.g. risk-seeking,
risk-averse) are also not taken into account. To this end, more work is needed to incorporate
risk preferences, and enable the decision-making under uncertainty for wind hazard
mitigation and climate adaptation.

1.2 Objectives and Research Significance
This study aims to develop a probabilistic risk assessment (PRA) method to evaluate
economic losses for Australian contemporary housing in Brisbane and Melbourne subjected
to non-cyclonic windstorms. Decision analysis is subsequently conducted based on the PRA
results to select optimal risk mitigation or climate adaptation measures. The outputs of this
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study pave the way towards a more resilient residential community under wind hazards.
Specifically, the major components in this thesis include:
1) A probabilistic hazard model for extreme wind and associated rainfall based on
meteorological data;
2) A reliability-based fragility method to assess wind damage to metal-roof cladding,
timber roof trusses and windward windows;
3) A construction defect model that is incorporated into the reliability-based fragility
assessment to examine the effect of construction error on the wind damage to roof;
4) A semi-empirical rainwater intrusion model to evaluate the amount of rainwater
entering from breaches and gaps in the building envelope;
5) Assembly-based loss estimation for housing components/subassemblies based on
empirical loss functions, cost data and engineering judgement;
6) A PRA for metal-clad contemporary houses using a Monte Carlo simulation, which
integrates the hazard model for extreme wind and associated rainfall, wind
damage/fragility assessment, rainwater intrusion and loss estimation;
7) A cost-benefit analysis of the proposed wind risk mitigation or climate adaptation
measures for metal-clad contemporary houses. The mitigation/adaptation measures
include: (i) strengthening roof cladding, (ii) installing window shutters, (iii)
increasing window resistances, and (iv) using water-resistant materials for building
interior;
8) Application of in-depth decision analysis approach to explicitly capture the
magnitude of uncertainty and risk preferences involved in the decision-making for
wind risk mitigation and climate adaptation;
9) Implications of the research outputs for homeowners and insurers including the
devise of incentives to motivate homeowners to install window shutters.
The primary contributions of this study are i) a PRA method to evaluate economic losses
incurred by wind and rainfall damage for housing subjected to non-cyclonic windstorms,
and (ii) the application of decision analysis approaches to explicitly account for the
magnitude of uncertainty and risk preferences involved in the decision-making for wind risk
mitigation and climate adaptation. Specifically, this study has made attempts to fill the
following research gaps:
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1) Probabilistic modelling and statistical inferences for rainfall associated with noncyclonic windstorms;
2) Probabilistic characterizations of wind damage to metal roof cladding and timber roof
trusses of Australian contemporary houses accounting for the spatially varying wind
uplift pressures, internal pressure evolution with increasing damage to the building
envelope and progressive failures of roof connections through a Monte Carlo
simulation and a finite element approach;
3) Modelling of construction defects for roof cladding and trusses that systematically
integrates engineering judgement, human reliability analysis techniques and limited
observed defect data through a Bayesian approach;
4) Estimation of economic losses to metal-clad contemporary houses incurred by
extreme wind and associated rainfall in non-cyclonic regions of Australia;
5) Identification of appropriate risk mitigation and climate adaptation measures for
Australian contemporary houses through a cost-benefit analysis with the
consideration of climate change impacts;
6) Explicit inclusion of risk preferences and magnitude of uncertainty in wind
mitigation decision-making through a variety of decision models including
superquantile, utility theory and almost stochastic dominance.
7) Proposed new application of the descriptive decision models in behaviour economics
in devising incentives for homeowners to implement mitigation measures for the
protection of their houses, which potentially leads to a significant reduction of
insurance losses and an improvement for the resilience of residential community
against wind hazards.

1.3 Risk Assessment and Decision Support Framework
1.3.1 Risk formulation
The risk from extreme wind events is expressed as (Stewart 2015)
𝐸(𝐿) = ∑ Pr(𝐶)Pr(𝐻|𝐶) Pr(𝐷𝑆|𝐻) Pr(𝐿|𝐷𝑆) 𝐿

(1.1)

where Pr(C) is the annual probability that a specific climate scenario will occur, Pr(H|C) is
the annual probability of a wind hazard conditional on the climate, Pr(DS|H) is the
probability of a damage state conditional on the hazard (also known as fragility), Pr(L|DS)
is the conditional probability of a loss given the occurrence of damage, and L is the loss or
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consequence if full damage occurs, Pr(DS|H) is the probability of a damage state conditional
on the hazard (also known as fragility), Pr(L|DS) is the conditional probability of a loss
given occurrence of the damage, and L is the loss or consequence if full damage occurs. The
wind hazard is typically represented by the wind speed, which can be further extended to
include other environmental hazards (e.g. heavy rainfall, windborne debris, storm surge,
etc.) commonly associated with or induced by the extreme wind event. If the loss refers to
a monetary loss, then E(L) represents an economic risk. The summation sign in Eq. (1.1)
refers to the summation of a number of possible climate scenarios, hazards, damage states
and losses. If the probability that a specific climate scenario will occur, Pr(C) is too
unreliable, then a scenario-based analysis where climate scenario probability is decoupled
from Eq. (1.1) is typically adopted for risk assessment and decision analysis (e.g. Stewart
2015; Stewart et al. 2018).
1.3.2 Risk-based Decision-Support Framework
The risk assessment provides the basis for decision-making of risk mitigation and climate
adaptation. A risk-based decision-support framework derived from Stewart & Deng (2015)
is illustrated in Fig. 1.4. The methods and models proposed in this study contribute to the
development of every components in this framework. The details of the components in this
framework are described herein:
1) Climate modelling Pr(C): stochastic models used to predict climate variables in the
future. The climate change impacts on wind hazards are projected using climate
models. A review of various climate models and their usage is given in CSIRO &
BOM (2015). Although there are many models available for the prediction of climate
variables in the future, the trend of climate change is still not well understood, and
the projections yielded by different models are often contradicted. This makes the
modelling of Pr(C) too unreliable and uncertain, and therefore, in this study, the
climate change impacts on wind hazards are only simply investigated by a scenariobased approach.
2) Hazard modelling Pr(H|C): probabilistic modelling of wind hazard and other
associated environmental hazard (e.g. rainfall, storm surge) conditional on a given
climate. It may require joint probability models for hazard variables such as wind
speed, windstorm duration and rainfall intensity (e.g. Mudd et al. 2016).

8

3) Engineering models: engineering modelling of structural loading, resistances and
response for housing elements and systems of interest. It may involve various
materials, design and construction methods in engineering models.
4) Damage modelling (fragility) Pr(DS|H): probabilistic and reliability modelling to
predict the extent of damage conditional on a given hazard (e.g. separate or joint
occurrence of wind, rainfall, windborne debris) based on the engineering model.
Hazards are decoupled in the damage assessment, and the damage states are typically
expressed as a function of all likely magnitudes or intensities of the hazard (e.g. wind
fragility expresses housing damage state as a function of wind speed).
5) Loss and exposure Pr(L|DS): likelihood of direct and indirect loss or consequence
conditional on the damage state. Loss L is direct and indirect loss or consequence if
full damage occurs for existing exposure and future exposure under a changing
climate.
6) Existing risks: stochastic methods to assess economic risks for housing by integrating
1) to 5). The risk assessment results will identify the critical attributes that lead to a
vulnerable house (e.g. materials, design and construction practice for housing
components, locations and exposure for the house).
7) Risk mitigation and climate adaptation measures: use of new materials, design and
construction methods to improve the resilience of housing to wind hazards and
climate change.
8) Benefits, co-benefits and costs: the major benefits from the risk reduction due to
improved wind resistance and decreased housing vulnerability. The co-benefits may
include reduced losses to other hazards, increased energy efficiency, etc. The
mitigation/ adaptation costs are the expenses directly and indirectly related to the
mitigation/adaptation measures.
9) Risk-based decision analysis: decision-making for wind risk mitigation and climate
adaptation. The cost-effectiveness of a mitigation/adaptation measure can be
evaluated through a cost-benefit analysis. The selection of optimal mitigation
measures is typically based on the maximum expected net benefit/return or the
minimum expected life-cycle cost criteria. Explicit inclusion of risk preferences and
magnitude of uncertainty in decision-making can be achieved by using more
advanced decision analysis approaches.
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Climate model Pr(C)

Hazard model Pr(H|C)

Engineering models

Modelling of extreme winds and associated environmental hazards
(e.g. rainfall, storm surge) conditional on the climate.

Modelling of structural elements and systems of interest for houses
including materials, design and construction practice.

Damage modelling (fragility) Pr(DS|H)
Damage assessment for housing components at a given hazard (e.g.
wind, rainfall, windborne debris) based on the engineering models.

Loss and exposure Pr(L|DS), L
Loss estimation for housing given the extent of damage for existing and future exposures.

Existing risk (no mitigation and climate adaptation)
Existing risk = Pr(C) Pr(H|C) (DS|H) Pr(L|DS)L

Risk mitigation and climate adaptation measures
New materials, design, construction and retrofit methods.

Benefits, co-benefits and costs
Benefits: risk reduction due to mitigation.
Co-benefits: e.g. reduced losses to other hazards, increased energy efficiency, etc.
Mitigation costs: Direct and indirect cost of mitigation.

Risk-based decision analysis
Cost-benefit analysis of risk mitigation and climate adaptation measures.
Minimum expected life-cycle cost or maximum expected net return/benefit criteria.
Risk preferences and decision-making under uncertainty.

Figure 1.4. Risk-based decision framework of wind risk mitigation and climate adaptation.

1.4 Organization
This thesis consists of eight chapters. The subsequent seven chapters are summarized
briefly in the following:
Chapter 2 presents a literature review to describe the state-of-the-art research studies in
the risk management of wind hazard for low-rise residential buildings. The literature review
includes topics regarding wind hazard modelling, wind damage/fragility assessment,
rainwater intrusion, loss estimation, risk assessment and risk-based decision-making for
wind hazard mitigation and climate adaptation.
Chapter 3 presents a reliability-based fragility method to assess the wind damage to metal
roof cladding, timber roof trusses and windward windows for representative contemporary
houses in Brisbane and Melbourne. The fragility is expressed as a function of gust wind
10

speed. A Monte Carlo Simulation analysis in conjunction with a finite element method is
developed to conduct the fragility assessment, which enables the probabilistic
characterization of spatially variable wind loads, structural resistances, structural response,
load redistribution and failure progression.
Chapter 4 presents a systematic approach to model construction defects in roof
connections, which integrates engineering judgment, human reliability analysis technique
and limited observed defect data through a Bayesian approach. The effect of construction
defects on wind fragility for metal roof cladding and timber roof trusses is then examined.
Chapter 5 presents a probabilistic risk assessment framework to calculate annual
expected losses for metal-clad contemporary houses in Brisbane and Melbourne subjected
to non-cyclonic windstorms, which includes hazard modelling for extreme wind and
associated rainfall, reliability-based wind damage assessment, rainwater intrusion
evaluation and economic loss estimation. The effect of construction defects on annual risks
is also examined.
Chapter 6 presents a risk-based cost-benefit analysis of wind risk mitigation or climate
adaptation measures for contemporary houses in Brisbane and Melbourne. Four
mitigation/adaptation measures are proposed, and the cost-effective alternatives are selected
based on the mean net present values (NPVs). The climate change impact on the costeffectiveness of mitigation/adaptation measures is also examined.
Chapter 7 presents several approaches for decision analysis that can be used to explicitly
account for risk preferences and the magnitude of uncertainty involved in the risk-based
decision-making for wind risk mitigation and climate adaptation for housing under noncyclonic extreme winds. A potential application of the descriptive decision models in
devising incentives for homeowners to install window shutters is described.
Chapter 8 summarizes the methods and models developed in this study as well as the key
findings of the results. Recommendations for future research are also presented.
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CHAPTER 2. LITERATURE REVIEW
2.1 Wind Hazard Models
Many wind hazard models simulating intensities and tracks for tropical cyclones or
hurricanes have been reported in the literature (e.g. Georgiou 1985; Vickery et al. 2000;
Huang et al. 2001a; Powell et al. 2005; Vickery et al. 2009; Mudd et al. 2016), which can
be applied in the wind damage assessment and loss estimation for residential buildings (e.g.
Vickery et al. 2006a; Vickery et al. 2006b; Pinelli et al. 2011; Pita et al. 2012; Johnson et
al. 2018; Pant & Cha 2019). Wang & Rosowsky (2017) applied an event-based hurricane
model to assess regional losses to residential buildings in the US. Climate change impacts
on hurricane size, wind speed and rainfall intensity were included in this study. Pita et al.
(2012) modelled the wind speed and rainfall intensity associated with hurricanes to evaluate
the wind damage to the building envelope and rainwater damage to building interior and
contents. Pant & Cha (2019) used the same method by Pita et al. (2012) to assess hurricaneinduced losses for residential buildings with an emphasis on the climate change impacts on
hurricane wind and rainfall.
Extreme wind speed in non-cyclonic regions is typically modelled by the extreme value
distributions (e.g. Simiu & Scanlan 1986; Palutikof et al. 1999). The generalized extreme
value distribution and the method of ‘peaks over threshold’ using the generalized Pareto
distribution (e.g. Palutikof et al. 1999; Holmes & Moriarty 1999; Holmes 2002; Wang et al.
2013) are widely used to model the extreme wind speed corresponding to various return
periods. However, there is a lack of hazard models for rainfall simultaneously occurred with
non-cyclonic windstorms. The evaluation of rainwater damage to buildings subjected to
non-cyclonic extreme winds has received little attention or only been implicitly accounted
for in the literature.

2.2 Wind Damage Assessment for Houses
2.2.1 North American houses
North American houses are typically timber framed with asphalt roof covers, timber roof
sheathing/decking fastened by nails and wood or unreinforced masonry walls. The timber
roof trusses are typically connected to wall top plate via truss-to-wall connections using toe
nails or hurricane clips. Hurricanes and tornados are the major causes of housing damage in
the US.
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Many research studies have been reported in the literature regarding reliability, fragility
and vulnerability assessment for housing in North America subjected to hurricanes (e.g.
Rosowsky & Cheng 1999; Unanwa et al. 2000; Rosowsky & Ellingwood 2002; Pinelli et
al. 2004; Ellingwood et al. 2004; Lee & Rosowsky 2005; Li & Ellingwood 2006; van de
Lindt & Dao 2009; Lin et al. 2010; Rocha et al. 2011; Gavanski et al. 2014; Hong & He
2015). Unanwa et al. (2000) was an earlier paper that attempted to comprehensively model
the wind damage to individual building components in a probabilistic manner. The
correlations between failures of different building components were also taken into account
by using fault trees. The confidence intervals of damage level for each building category
were characterized as a function of wind speed. The simplifications in this study are that the
randomness of wind loads was not considered, and large amount of engineering judgement
was used to estimate the failure probabilities of building components as well as their
interdependencies. This study provides a significant starting point for the development of
reliability and engineering-based wind vulnerability models.
Driven by the goal to achieve performance-based design of structures (Rosowsky &
Ellingwood 2002), extensive studies have been reported in the literature focusing on the
fragility assessment for timber-framed structures in hurricane-prone areas of the US. The
failures of roof cover and roof sheathing panels are typical wind damage during hurricanes
and draw much attention from researchers (e.g. Ellingwood et al. 2004; Lee & Rosowsky
2005; Li & Ellingwood 2006; van de Lindt & Dao 2009; Rocha et al. 2011). Lee &
Rosowsky (2005) conducted a fragility assessment for roof sheathing under wind uplift
loading. The fragility of the whole roof was calculated with the wind loading and structural
resistance statistics obtained from building codes and experimental tests. Five typical
residential structures with different roof shapes, exposures and nail types were used to
illustrate their fragility method. van de Lindt & Dao (2009) provides a more detailed
assessment of structural response by incorporating a finite element (FE) method to model
the nails in roof panel considering both axial and bending effects into their fragility analysis,
which enables the evaluation of the statistics of panel uplift capacities under various nailing
schedules. The FE method also captures the upward deflection of a panel edge (Dao & van
de Lindt 2008) under wind uplift pressure, which allows for further evaluation of rainwater
penetration (Dao & van de Lindt 2010) during hurricanes. Rocha et al. (2011) and He &
Hong (2012) are another two studies accounting for detailed nail behaviour under wind
uplift using FE approach, and the temporal variable wind pressures are also considered in
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these studies. The wind damage to wall structures and roof-to-wall connections has been
reported in research studies such as Ellingwood et al. (2004), van de Lindt & Rosowsky
(2005), Li & Ellingwood (2006), van de Lindt & Dao (2009) and Amini & van de Lindt
(2013). More recently, many studies have developed detailed fragility/vulnerability models
to assess the damage to wall cladding, windows and doors caused by windborne debris (e.g.
Lin et al. 2010; Herbin & Barbato 2012; Grayson et al. 2013). Apart from extensive US
studies, Gavanski et al. (2014) and Hong & He (2015) conducted reliability analysis for roof
sheathing of Canadian houses subjected to wind suctions. The construction type and method
of Canadian houses are similar with those in US. Zhang et al. (2014) evaluated the
vulnerability of tile roof for typical Japanese residential buildings exposed to typhoon risk.
The windborne debris modelling, wind directionality and shielding effect were incorporated
in their study.
2.2.2 Australian houses
Metal roof cladding and tiles are commonly used for houses in Australia. The timber roof
trusses are typically connected to wall top plate via truss-to-wall connections using triple
grips or straps. Brick veneer or timber weatherboards are typically used for exterior walls.
Tropical cyclones and non-cyclonic windstorms such as severe thunderstorms and synoptic
windstorms are the major causes of housing damage in Australia. Figure 2.1 shows typical
timber-frame contemporary houses in Australia with complex hip-roof geometries.
With distinctive construction methods and practice, it may not be appropriate to apply
the fragility/vulnerability models developed for houses in US or other countries directly to
houses in Australia. Engineering-based fragility/vulnerability models for Australian
housing are scarce in the literature but begin to draw more attention in the recent decade.
Henderson & Ginger (2007) developed a reliability-based vulnerability model for a set of
structural components and connections of an Australian high-set house. The spatial
distribution of wind pressures was not considered in their study and the complex failure
mechanism of roof sheeting was simplified by assuming a series system failed by pullout or
pullover of the first fastener. Jayasinghe & Ginger (2011) presented a vulnerability analysis
of roof connections for contemporary houses built in cyclonic regions of Australia. Their
analysis was only conducted for these connections at critical locations without accounting for
the overall roof damage. Sivapathasundaram & Mahendran (2016) developed fragility
curves for localised pull-through failures of steel roof battens where the structural capacities
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of batten to truss/rafter connections were evaluated from experimental tests. Only the first
roof batten pull-though failure was considered in their fragility analysis and hence structural
redundancy of the entire roofing system may be underestimated. Stewart et al. (2018)
proposed a reliability-based fragility model to evaluate the extent of roof cladding damage
under spatially varying wind pressures. The progressive failure of roof connections was
taken into account by using load redistribution path based on engineering judgement.
Konthesingha et al. (2015) and Stewart et al. (2016) have also applied similar approaches
to evaluate wind fragility for low-rise industrial buildings in Australia.

Figure 2.1 Typical timber-frame contemporary houses in Australia (photo by Mark Stewart).

2.3 Construction Defects
The modelling of construction defects in housing is a challenging task due to the complex
mechanism of human error and a lack of construction defect data. Only a few studies attempt
to include construction defects in the reliability/fragility assessment for houses under
extreme wind (van de Lindt & Dao 2010; Hong & He 2015; Stewart et al. 2018). van de
Lindt & Dao (2010) examined the effect of missing nails on the wind fragility of timber roof
15

sheathing panels that are commonly used in North American houses. A scenario-based
approach was adopted by assuming various missing nail patterns. Hong & He (2015)
investigated the effect of missing and/or misaligned nails on the reliability of Canadian
timber roof sheathing panels under wind uplift pressure. A constant defect rate was obtained
from the construction of a full-scale test house built by students in the laboratory. Stewart
et al. (2018) incorporated a preliminary probabilistic model of construction defects into the
fragility assessment for metal roof sheeting failure due to extreme wind based on subjective
information and defect data inferred from Hong & He (2015). Therefore, most studies
considering construction defects rely on a scenario-based approach or subjective judgement
for the defect rates. There is a need for a systematic approach to model construction defects.

2.4 Rainwater Intrusion
Rainwater entering houses during a windstorm can damage building interior and
contents. The semi-empirical wind-driven-rain (WDR) model and numerical modelling
using computational fluid dynamics (CFD) are used to assess the rainwater intrusion
through the breaches and gaps in the building envelope. The semi-empirical wind-drivenrain (WDR) models (e.g. Straube & Burnett 2000; Blocken & Carmeliet 2004; ISO 2009)
have initially been developed for the assessment of moisture, hygrothermal and durability
of building facades. The development of the semi-empirical relationships is based on
experimental/field observations that the amount of WDR depositing on buildings increase
approximately proportionally with wind speed and rainfall intensity (Blocken & Carmeliet
2004). The formulation of semi-empirical WDR models have some theoretical bases with
model parameters to be determined based on experimental and/or field data (Straube &
Burnett 2000; Blocken & Carmeliet 2004). Numerical modelling using computational fluid
dynamics (CFD) provides an alternative approach for more detailed quantification of WDR
(e.g. Choi 1993; Choi 1994a; Blocken & Carmeliet 2002). Dao (2010) and Dao & van de
Lindt (2010) employed the CFD approach by Choi (1993) to assess the rainwater penetration
via timber roof sheathing panels. Because of the computationally intensive procedure
involved in their CFD approach, only the impinging rain on one roof corner was explicitly
calculated, and rainfall on other roof areas were estimated based on the calculated values at
the roof corner (Dao 2010). The semi-empirical WDR models were adopted by Pita et al.
(2012) and Baheru et al (2015) to evaluate rainwater intrusion through roof and wall
openings as well as building deficiencies and cracks. The pioneering study by Pita et al.
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(2012) proposed the method to assess rainwater intrusion for houses in the US subjected to
hurricanes based on event-based hurricane wind and rainfall models as well as the semiempirical WDR model. Several model parameters in Pita et al. (2012) are assigned with
assumed values which are left for estimation and calibration by experiments. Baheru et al.
(2014) and Baheru et al (2015) further conducted both wind tunnel and full-scale tests to
estimate these parameters in the WDR model for low-rise residential buildings subjected to
hurricanes. Johnson et al. (2018) further extended the method by Pita et al. (2012) to account
for the effect of varying wind directions during hurricanes. Pant & Cha (2019) also extended
the method by Pita et al. (2012) by considering climate change impact on wind speed and
rainfall intensity in the event-based hurricane models. These studies are all for hurricanes
and US houses with simple gable roofs. A modified method is needed for Australian
contemporary houses subjected to non-cyclonic windstorms with metal roof cladding and
complex hip-roof geometries.

2.5 Loss Estimation and Risk Assessment
Loss estimation is typically based on empirical loss functions, cost data, insurance loss
data and expert opinion (e.g. Huang et al. 2001b; Stewart 2003; Vickery et al. 2006b; Hamid
et al. 2010; van de Lindt & Dao 2012; Barbato et al. 2013; Wang & Rosowsky 2017). The
monetary loss of residential buildings resulting from wind and rainfall damage is typically
classified into two categories, namely, structural (e.g. roof truss and wall, etc) and nonstructural (e.g. building envelope, interior and contents) losses. Loss estimation is not an
exact science and highly dependent on regional building inventory and cost data. An
assembly-based approach (e.g. Porter et al. 2001; HAZUS 2014; Hamid et al. 2010; Stewart
et al. 2018) that aggregates losses to individual building components is widely used in loss
estimation. Vickery et al. (2006b) estimated the loss of structure components and building
contents caused by hurricane in US using empirical loss functions. The indirect loss from
additional living cost was also taken into account in their study. van de Lindt & Dao (2012)
proposed a general framework incorporating the losses from individual damageable
components during hurricanes. Their methodology was illustrated by examining both
structural and non-structural losses for a wood-frame house containing four rooms. A
detailed assembly-based economic loss estimation is still lacking in the literature for
Australian houses.
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A full probabilistic risk assessment for housing integrates the hazard and vulnerability
models. The majority of studies have focused on the hazard modelling for hurricanes, and
fragility and vulnerability models for houses subjected to hurricane winds. The vulnerability
models in the literature mostly fall into two categories: empirical vulnerability functions to
assess risks for residential communities, and detailed fragility/vulnerability models for
individual buildings that are based on structural performance and reliability. For example,
Huang et al. (2011b) assessed annual expected hurricane losses for residential buildings in
the US using empirical vulnerability functions developed based on insurance loss data. Li
& Stewart (2011) and Stewart et al. (2014) used empirical vulnerability models to assess
economic losses for Australian houses subjected to tropical cyclones. Wang & Zhang (2018)
evaluated losses due to tropical cyclones for buildings in Hong Kong based on historical
data considering climate change impact on the intensity and frequency of cyclone winds.
Florida Public Hurricane Loss Model (FPHLM) (Hamid et al. 2010; Hamid et al. 2011;
Pinelli et al. 2011) and Hazards U.S. Multi-Hazard (HAZUS-MH) hurricane model
(Vickery et al. 2006a; Vickery et al. 2006b) are two major comprehensive loss prediction
models for hurricanes that are based on structural performance and reliability. The FPHLM
consists of three major model components including an atmospheric science component, a
vulnerability analysis component and a loss prediction component. The atmospheric science
component utilizes knowledge and methods in meteorology to model the wind field of
hurricanes for many Florida zip codes. The vulnerability component provides engineeringbased vulnerability curves by using Monte Carlo simulations for various structural types
(e.g. timber or masonry) and geographical locations in Florida. The loss prediction
component evaluates the expected annual insurance loss for building structure, building
interior and contents as well as additional living expenses based on the vulnerability curves.
The HAZUS-MH hurricane model is comprised of five components, namely, the hurricane
hazard, terrain, wind loading, physical damage and loss models. The hurricane hazard model
adopts the approach described in Vickery et al. (2000) to model the intensity, track and wind
field of hurricanes. The terrain model provides the ground surface roughness evaluated for
different surface types. Unlike FPHLM where wind loading is evaluated based on building
standards (e.g. ASCE7 2010), HAZUS-MH has modelled the pressure coefficients for
different building components based on large amount of wind tunnel observations. The
physical damage model assesses the wind fragility for building components using structural
reliability methods, and a detailed mechanics-based model for windborne debris is also
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included. The loss prediction model uses empirical loss functions, insurance loss data and
engineering judgement to estimate the wind-induced economic losses.
Other examples for risk assessment based on structural reliability and performance
include Li & van de Lindt (2012) and Unnikrishnan & Barbato (2017). Li & van de Lindt
(2012) conducted risk assessment for residential buildings subjected to hurricanes using
engineering-based fragility/vulnerability models. Unnikrishnan & Barbato (2017)
employed performance-based hurricane engineering framework to assess annual losses for
low-rise residential buildings in the US. There is still a lack of risk assessment for Australian
houses using engineering-based fragility/vulnerability models to account for detailed
structural reliability and performance, which needs to account for spatially varying wind
pressures and damage progression of various structural components.

2.6 Risk-based Decision-making
The cost-benefit analysis or life-cycle cost (LCC) analysis are widely used to evaluate
the cost-effectiveness of wind risk mitigation or climate adaptation measures for housing
(e.g. Stewart 2003; Li & Ellingwood 2009; Li 2010; Torkian et al. 2014; Unnikrishnan &
Barbato 2016; Orooji & Friedland 2017). The selection of optimal mitigation measures is
to maximize the expected net benefit/return or minimize the expected LCC. In the recent
decade, the cost-effectiveness of mitigation/adaptation measures under a changing climate,
has been assessed for housing by many research studies (e.g. Li & Stewart 2011;
Bjarnadottir et al. 2011; Stewart et al. 2014; Stewart & Deng 2014; Stewart 2015), and the
potential climate change impacts on the cost-benefit analysis were identified and quantified
in these studies. The decision analysis for wind risk mitigation based the maximum expected
net benefit/return or the minimum expected LCC fails to explicitly account for the
magnitude of uncertainty involved in the risk-based decision-making and the risk attitudes
of different decision-makers. The expected utility theory (von Neumann & Morgenstern
1944), cumulative prospect theory (Tversky & Kahneman 1992) and stochastic dominance
theory (Hadar & Russell 1969; Hanoch & Levy 1969) are decision theories originally
developed in the area of economics and finance. These theories have been applied to the
decision contexts of civil engineering (e.g. seismic design, operations of nuclear plants,
design of energy pipelines, prevention of terrorist attacks and determination of maintenance
schedules for ship structures) by many research studies (e.g. Goda & Hong 2006; Goda &
Hong 2008a; Stewart et al. 2011; Zhou & Nessim 2011; Cha & Ellingwood 2013; Mahsuli
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& Haukaas 2018; Gong & Frangopol 2019), however, only few are available for wind
hazard mitigation (Cha & Ellingwood 2014; Cha 2018). Cha & Ellingwood (2014) adopted
the cumulative prospect theory to examine the risk preferences reflected in local building
code communities in the US, and found that there is a higher degree of risk-acceptance
towards wind hazards than earthquakes. Cha (2018) used the cumulative prospect theory to
investigate the effect of risk perceptions on hurricane risks under a changing climate. The
prospect theory (Kahneman & Tversky 1979) and its modified version the cumulative
prospect theory (Tversky & Kahneman 1992) are representative models in behaviour
economics to study human behaviour in decision-making. While normative decisionmaking based on expected utility aims to achieve rationality in the long term, cautions
should be taken in the application of prospect theory in civil engineering decision-making
as it may lead to systematic biases under bounded rationality. There is a need to explicitly
capture the magnitude of uncertainty and risk preferences involved in the decision-making
for wind hazard mitigation by applying appropriate decision models.
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CHAPTER 3. RELIABILITY-BASED WIND DAMAGE
ASSESSMENT FOR ROOF SYSTEM AND WINDOW
3.1 Introduction
The prediction of housing damage caused by extreme winds plays an important role in
the development of optimal risk mitigation and climate adaptation measures (e.g. Torkian
et al. 2014; Stewart 2016; Stewart et al. 2018). A wind fragility function typically expresses
the damage state as a function of wind speed, which offers a convenient and effective metric
to forecast the extent of wind damage (e.g. Lee & Rosowsky 2005; Li & Ellingwood 2006;
Henderson & Ginger 2007; Stewart et al. 2018), and therefore facilitates the risk assessment
and mitigation for housing under extreme winds. Roof cladding and trusses are among the
most vulnerable components of timber-frame houses under wind uplift pressure, the failure
of which may incur significant economic losses for housing and impose safety threats on
building occupants. Post-damage surveys (e.g. Walker 1975; Leitch et al. 2009) have
indicated that roof damage typically initiates at and propagates through failures of roof
connections that mainly include cladding-to-batten (CTB), batten-to-rafter/truss (BTR) and
rafter/truss-to-wall (RTW) connectors. Although the reliability analysis of individual roof
components is relatively straightforward, a comprehensive fragility modelling for the roof
system is more challenging, and requires stochastic characterizations of spatially varying
wind uplift pressure, component resistances, structural response and load redistribution after
the failure of one or more roof connections. Windows are a major component of the building
envelope. Window damage by high wind pressure or windborne debris has been commonly
reported in post-damage surveys (e.g. Henderson & Ginger 2008; Leitch et al. 2009; Ginger
et al. 2010), which may lead to significant damage to building interior and contents due to
rainwater intrusion. Window breakage may also intensify the internal pressurisation leading
to more roof damage. Wind fragility for windows is thus important for the damage
assessment and loss estimation.
There have been much research focusing on the reliability/fragility assessment for timber
roof sheathing and toe-nail RTW connectors typically used on houses in hurricane-prone
regions of North America (e.g. Rosowsky & Cheng 1999; Pinelli et al. 2004; Ellingwood et
al. 2004; Lee & Rosowsky 2005; Vickery et al. 2006b; Li & Ellingwood 2006; Rocha et al.
2011; Gavanski et al. 2014; Gavanski & Kopp 2017). However, only limited reliability21

based fragility models are available for Australian timber-framed houses that are commonly
installed with metal roof sheeting, steel battens and framing anchors (e.g. triple grip) for
RTW connectors (e.g. Henderson & Ginger 2007; Jayasinghe & Ginger 2011;
Sivapathasundaram & Mahendran 2016; Stewart et al. 2018). In most of these studies
(Henderson & Ginger 2007; Sivapathasundaram & Mahendran 2016), the first connection
failure was set as the system limit state similar to many studies for timber roof sheathing
panel on North American houses (e.g. Rosowsky & Schiff 1996; Lee & Rosowsky 2005) or
only individual roof components at critical locations (Jayasinghe & Ginger 2011) are
considered in the fragility analysis. Therefore, the progressive failure after the initiation of
local damage has been neglected, and the redundancy of roof system may not have been
well addressed. Recently, Stewart et al. (2018) developed a fragility model to evaluate the
metal roof sheeting loss for Australian contemporary houses, which takes into account the
progressive failure of cladding fasteners by using a simplified load redistribution rule based
on engineering judgement that 90% of wind load originally undertaken by one failed
fastener would be redistributed to adjacent fasteners on the same crest of the corrugated
metal roof sheet. However, this redistribution rule may fail to fully capture various load
redistribution scenarios involved in the failure progression of connections. The failures of
roof trusses and windows were also not assessed by Stewart et al. (2018).
This chapter aims to develop a reliability-based fragility method to evaluate the roof and
window damage for metal-clad contemporary houses in non-cyclonic regions of Australia.
The roof of a representative contemporary house mainly consists of corrugated metal roof
sheets, metal top-hat battens, timber trusses and roof connections. The overloading of CTB,
BTR and RTW connectors was deemed to cause the failure of these roof components. The
spatially varying wind uplift pressure was probabilistically modelled based on wind loading
standards and wind tunnel testing. Connection capacities were obtained from full-scale tests
conducted by James Cook University (JCU) in Australia (Satheeskumar et al 2016a, 2016b).
As indicated in AS/NZS 1170.2 (2011), windborne debris is less of a concern in noncyclonic regions of Australia, and only the window damage by high wind pressure is
considered in this study. A Monte Carlo Simulation (MCS) analysis in conjunction with a
finite element (FE) approach for the roof system were proposed to evaluate the structural
response, load redistribution and failure progression of roof connections under the spatially
varying wind uplift pressures. The evolution of internal pressure with increasing roof
sheeting loss was also taken into account in the fragility analysis. The MCS analysis was
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also used to assess the wind fragility for windows. Fragility analyses were carried out for
the representative contemporary house built in Brisbane and Melbourne (non-cyclonic
regions as classified in Australian wind loading standard) to illustrate the proposed
reliability-based fragility method.

3.2 Representative Contemporary House
Residential construction in non-cyclonic regions of Australia comprises of a large portion
of metal-clad contemporary houses, which generally have less wind resistance than houses
in cyclonic regions of Australia. The wind damage assessment, risk assessment and decision
analysis methods developed in this study are illustrated on the representative contemporary
house built in suburbs of Brisbane and Melbourne (classified as non-cyclonic regions in
AS/NZS 1170.2 2011). The dimension, shape and construction type of the house were
determined by field surveys completed by the Cyclone Testing Station (CTS), James Cook
University (JCU) (Parackal et al. 2016). The median values of house plans and features from
the survey such as footprint dimensions, roof pitch and wall heights were selected to
determine the configuration of the representative contemporary house. Figure 3.1 shows the
3D and plan view of the representative one-story house. It is a timber-framed construction
with 21.5° timber roof trusses at 600 mm spacings on a complex hip-end roof. Trusses are
arranged with standard trusses in the middle part of the roof and jack trusses connected to
truncated girder trusses at the hip ends. Roof cladding is 762 mm wide corrugated metal
sheeting. Metal top-hat battens are attached to timber roof trusses at 900 mm spacings. The
roof connections include cladding-to-batten (CTB), batten-to-rafter/truss (BTR) and
rafter/truss-to-wall connectors. Screw fasteners are used for CTB and BTR connectors, and
triple grip framing anchors fastened using nails are adopted for RTW connectors. The
representative contemporary house includes 1646 cladding-to-batten (CTB), 532 batten-torafter/truss (BTR) and 92 rafter/truss-to-wall (RTW) connectors. Figures 3.2 and 3.3 depict
the roof connections for the representative contemporary house. Windows are generally
horizontal sliding aluminium or timber awning with a brick on edge or terracotta tiled
window sill. More details of the representative contemporary house can be found in Parackal
et al. (2016).
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3.60m

7.79m

5.47m

19.15m

6.47m

(b) Plan view

(a) 3D view

Figure 3.1. One-storey representative contemporary house.
Top-hat metal batten

Corrugated metal roof sheet

Truss

Nails
Triple grip

Rafter

Batten

(a) CTB connector

Wall top plate

(b) BTR connector

(c) RTW connector

Figure 3.2. Schematic diagram of the roof connections.

Corrugated metal roof sheet

Metal top-hat batten

CTB connection

BTR connection

Timber rafter/truss

(a) CTB and BTR connections (photo from Stratco 2019).
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Triple grip RTW connection

Wall top-plate

(b) RTW connections (photo from Satheeskumar et al. 2016).
Figure 3.3. Roof connections of the representative contemporary house.

The design of structural members and components for housing subjected to wind loading
is based on the design wind classifications specified in AS4055 (2012) for different site
conditions. According to AS4055 (2012), most suburban houses in Brisbane have a design
wind classification of N2 or N3 excluding those built on the top-third zone of a hill, ridge
or escarpment. A higher design wind classification has a higher design wind speed at the
roof height. A design wind classification of N1 or N2 is appropriate for most suburban
houses in Melbourne. The CTB and BTR connectors are identical for houses in Brisbane
and Melbourne, whereas the RTW connectors are different for houses with design wind
classifications of N1, N2 and N3. Windows also have different levels of resistance against
wind for Brisbane and Melbourne houses with distinct design wind classifications (AS 2047
2014).

3.3 Reliability-based Fragility Method
The fragility of a structural component or system is typically defined as the probability
of damage state DS conditional on a given hazard H. In this study, the damage state for roof
is measured by the proportion of the roof sheeting loss and the roof truss failures, and that
for window is the likelihood of wind damage. The hazard is corresponding to gust wind
speed. The wind fragility for roof is therefore the extent of damage to roof cladding and
trusses, Rloss, at a given gust wind speed v, expressed as
(3.1)

Pr (𝐷𝑆|𝐻) = Pr[𝐷𝑆 = 𝑅𝑙𝑜𝑠𝑠 |𝐻 = 𝑣]
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The wind fragility for window is the probability of exceeding a window limit state, WLS,
conditional on a given gust wind speed v, expressed as
(3.2)

Pr (𝐷𝑆|𝐻) = Pr[𝐷𝑆 ≥ 𝑊𝐿𝑆 |𝐻 = 𝑣]

This study considers the failure of roof sheeting and trusses caused by overloading of
CTB, BTR and RTW connectors as these connections are deemed as the ‘weakest links’ of
the roof system under wind uplift pressure (Reardon 1996; Henderson & Ginger 2007). Note
that fatigue-induced connection failure is neglected in this study as metal roofs in noncyclonic regions are less sensitive to fatigue, in contrast to cyclonic regions where strong
fluctuating winds dominate. The loss of a single roof sheet is assumed to occur when a
critical number of cladding fasteners fail as inadequate fixings may lead to a loss of
functionality, stability and integrity of the roof sheet. The failure of BTR connectors is also
a contributor to the roof sheeting loss. A roof truss is considered to fail if at least one of its
RTW connectors is overloaded. The failure of a single CTB, BTR or RTW connector is
governed by the following limit state function
(3.3)

𝑔 = 𝑅𝑐 − (𝑊𝑐 − 𝐷𝐿 )

where Rc represents the resistance of the considered roof connection, and Wc is the wind
uplift load acting on this connection. The connection resistance and wind uplift loading are
both modelled probabilistically which are described in Section 3.4. The dead load arising
from the weight of roof components is DL. A roof connection fails if g ≤ 0. In this study, the
uplift loads acting on roof connections are obtained by using a FE approach. The dead load
is considered in the FE modelling by specifying the density of roof components. The failure
of a single roof sheet occurs when the number of failed fasteners on the roof sheet Nf exceeds
a threshold value Ncr. A BTR connection failure is modelled as if all roof fasteners
connected to the batten have failed. The sheet failure threshold value (Ncr) is equivalent to
the sheet failure criterion (SFC) defined in Stewart et al. (2018). A reasonable lower bound
for SFC assumes two fasteners cause roof sheet failure in line with Henderson et al. (2013)
which represents SFC=10%. The upper bound assumes that 80% of fasteners must fail to
cause roof sheet failure (HAZUS 2014). The evidence suggests that failure of a few fasteners
will result in sheet failure rather than failure of many fasteners (Konthesingha et al. 2015).
Hence, a triangular probability distribution proposed in Stewart et al. (2018) is used to
model Ncr (expressed as the percentage of the total number of fasteners on a single sheet),
see Figure 3.4. The lower and upper bound of the triangular probability distribution are 10%
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and 80%, respectively. A sensitivity analysis indicates that the fragility results are not
sensitive to Ncr assumptions (Stewart et al. 2018). For more details about the triangular
distribution model of Ncr, see Stewart et al. (2018).
To assess the number of failed CTB, BTR and RTW connectors requires the fragility
model to account for the load sharing and redistribution among these roof connections. The
wind uplift load acting on a single connection, Wc, is conventionally evaluated using the
tributary area approach (e.g. Henderson & Ginger 2007; Stewart et al. 2018) or influence
coefficients (e.g. Ji et al. 2018). However, the former approach may not accurately capture
the wind loading effects by assuming no load sharing between connections (Kopp et al.
2012), and it is a very complex task to use the latter approach to model the failure
progression of roof connections by continuously providing updated influence coefficients
for numerous load redistribution scenarios (Smith et al. 2016). Instead, in this study, the
uplift forces for roof connections are obtained by using a FE approach, which takes into
account the load sharing and redistribution among roof connections under the spatially
varying wind uplift pressure. The FE approach models the roof system including metal roof
sheets, top-hat battens, timber roof trusses, wall top plates, and CTB, BTR and RTW

Probability density

connections. The details of the FE modelling are described in Section 3.5.

10 (%)

80 (%)

Proportion of critical fasteners leading to a sheet failure

Figure 3.4. Triangular probability distribution of Ncr (Stewart et al. 2018).

The damage of windward windows is governed by the limit state function given by
(3.4)

𝑔 = 𝑅𝑊 − 𝑊𝑤𝑖𝑛

where RW represents the resistance of windows including ultimate strength and water
penetration resistance, and Wwin is the wind pressure acting on the windward window.
Window breakage occurs if the ultimate strength is exceeded, and the exceedance of water
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penetration resistance allows for rainwater penetration. The window resistance and wind
pressure are both modelled probabilistically that are described in Section 3.4.
A Monte Carlo Simulation (MCS) analysis in conjunction with the FE approach are
employed to evaluate the wind fragility for roof cladding and trusses, which enables the
stochastic characterization of spatially varying wind uplift pressure, uplift forces in roof
connections, failure progression and load redistribution, and evolution of internal pressure
with increasing sheeting loss. In each run of the MCS, the spatially distributed wind
pressures and structural resistances of roof connections are randomly generated as the input
to the FE model of the roof system. The wind uplift loads acting on the roof connections are
then obtained from the FE analysis, and the failure of a single connection is checked by the
limit state function given by Eq. (3.3). Any overloaded (failed) CTB, BTR and RTW
connections are then deactivated in the FE model, and the FE analysis is further conducted
to evaluate the load redistribution and failure progression of other connections. It should be
noted that, given a short gust duration, the FE analysis of load redistribution and failure
progression is only conducted once after the initial failure of connections. The MCS and FE
approach proposed in the present study enables the development of two fragility curves for
roof: (i) the extent of roof sheeting loss, and (ii) proportion of roof truss failures. The MCS
to evaluate wind fragility of windward windows is straightforward that both the window
resistances and wind pressures acting on windward windows are randomly generated from
corresponding probability distributions. The limit states for windows given by Eq. (3.4) are
checked in each simulation run, and fragility curves are then obtained for the windward
window.

3.4 Probabilistic Modelling of Wind Loading and Connection Resistance
3.4.1 Wind loading
The wind loading (W) is modelled probabilistically as (e.g. Holmes 1985; Stewart et al.
2018)
𝜌

𝑊 = 𝜆 ∙ 𝑀 ∙ 𝐴𝑔 ∙ (𝐶𝑃 ∙ 𝑇 ∙ 𝐸 2 ∙ 𝐷2 ⋅ 𝐺𝐸 ∙ 2) ∙ 𝑣 2

(3.5)

where v is the maximum 0.2 second gust velocity at 10m height in Terrain Category 2 (i.e.
open terrain defined in Australian wind loading standard AS/NZS 1170.2 2011); λ is a factor
accounting for wind loading modelling inaccuracies and uncertainties; M accounts for wind
tunnel modelling inaccuracies such as incorrect Reynolds number, building details, and site
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modelling; Ag is the loaded area uncertainty arising from geometric uncertainties of the
cladding fastener, batten and truss spacing, and for windows this factor is ignored; CP is the
quasi-steady pressure coefficient, which is a combination of external (CPe) and internal
pressure coefficient (CPi); T is the shielding factor; E is a terrain height multiplier that
accounts for the exposure and height of the building considered; D is a factor accounting
for wind directionality effects; GE is a factor related to area reduction, and ρ is the density
of air. These parameters, except for CP, are assumed to follow a lognormal distribution
(Henderson & Ginger 2007) with estimated means and coefficient of variations (COV)
listed in Table 3.1 that are derived from the statistics given in Holmes (1985) and Stewart et
al. (2018). Note that the subscript ‘N’ in Table 3.1 denotes the nominal value, which can be
obtained from AS/NZS 1170.2 (2011). Random variables, λ, M, E, T, D, GE, Ag and ρ are
statistically independent for each simulated house, but then fully correlated for each roof
connection in the simulated house. Sensitivity analyses indicate that, if one or two of the
random variables given in Table 3.1 are assumed as deterministic, then fragilities reduce by
less than 2%. The spatially variable nature of wind uplift pressure on roof surface is mainly
attributed to the spatially distributed external pressure coefficients, which are measured
from a wind tunnel test in this study. Note that W is a general notation for wind loading
which includes Wc and Wwin for roof connections and windows respectively.
Table 3.1. Statistical parameters for wind load modelling.
Parameter

Mean

COV

λ/λN

1.0

0.10

M/MN

1.0

0.10

Ag/Ag,N

1.0

0.05

E/EN

0.95

0.10

T/TN

1.0

0.10

D/DN

1.0

0.00

GE/GE,N

1.0

0.05

ρ/ρN

1.0

0.02

3.4.1.1 External pressure coefficients
The external pressure coefficients for windward windows (i.e. external pressure
coefficients on windward walls) are not directly measured in wind tunnel testing, and the
factor M in Eq. (3.5) is ignored when assessing wind pressure on windows. According to
Henderson & Ginger (2007) and AS/NZS 1170.2 (2011), an external pressure coefficient
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for windward windows is assumed to follow a normal distribution with a mean of 0.70 and
a coefficient of variation (COV) of 0.15.
External pressure coefficients for roof surface provided in wind loading standards are
typically based on wind tunnel tests conducted on rectangular hip and gable roofs. As the
representative contemporary house has complex hip-roof geometries, wind tunnel testing
was carried out to obtain the external pressure coefficients for the entire roof surface. The
wind tunnel test was conducted for a scaled model of the representative contemporary house
in the Boundary Layer Wind Tunnel at JCU (Parackal et al. 2016). Three hundred and twenty
pressure taps were installed on the external roof surface to measure the spatial and temporal
variation in external pressure. The fluctuating external pressures on these taps were
measured for approaching wind directions of 0° to 350° at intervals of 10°. More details
about the wind tunnel test are described in Parackal et al. (2016).
The Gumbel distribution is used to model the spatially varying peak suction pressure
coefficients (e.g. Ho et al. 2005; Tieleman et al. 2008) with the location and scale parameters
estimated from the wind tunnel observations for each tap location and each wind direction
using the maximum likelihood method (e.g. Peng et al. 2014). The use of a Gumbel
distribution with no upper limit results in conservative predictions for peak external pressure
coefficients, which to some extent compensates for statistical uncertainties given finite wind
tunnel data, and uncertainties in applying wind tunnel data to full scale (Holmes & Cochran
2003). Hence, it is reasonable to model the peak pressure coefficients using a Gumbel
distribution. The spatially varying external pressure coefficients modelled in this study for
different wind directions are illustrated in Fig. 3.5. More details about the interpretation of
wind tunnel observations and the modelling of external pressure coefficients can be found
in Parackal et al. (2016) and Stewart et al. (2018). Note that the non-simultaneous
occurrence of peak suctions across large roof surface is accounted for by the factor GE given
in Eq. (3.5). As wind tunnel testing has shown a very high correlation of peak pressure
values between taps in edge zones (Ginger & Letchford 1993), the present fragility analysis
assumes a correlation coefficient of 0.9 for the pressure tap data in roof edge. It is noted that
the calculated fragilities are not sensitive to assumptions about the pressure tap correlation
coefficients (see also Stewart et al. 2018).
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Wind direction

Figure 3.5. Spatially varying external pressure coefficients on the hip roof (Stewart et al. 2018).
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3.4.1.2 Internal pressure coefficients
Wind damage and internal pressurisation are interdependent. Internal pressure is an
important factor for the assessment of roof uplift and window damage, which combining
with external pressure may produce the most adverse effect. The failures of roof cladding
and windows also change the internal pressurisation.
Internal pressure is highly dependent on locations and sizes of openings as well as the
external pressures around the openings. The progressive failure of windows and roof sheets
during an extreme wind event creates multiple openings, which may significantly change
the internal pressure and therefore affect the damage assessment. Although the evaluation
of internal pressure under multiple wall openings has been reported in the literature (e.g.
Kopp et al. 2008; Pan et al. 2012), few studies attempt to investigate the evolution of internal
pressure with increasing roof sheeting loss for houses and the consequent effect on roofing
fragility.
As internal pressure coefficients were not measured in the wind tunnel test, two typical
scenarios are assumed for internal pressure, i.e. (i) dominant openings existing on windward
wall and (ii) effectively sealed building without any wall openings. A general equation used
to obtain the quasi-steady internal pressure coefficient considering multiple openings is
derived from Holmes (2015) by applying mass conservation, which is given by
(3.6)

∑𝑁
𝑗=1 𝐴𝑗 √|𝐶𝑃𝑒,𝑗 − 𝐶𝑃𝑖 | = 0

where N is the number of openings in the building envelope; Aj is the size of opening j; CPe,j
is the quasi-steady external pressure coefficient at opening j, and CPi is the quasi-steady
internal pressure coefficient. It should be noted that Eq. (3.6) neglects inertial effects.
To avoid the computational burden involved in solving Eq. (3.6) by numerical methods
considering multiple openings, we combine the area for several openings on the windward
wall and roof as Aw and AR, respectively. Then based on Eq. (3.6), the internal pressure
coefficient for the windward wall dominant opening scenario is calculated as
𝐶𝑃𝑖 =

𝐶𝑃𝑊
𝐴
1+( 𝑅 )2
𝐴𝑤

+

𝐶𝑃𝑅
𝐴
1+( 𝑤 )2

(3.7)

𝐴𝑅

where CPW is the average of external pressure coefficients at multiple windward wall
openings, CPR is the average of external pressure coefficients at multiple roof openings, Aw
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is the total size of wall openings, and AR is the total size of roof openings. It should be noted
that Eq. (3.7) neglects any openings on leeward and side walls.
Windward wall openings due to window breakage is considered in this study. Only roof
openings due to the damage progression of metal sheets are considered in this study (i.e.
ignoring possible effect of flashings, vents, etc). With windward wall dominant openings,
if CPW = + 0.7 and CPR = − 0.3 (nominal values in AS/NZS 1170.2), the change of CPi with
increasing loss of roof sheeting (i.e. increasing AR/Aw), is depicted in Fig. 3.6(a). As shown
in Fig. 3.6(a), internal pressure coefficients decrease with increasing AR/Aw, which suggests
that the adverse effect of internal pressure subjected to windward wall dominant openings
is relieved with increasing roof sheeting loss. If Aw = 8 m2 (e.g. two 2 m × 2 m windows),
the internal pressure evolution with increasing number of failed roof sheets (the size of a
typical corrugated sheets used in the representative contemporary house is 3.4 m2) is
depicted in Fig. 3.6(b). Note that Fig. 3.6 is only used to illustrate the approximate trend of
internal pressure evolution with increasing roof sheeting loss. In each run of the MCS for
fragility assessment, instead of AS/NZS 1170.2 values, CPW and CPR will take values of the
average of external pressure coefficients at windward wall openings and roof breaches,
respectively. Various sizes of windward wall dominant openings, Aw, that are possible to
occur during a windstorm are considered in a sensitivity analysis later in Section 3.6.2.2 to
examine the corresponding effects on the fragility assessment.
The internal pressure coefficient is assumed to follow a normal distribution with a COV
of 0.33 (e.g. Lee & Rosowsky 2005; Sivapathasundaram & Mahendran 2016) as loss of roof
sheeting will result in high variability of internal pressures. A lower COV value is
considered later in Section 3.6.2.2 to show the sensitivity of fragility to internal pressure
variability. The corresponding mean value of CPi is calculated by Eq. (3.7) with a 10%
reduction when combined with the external pressure coefficient to account for the nonsimultaneous occurrence of peak internal and external pressures. For the scenario without
any wall openings, the mean value of CPi would simply be equal to the mean value of CPR
and the same COV value is used. When assessing the window damage by wind pressure,
the CPi value used for the windward windows corresponds to the non-dominant opening
scenario. Chapter 5 will describe the integration of window damage and roof fragility under
the two wall opening scenarios in a probabilistic risk assessment. Note that the effect of
porosity on internal pressure is deemed to be negligible when large openings occur (Woods
& Blackmore 1995), and therefore is not taken into account in this study.
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Figure 3.6. Internal pressure evolution with increasing roof sheeting loss with windward wall
dominant openings.

3.4.2 Resistances for roof connections and windows
The representative contemporary house is installed with corrugated metal sheeting
secured by screw fasteners at every 2nd corrugation of the roof edge and every 3rd or 4th
corrugation for other regions of the roof. Metal top-hat battens are used as roof battens and
secured to every truss at 900 mm spacings (Parackal et al. 2016). The resistances of the CTB
and BTR connectors are modelled as random variables and the failure modes considered are
(i) pull-over and (ii) pull-out failures. Both the pull-over and pull-out capacities of CTB and
BTR connectors are assumed to follow a lognormal distribution (Henderson & Ginger
2007). The statistical parameters for the resistances of CTB and BTR connectors are listed
in Table 3.2, which were derived from laboratory tests and summarized in Stewart et al.
(2018). The connection resistances are assumed to be statistically independent and taken as
the lower of randomly generated pull-out and pull-over strengths.
Triple grip connections (see Fig. 3.7) are typically used for the rafter/truss-to-wall (RTW)
connectors for Australian contemporary houses. The timber species for the truss is typically
Australian radiata pine, and two types of fasteners, i.e. hand nails and gun nails, are used
for the triple grip connections. The triple grip connection behaviour under uplift loads is
captured by a piecewise-linear force-displacement relationship with its model parameters
probabilistically characterized based on Australian housing test data in Satheeskumar
(2016). Figure 3.8 depicts the piecewise-linear model for the behaviour of triple grip RTW
connectors in vertical direction (i.e. y shown in Fig. 3.7). In Fig. 3.8, Fy is the yield load and
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the connection has a linear-elastic response when its force F ≤ Fy, k0 is the initial secant
stiffness, and δy is the displacement at yielding. When Fy < F ≤ Fu, where Fu is the peak load
(considered as the uplift capacity for the connection), permanent deformation and load
redistribution start to occur. If the displacement of the connection, δ, is greater than the
displacement at peak load, δu, the separation of triple grip from the top plate is likely to
occur, and δmax is the displacement of triple grip connection at complete separation.
Table 3.2. Statistical parameters for resistances of CTB and BTR connectors.
Connection
type

Cladding-tobatten (CTB)

Batten-torafter/truss
(BTR)

Connection failure mode

Mean

COV

Roof sheeting pulling over
fastener

1.2kN

0.30

Roof fastener pulling out of
roof batten

1.2kN

0.20

Roof batten pulling over
batten fastener

4.5kN

0.15

Batten fastener pulling out
of rafter/truss

5.5kN

Distribution
type

Source

Lognormal

Stewart et al.
(2018)

Lognormal

Stewart et al.
(2018)

0.20

Truss

y

Nails
z
x

Triple grip
Wall top plate
Figure 3.7. Triple grip RTW connector.
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Figure 3.8. Piecewise-linear force-displacement relationship for triple grip RTW connectors.

The overloading of roof connections (F ≥ Fu) is considered as the limit state for the
current reliability-based fragility method. Thus, the connection behaviour after peak load is
neglected in the FE analysis and it is assumed that the overloaded RTW connector tends to
lose its load carrying capacity very quickly. Clearly, this is a slightly conservative
assumption. Another consideration for ignoring the so-called ‘negative stiffness’ after the
peak load is that it can cause non-convergence issues for the FE analysis. A much higher
compression stiffness (i.e. 20 kN/mm) is assumed for the RTW connector in the vertical (y)
direction. Three major parameters, i.e. k0, Fu and δu, are used to define the piecewise-linear
model in Fig. 3.8. All these parameters are assumed to follow lognormal distributions with
the mean and COV values obtained from ten individual static tests (Satheeskumar 2016).
The statistical parameters of k0, Fu and δu for triple grip connections fastened using hand
nails and gun nails are listed in Table 3.3. The yield force (Fy) is defined as two-thirds of Fu
based on the averaged ratio of Fy to Fu in the test data. The correlation coefficients between
these three model parameters are also obtained from the test data as shown in Table 3.4, and
when conducting the fragility analysis, the lognormally correlated parameters are sampled
in the MCS using Nataf transformation (Liu & Der Kiureghian 1986) for the calculation of
the covariance matrix. Figure 3.9 depicts the force-displacement curves of the test data and
the mean piecewise-linear approximation for triple grip fastened using hand nails and gun
nails. Note that the descending part in the piecewise-linear curve (i.e. negative stiffness) is
arbitrarily assumed for illustration and it is not included in the fragility analysis as explained
above. As shown in Fig. 3.9, the piecewise-linear model provides a reasonable
approximation for the connection response under uplift loads. Note that the statistical
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accuracy can be further improved if more test data is available.
Table 3.3. Statistical parameters of the piecewise-linear model for RTW connectors.
(a) Hand nail triple grip
RTW parameters

Mean

COV

Initial secant stiffness k0 (kN/mm)

0.44

0.17

Peak load Fu (kN)

4.85

0.11

Displacement at peak load δu (mm)

19.49

0.12

Distribution type

Lognormal

(b) Gun nail triple grip
RTW parameters

Mean

COV

Initial secant stiffness k0 (kN/mm)

0.34

0.15

Peak load Fu (kN)

3.80

0.11

Displacement at peak load δu (mm)

19.95

0.18

Distribution type

Lognormal

Table 3.4. Correlation coefficients between three piecewise-linear model parameters for RTW
connectors.
Correlation coefficient

Parameters

Hand nail triple grip

Gun nail triple grip

0.63
−0.27
0.12

0.45
−0.16
0.14

k0 and Fu
k0 and δu
Fu and δu
7
6
5

5

4
3

2

4

3
2

1

1
0

Piecewise-linear approximation
Experimental tests (Satheeskumar 2016)

6

Force (kN)

Force (kN)

7

Piecewise-linear approximation
Experimental tests (Satheeskumar 2016)
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(b) Triple grip fastened using gun nails

Figure 3.9. Force-displacement curves of the test data and piecewise-linear approximation.

In this study, the window resistance RW given in Eq. (3.4) includes the ultimate strength
(Rult) and water penetration resistance (Rwater). According to AS 2047 (2014), windows shall
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not fail when tested under the ultimate limit state pressure, and shall have no penetration of
uncontrolled water when tested under the water penetration resistance test pressure. The
ultimate strength and water penetration resistance of windows are assumed to follow a
normal distribution (HAZUS 2014). Same as the assumption made in HAZUS (2014), it is
assumed that the COV is 0.20 and 20% of the windows do not satisfy the test pressures
specified in AS 2047 (2014) to account for the variance of quality in manufacture and
installation. In other words, the mean ultimate strength and water penetration resistance are
about 1.20 times the test pressures specified in AS 2047 (2014). The ultimate strength and
water penetration resistance statistics for windows with different design wind classifications
are given in Table 3.5. The probability of a negative window resistance from the normal
distributions given in Table 3.5 is no greater than the order of 10-7. This trivial issue is
simply addressed by re-generate a positive value from the normal distribution if a negative
window resistance occurs in the simulation.
Table 3.5. Ultimate strength and water penetration resistance of windows.
Window rating
N1
N2
N3
N4

Rult (Pa)
Mean
720
1080
1680
2400

Rwater (Pa)
COV
0.20
0.20
0.20
0.20

Mean
180
180
360
360

Distribution type
COV
0.20
0.20
0.20
0.20

Normal

3.5 FE Modelling of Roof System
A FE approach using commercial FE software ANSYS (ANSYS Inc. 2013) is used in
this study to evaluate the wind uplift loads acting on roof connections and load redistribution
after the failure of one or more connections. The FE approach in conjunction with MCS
enables an assessment of wind fragility considering the progressive failure of roof
connections.
As shown in Fig. 3.1, the representative contemporary house has a complex hip-roof
geometry that requires excessive cost in both FE modelling and computation (e.g. CPU
hours) for the reliability-based fragility assessment. For instance, a comprehensive FE
model for the roof trusses requires the modelling of several types of trusses (e.g. standard
truss, truncated standard truss, truncated girder truss, valley truss, hip truss, jack truss, etc.)
with various dimensions as well as many truss-to-truss connections (e.g. hip truss to
truncated truss connections, jack truss to truncated girder truss connections, etc.). To reduce
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the cost in FE modelling and computation, the FE approach used in this study models the
roof cladding and trusses separately, and only critical roof trusses are modelled.
The roof cladding FE model consists of corrugated metal roof sheets, metal top-hat
battens, CTB and BTR connectors, which is employed in the MCS analysis to evaluate roof
sheeting loss under the spatially varying wind uplift pressure. The details of the roof
cladding FE model are described in Section 3.5.1. The roof truss FE model mainly
comprises a critical proportion of the timber trusses in the representative contemporary
house, which includes 14 standard trusses, 2 truncated standard trusses and 1 truncated
girder truss as shown in Fig. 3.10. These modelled trusses cover most of the critical trusses
(i.e. trusses that are more likely to fail under wind uplift) in the roof system. Two additional
truncated girder trusses depicted in solid line as shown in Fig. 3.10, though not included in
the FE modelling, are also considered in the fragility assessment using a simple tributary
area approach as they are among the most vulnerable trusses in the roof system. In a single
MCS run, the wind uplift loads acting on the BTR connectors obtained from the roof
cladding FE model were subsequently applied to the roof truss FE model for truss failure
assessment. Satheeskumar et al. (2016b) and JCU have conducted a full-scale test for a
subassembly of roof trusses containing five standard trusses from the same representative
contemporary house. Material properties and dimensions of the trusses used in the FE
models were obtained from this full-scale test. The schematic diagram of this roof structure
in the full-scale test is depicted in Fig. 3.11. The details of the roof truss FE model are
described in Section 3.5.2.
3.5.1 FE Modelling of Roof Cladding
The FE model of the roof cladding layout containing 75 corrugated metal roof sheets is
shown in Fig. 3.12(a). Four-node quadrilateral shell elements including both bending and
membrane stiffness are used to model the corrugated metal sheet with six degrees of
freedom at each node. The FE model of a typical corrugated metal roof sheet installed on
the representative house is depicted in Fig. 3.12(b). A total of 22,792 shell elements are
included in a typical metal roof sheet. The corrugated metal sheet has a width of 762 mm,
base metal thickness (BMT) of 0.42 mm and crest height of 22 mm. Roof sheets with other
shapes are configured by trimming the typical sheets at ridgelines and hips as shown in Fig.
3.12(a).
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Truncated Girder Truss

Truncated Standard Truss

Truncated Girder Truss

Standard Truss

Figure 3.10. The selected trusses modelled in the FE analysis.
Metal top-hat batten
40 mm 40 mm BMT 0.55

Double wall top plate
90 mm 35 mm each
Standard truss
90 mm 35 mm
Corrugated metal roof sheets

Figure 3.11. Schematic diagram of the roof structure in the full-scale test (Satheeskumar et al.
2016b).
Interior fastener
A trimmed
corrugated
metal sheet

Corner fastener

A typical
corrugated
metal sheet

(b) A typical five-span corrugated
metal roof sheet

(a) Roof sheeting layout

Figure 3.12. Roof cladding FE model.
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As metal roof sheeting loss is primarily due to overloading of CTB and BTR connectors
(Reardon 1996; Henderson & Ginger 2007), and for computational efficiency as well, the
proposed FE approach does not assess detailed mechanical behaviour of the corrugated
metal roof sheets. Instead, the FE approach is mainly aimed at evaluating the wind uplift
forces in the roof connections, which in conjunction with the sampled connection resistances
are used to assess the roof sheeting loss. To this end, localized dimpling, buckling and
fracture of the metal roof sheet are not considered in the proposed FE approach. In addition,
according to Xu & Reardon (1992) and Mahendran (1994), the majority of the corrugated
metal sheeting are still in the elastic range when the fasteners fail. Thus, the material
properties for the corrugated metal sheets are assumed to be isotropic and linear-elastic with
a Young’s modulus of 220,000 MPa and a Poisson’s ratio of 0.3 (Lovisa et al. 2013). Note
that the variation in sheet material properties only has a slight effect on the overall cladding
response (Lovisa et al. 2013), and therefore deterministic material properties are used.
Two-node beam elements are used to model the metal top-hat roof battens with material
and section properties obtained from manufacture’s specifications (Lysaght 2014). It is
assumed that the CTB and BTR connectors no longer carry any loads when corresponding
uplift forces exceed their pull-out and/or pull-over resistances, and the overloaded
connections are then deactivated in the roof cladding FE model for further analysis of load
redistribution and failure progression. The CTB and BTR connectors are approximately
modelled by linear spring elements. The stiffness of the linear spring elements is also
assumed to follow a lognormal distribution with a mean value of 300 N/mm and 1800 N/mm
(Satheeskumar et al. 2017) for CTB and BTR connectors, respectively. A COV value of
0.20 is assumed for the stiffness variability due to a lack of relevant data. Although the
linear spring is not able to capture the actual pull-through and withdrawn behaviour of screw
fasteners, it is considered adequate to obtain the connection forces due to wind uplift and
evaluate the overloading of roof connections in the context of the current reliability-based
fragility method. The roof trusses are not modelled in the roof cladding FE model and
flexible supports are assumed to represent the attachment points of batten fasteners to
rafters. Using the proposed roof cladding FE model, the failure progression of CTB and
BTR connectors can be evaluated. For example, if the corner fastener as shown in Fig.
3.12(b) is the first failed fastener for a typical corrugated metal roof sheet, about 80% of the
load originally taken by this fastener is redistributed to neighbouring fasteners in the same
corrugation and the remaining 20% redistributes to neighbouring fasteners in adjacent
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corrugations. Similarly, if the failure initiates at the interior fastener as shown in Fig.
3.12(b), 90% is the proportion of load redistribution along the corrugation. If more fasteners
have failed, different scenarios of load redistribution would occur.
3.5.2 FE Modelling of Roof Trusses
A total of 17 timber roof trusses are modelled in the roof truss FE model, which contains
most of the critical trusses in the roof system. The truncated girder truss has a large tributary
area (i.e. 10.4 m2), the failure of which may impact other trusses (e.g. jack trusses) connected
to it. The hip trusses and jack trusses typically have the same RTW connector as for a
standard truss, while with relatively small tributary areas, they are less vulnerable under
wind uplift and therefore are not modelled in the FE approach. This simplification has
largely reduced the cost in FE modelling and computation time.
Two-node beam elements with a rectangular section of 90 mm × 35 mm are used to
assemble the timber trusses, and the material properties of the truss members are assumed
to be isotropic and linear-elastic with a Young’s modulus of 10,000 MPa and a Poisson’s
ratio of 0.37 (Satheeskumar et al. 2017). The same beam elements are used to model the
double ribbon wall top plates at each side of the trusses but with a section of 70 mm × 90
mm (twice of each top plate). The wall frame below the top plates are not modelled and
flexible supports are assumed to represent the attachment points of top plates to wall studs.
The triple grip connections as shown in Fig. 3.7 are used for the RTW connectors, which
are modelled by three non-linear spring elements to characterize the connection behaviour
in uplift and shear. The force-displacement relationship for the spring elements in the
vertical direction (y direction in Fig. 3.7) is probabilistically characterized by the piecewiselinear model as described in Section 3.4.2. This can account for the variability in connection
stiffness and strength as well as the effect of relative stiffness of RTW connectors on the
load sharing and redistribution in vertical load paths. The load-deflection behaviour for the
spring elements in x (i.e. along the truss) and z (i.e. normal to the truss plane) directions as
shown in Fig. 3.7 are assumed to be deterministic as wind uplift is the focus of this study.
The mean force-displacement curves depicted in Fig. 3.13 are used for these two spring
elements (Satheeskumar et al. 2017). These force-displacement relationships are derived
from laboratory tests of triple grip RTW connectors (Satheeskumar 2016) identical to those
used for trusses in the representative contemporary house.
The progressive failure of CTB and BTR connectors affects the vertical load transfer for
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RTW connectors. For example, the loss of a roof sheet reduces the uplift loads on
corresponding RTW connectors. In one MCS run, the uplift forces in BTR connectors
obtained from the roof cladding FE model are applied to the roof truss FE model to evaluate
the failure of RTW connectors, which accounts for the effect of failure progression of CTB
and BTR connectors on the vertical load transfer to RTW connectors. Besides the uplift
loads from BTR connectors, additional point loads obtained from the roof cladding FE
model in the same MCS run are applied to the bottom chord of the truncated girder truss.
These additional loads are derived from the sampled wind uplift loads acting on the hip and
jack trusses supported by the truncated girder truss.
The top-hat battens play a major role in load sharing and redistribution of the truss system,
and hence the metal battens are assembled in the roof truss FE model as shown in Fig. 3.14.
As a secondary roof component for load sharing and redistribution, the metal roof sheeting
is also assembled in the roof truss FE model in a simplified manner as opposed to the
detailed modelling in the roof cladding FE model. Plane shell elements are used to
approximately model the metal roof sheeting, which have the same flexural rigidity (EI =
3.3 × 103 N∙m2 per metre width) with the corrugated metal sheets in the direction along
trusses and a much smaller EI value (i.e. 1/10 of the EI value in the direction along trusses)
is assumed in the direction along battens (i.e. normal to truss plane).
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Figure 3.13. Force-displacement relationship for spring elements in x and z directions for RTW
connectors (Satheeskumar et al. 2017).
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Standard trusses

Truncated girder truss

Truncated standard trusses
Figure 3.14. Timber trusses and metal battens in the roof truss FE model.

3.5.3 Model Validation
3.5.3.1 Validation of roof cladding FE model
The roof cladding FE model is validated by the test results of a two-span corrugated
metal roof sheet (Lovisa et al 2013) that has the same material properties, width and fastener
spacings as those used for the representative contemporary house. The same metal sheet has
been modelled using the current FE approach. At the central support of the double-span
metal sheet, the fastener load (largest fastener reaction) with increasing uniformly
distributed uplift pressure yielded by the FE approach is compared with the experimental
results as shown Fig. 3.15. In general, the FE analysis results agree well with the
experiments in evaluating the wind uplift loads acting on cladding fasteners. The sudden
drop of fastener load around 4.8 kPa in the experimental results is due to local dimpling
around the fastener, which, as mentioned before, is not considered in the current FE
approach for computational efficiency. In addition, the corrugated metal sheeting in noncyclonic regions are unlikely to experience a wind pressure in excess of 4.8 kPa.
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Figure 3.15. Fastener load with increasing uniform uplift pressure.

3.5.3.2 Validation of roof truss FE model
To demonstrate the capability of the roof truss FE model in capturing the complex load
sharing mechanism and assessing the uplift forces acting on RTW connectors, the roof
structure in the full-scale test by Satheeskumar et al. (2016b) (see Fig. 3.11) is modelled
using the current FE approach, and the vertical reaction coefficients (VRCs) of RTW
connectors under a static point load obtained from the FE analysis are compared with the
full-scale test data. The plan view of the roof trusses and battens is shown in Fig. 3.16. The
five trusses are labelled as A, B, C, D and E. The RTW connectors in the left and right side
of Truss A are labelled as L_A and R_A, respectively. Similar notations for RTW
connectors in the other trusses (L_B, R_B, L_C, R_C, L_D, R_D, L_E, R_E). In the fullscale test, a point load of 1kN was applied normal to the roof surface at the location of BTR
connections, and the VRC of a RTW connector is defined as the ratio of the vertical
connection reaction to the applied point load. The VRCs of the RTW connectors when the
unit point load is applied at six locations are available in Satheeskumar et al. (2016b).
In the FE analysis, the model parameters of the piecewise-linear force-displacement
relationship for RTW connectors are randomly sampled using statistics in Tables 3.3 and
3.4, and a total of 1000 simulation runs are carried out. The simulated VRCs of ten RTW
connectors are obtained from the probabilistic FE analysis when the point load is applied at
six different locations, and the results are then compared with the full-scale test data as
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shown in Fig. 3.17. As shown in Fig. 3.18, most of the VRCs of RTW connectors, obtained
from the full-scale test, are within the 5% and 95% percentile values of the simulated VRCs.
In general, the FE approach used well reproduces the load sharing of the roof system and
accurately evaluates the wind uplift loads acting on RTW connectors. Discrepancies
between the simulated VRCs by FE analysis and the full-scale test data tend to appear in
those RTW connectors sharing a relatively small portion of applied load (i.e. VRCs within
± 0.2). These discrepancies are likely due to the difference in the stiffness of RTW
connectors between the FE model and full-scale test structure. The stiffness of RTW
connectors in the FE analysis is modelled based on force-displacement relationships
obtained from laboratory tests for individual RTW connectors, which may differ from the
actual stiffness of a connection serving in a roof system (e.g. having interactions with other
roof components).
RTW connector L_A

Truss

Batten

Ridge

RTW connector R_A

A

A

B

B

C

C

D

D

E

E
R

L

Figure 3.16. Schematic diagram of the roof truss layout.
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Figure 3.17. Comparison of simulated VRCs with full-scale test data at six point load locations
(solid square) represents the location where the point load acts on.

3.6 Fragility Results
3.6.1 Design Considerations and Simulation Procedure
In this section, fragility analyses are conducted for the representative contemporary
house using the proposed MCS and FE approach. Wind fragilities up to gust wind speed of
80m/s are calculated for windward windows, metal roof cladding and timber roof trusses.
Two wall opening scenarios for internal pressurisation are considered for the fragility
analysis of roof cladding and trusses as described in Section 3.4.1.2. It is assumed that
potential openings due to window damage are located at all four external walls, and only
large openings on the windward wall exist for the dominant opening scenario. This is
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because windows on windward wall are most likely to be damaged by wind pressure and/or
windborne debris during a windstorm. In the baseline case, a typical size of windward wall
openings (i.e. Aw) is assumed to be 8 m2 (e.g. two 2 m × 2 m windows). The window damage
is coupled with the two wall scenarios for roof fragility in a probabilistic risk assessment
described later in Chapter 5.
The wind direction was assumed to be uniformly distributed in 10˚ increments from 0˚
to 350˚ to allow for the variability of building orientation – this allows for fragilities to be
assessed for a house for a specific wind speed. The wind fragility for roof is expressed by
the mean extent of roof sheeting loss and roof truss failures as a function of gust wind speed.
A total of 1800 MCS runs are conducted for the roof fragility assessment (50 runs for each
10˚ increment of wind attack angle), which, according to a convergence check, is deemed
to be acceptable. To conduct the MCS, a total of 50 sets of connection resistances were
randomly generated to represent 50 house samples. For each house sample, a wind speed
(starting at 30m/s) and a building orientation (or wind angle relative to building axis, starting
at 0˚) were selected. The wind loading parameters in Eq. (3.5) were then randomly generated
as inputs to the FE model for damage assessment. For every house sample, this procedure
was repeated for each wind speed (30m/s to 80m/s with 1m/s interval). The MCS process
was then repeated for each building orientation (0˚ to 350˚ with 10˚ interval). The mean
extent of roof damage at a given wind speed was then obtained from aggregated results over
all building orientations and house samples. The MCS and the FE approach for the
representative contemporary house includes 1646 cladding-to-batten (CTB), 532 batten-torafter/truss (BTR) and 38 rafter/truss-to-wall (RTW) connectors. For wind fragility for
windward windows, the wind loading parameters in Eq. (3.5) were randomly generated, and
the wind pressure was then calculated and compared with the randomly generated window
resistance in each simulation run. The failure probabilities of windward windows as a
function of gust wind speed (i.e. fragility) are then obtained.
The design and construction considerations for RTW connectors of the representative
contemporary house in Brisbane and Melbourne are given in Table 3.6, which conforms to
AS 1684.2 (2010). Note that the CTB and BTR connections are generally identical for
houses in Brisbane and Melbourne. The design and construction considerations for RTW
connections in Table 3.6 is only one option that satisfies housing standards. Other
construction practices are not taken into account. The window ratings (consistent with the
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design wind classification) for Brisbane and Melbourne houses typically range from N1 to
N3, and the corresponding window resistances are given in Table 3.5.
Table 3.6. Design and construction considerations for RTW connectors based on AS4055 (2012)
and AS 1684.2 (2010).
Wind
classification

Location

N1
N2
N3

RTW connectors
Standard/truncated standard truss

Truncated girder truss

Melbourne
Melbourne/Brisbane

One gun nail triple grip
One gun nail triple grip

One gun nail triple grip
Two gun nail triple grips

Brisbane

One hand nail triple grip

Two hand nail triple grips

3.6.2 Results
3.6.2.1 Baseline case
The fragility curves for roof cladding and trusses considering two wall opening scenarios
are shown in Fig. 3.18. As indicated in Fig. 3.18, both the roof cladding and truss fragilities
corresponding to the windward wall dominant opening scenario are much higher than those
without any wall openings. This is expected because the roof suffers much higher internal
pressures when large openings appear in the windward wall. The design wind speed
corresponding to a 500-year return period for Brisbane is 57 m/s (AS/NZS 1170.2 2011). At
this gust wind speed, the mean roof sheeting loss for the representative contemporary house
is 4.5% with windward wall dominant openings and only 0.1% for the scenario without any
wall openings. While the latter loss is insignificant, the former may result in considerable
economic losses. For example, a loss of roughly 15% of the total building and contents value
can result from approximately 5% roof sheeting loss as inferred from Stewart et al (2018).
The mean proportion of roof sheeting loss at the 500-year gust wind speed of Melbourne,
i.e. 45 m/s (AS/NZS 1170.2 2011), is negligible for both wall opening scenarios. Note that
the obtained fragility curves in Fig. 3.18 apply to suburban houses located on a flat, level
site and subjected to wind coming from the prevailing direction (i.e. the nominal values used
for the topographic and directional factor in Eq. (3.5) are unity) with no shielding. However,
these fragility curves have the flexibility to account for other wind directions, shielding and
topographic conditions. Site-specific wind directional multipliers for eight cardinal
directions given in AS/NZS 1170.2 (2011) can be multiplied to the wind speed to account
for non-prevailing wind directions, which is to be incorporated in chapter 5 for the risk
assessment. The mean roof damage for a different topographic condition can be obtained
using the same fragility curves shown in Fig. 3.18. For example, at a wind speed of 55m/s,
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the mean roof sheeting loss read from the fragility curve is about 3% (dominant opening
scenario). For a house on a slope of a hill, assuming a topographic factor of 1.10 (the exact
value can be calculated according to AS/NZS 1170.2 2011 for a specific site condition), then
the mean roof sheeting loss is about 8% that is obtained from the fragility curve at the
adjusted wind speed, i.e. 55

1.10 = 60.5 m/s. Note that the uncertainty in the topographic

factor has already been included as reflected by the mean-to-nominal ratio and COV values
given in Table 3.1.
The mean proportion of roof truss failures for the representative contemporary house
built in Brisbane at the 500-year design wind speed (i.e. 57 m/s) with windward wall
dominant openings is 3.3% and 0.6% for wind classifications N2 and N3, respectively. At
the 500-year gust wind speed for Melbourne (i.e. 45 m/s), the mean proportion of roof truss
failures for suburban house in Melbourne with windward wall dominant openings is 0.2%
and 0.1% for wind classifications N1 and N2, respectively, which is deemed as negligible
damage. In the scenarios that no wall openings exist, the mean proportions of roof truss
failures for both Brisbane and Melbourne houses at the 500-year design gust wind speed are
less than 1%. Table 3.7 shows the mean number of failed CTB, BTR and RTW connectors
for the dominant opening scenario at various gust wind speeds. This table suggests that more
CTB connectors fail under wind uplift pressure than BTR connectors, which is expected as
damage surveys (e.g. Leitch et al. 2009) reveal that roof sheeting loss is mostly due to
cladding fastener failures. As expected, the failure of RTW connectors initiates only at
relatively higher wind speeds.
The probability of exceeding the ultimate strength and water penetration resistance of the
windward window as a function of gust wind speed is shown in Fig. 3.19 for windows with
different design wind classifications. Figure 3.19 shows that the probability of window
breakage (i.e. exceedance of ultimate strength) is much lower than that of exceeding the
water penetration resistance. Given the same site conditions (e.g. same topographic and
shielding condition), the probability of window breakage increases with design wind
classifications or window ratings. The probability of exceeding the water penetration
resistance is the same for N1 and N2 windows, which is expected given the window
resistances listed in Table 3.5. Again, note that Fig. 3.19 applies to suburban houses located
on a flat, level site and subjected to wind coming from the prevailing direction with no
shielding, and can be adjusted to account for shielding and topographic effects, etc. A
window damage state with an exceedance of water penetration resistance and a non51

exceedance of ultimate strength is of value in the rainwater intrusion evaluation and risk
assessment, which will be discussed in Chapter 5.
Table 3.7. Mean number of failed roof connections for the dominant opening scenario.
Wind speed
(m/s)

Cladding-tobatten (CTB)

40
50
60
70

0
8 (0.5%)
62 (3.8%)
192 (11.7%)

Batten-torafter/truss
(BTR)
0
1 (0.2%)
4 (0.8%)
11 (2.1%)

Rafter/truss-to-wall (RTW)
N1

N2

N3

0
1 (2.6%)
4 (10.5%)
12 (31.6%)

0
0
3 (7.9%)
10 (26.3%)

0
0
0
3 (7.9%)

Mean roof sheeting loss (%)

60

Windward dominant openings
No dominant openings

50
40
30
20

(a) Roof cladding fragility

10
0

20

25

30

35

40

45

50

55

60

65

70

75

80

Mean proportion of truss failures (%)

Gust wind speed v (m/s)
60

Melbourne house (N1) - dominant openings
Melbourne house (N1) - no dominant openings
Melbourne or Brisbane house (N2) - dominant openings
Melbourne or Brisbane house (N2) - no dominant openings
Brisbane house (N3) - dominant openings
Brisbane house (N3) - no dominant openings

50
40
30
20

(b) Roof truss fragility

10
0

20

25

30

35

40

45

50

55

60

65

70

75

80

Gust wind speed v (m/s)

Figure 3.18. Fragility curves for roof cladding and trusses for two wall opening scenarios.
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Figure 3.19. Fragility curves for windward windows.

3.6.2.2 Sensitivity analyses
A lower COV value (50% of the value used in the baseline case as mentioned in Section
3.4.1.2) is considered to show the sensitivity of fragilities to internal pressure variability. As
illustrated in Fig. 3.20, the mean proportion of roof sheeting loss and roof truss failures
decreases slightly as the variability in the internal pressure coefficient reduces. The
probability of exceeding the window resistances is not sensitive to the variability in the
internal pressure coefficient as shown in Fig. 3.21. The size of windward wall dominant
openings can also affect the internal pressure modelling. Hence, Aw = 4 and 12 m2 are
assumed in addition to the baseline case (Aw = 8 m2). The effects of these dominant opening
sizes on roof fragilities for the windward wall dominant opening scenario are shown in Fig.
3.22. It is indicated that a larger size of windward wall openings (Aw) leads to higher wind
damage to roof, which is expected as the internal pressure increases with Aw.
The relative stiffness due to variable stiffness of RTW connectors affect the load sharing
in a roof truss assembly (Wolfe & McCarthy 1989), and consequently influences the roof
truss fragility for the representative contemporary house. Hence, the effect of strength
variability and relative stiffness of RTW connectors on the mean proportion of roof truss
failures is examined by assuming four scenarios for the connection behaviour. The baseline
scenario adopts the probabilistic piecewise-linear model for RTW connectors as described
in Section 3.5.2. The second scenario assumes a deterministic piecewise-linear force53

displacement relationship as shown in Fig. 3.9 (the mean curve) for all the RTW connectors
(i.e. COV = 0 for k0, Fu and δu). The third scenario assumes that the initial secant stiffness
(k0) and the displacement at peak load (δu) for RTW connectors are random variables and
the uplift capacity is deterministic (i.e. COV = 0 for Fu). In the fourth scenario, only the
uplift capacities for RTW connectors are assumed to be probabilistic (i.e. COV = 0 for k0
and δu). The fragility curves for roof truss failure with windward wall dominant openings
are depicted in Fig. 3.23 for these four scenarios. As expected, the fragilities corresponding
to the fully deterministic scenario are the lowest, which indicates that ignoring the
variability in stiffness and uplift capacity for RTW connectors leads to an underestimation
of roof truss failure. The fragility curves corresponding to the third and fourth scenarios
suggest that both the variability in stiffness and uplift capacity of RTW connectors influence
the roof truss fragilities. The variability in uplift capacity of RTW connectors has more
impact on the mean proportion of roof truss failures than the stiffness variability of triple
grip connections.
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Figure 3.20. Fragility curves for roof considering different degrees of variability in the internal
pressure coefficient for the windward wall dominant opening scenario.
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Figure 3.21. Fragility curves for windward windows considering different degrees of variability in
the internal pressure coefficient.
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Figure 3.22. Fragility curves for roof considering different opening sizes for the windward wall
dominant opening scenario.
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Figure 3.23. Fragility curves for roof truss failure considering different scenarios for stiffness and
strength variability of RTW connectors with windward wall dominant openings.

The COV values for connection capacities in Tables 3.2 and 3.3 are considered for a good
construction quality when installing roof connections. Poor installation practice often results
in a relatively high proportion of improperly installed CTB, BTR and RTW connectors. For
example, Boughton et al. (2015) found that over-driving batten fasteners to timber
rafter/truss leads to lower withdrawn capacities and higher variability in both withdrawn
and pull-through strength. The effect of construction quality on fragility assessment is
examined by considering a higher variability in connection resistances. The COV values in
Tables 3.2 and 3.3 are increased by 25% to represent a higher variability in connection
resistances considering a relatively poor quality in construction practice. The original COV
values are considered as a moderate resistance variability for an average construction
quality. Figure 3.24 suggests that more roof damage is predicted by the fragility assessment
as resistance variability increases. This is expected as higher variability results in a larger
number of weak connections with relatively low resistances, and connection failures are
more likely to initiate at these ‘weakest links’.
The window resistances given in Table 3.5 are estimated based on the engineering
judgement that 20% of windows not satisfying the test pressures specified in AS 2047
(2014). It is further assumed that 30% of windows do not satisfy the test pressures to account
for a relatively poor quality in installation, which results in approximately 7% decrease in
56

the mean window resistances given in Table 3.5. The window resistances in Table 3.5 are
considered to have moderate construction quality. The fragility curves for windward
windows considering different construction quality in window installation are shown in Fig.
3.25. The figure indicates that the construction quality of windows has considerable effect
on the probability of window damage, and such effect is higher for the probability of
exceeding ultimate strength of windows.
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Figure 3.24. Fragility curves for roof considering different degrees of variability in connection
resistances for the windward wall dominant opening scenario.
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Figure 3.25. Fragility curves for windward windows considering different degrees of variability in
window resistances.

3.7 Conclusions
This chapter presents a reliability-based fragility method to evaluate wind damage to roof
cladding, trusses and windward windows for contemporary houses in non-cyclonic regions
of Australia. The fragility analysis considered the roof damage due to overloading of
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cladding-to-batten (CTB), batten-to-rafter/truss (BTR) and rafter/truss-to-wall (RTW)
connectors, and window damage by high wind pressure. The spatial variation of wind uplift
pressures on the roof was taken into account. The wind loading and structural resistances
were probabilistically modelled, and a FE approach was proposed to evaluate the structural
response, load redistribution and progressive failure of roof connections. A MCS analysis
in conjunction with the FE approach were employed to carry out the fragility assessment. It
was found that, if no wall dominant opening exists, the mean proportion of roof sheeting
loss and roof truss failures is negligible under a 500-year return period wind speed. When
subjected to windward wall dominant openings, considerable roof sheeting loss and roof
truss failure are predicted at the 500-year gust wind speed for Brisbane. The probability of
window breakage (i.e. exceedance of ultimate strength) is considerably lower than that of
exceeding the water penetration resistance at a given wind speed. Given the same site
conditions, the probability of window breakage increases with design wind classifications
or window ratings.
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CHAPTER 4. CONSTRUCTION DEFECTS AND THEIR
EFFECTS ON ROOF FRAGILITY
4.1 Introduction
It has been widely acknowledged that the occurrence of human error during design and
construction may significantly reduce the reliability of structures (Ellingwood 1987; Stewart
& Melchers 1988; Stewart 1992, 1993). In line with this statement, damage surveys have
indicated that wind damage to housing in Australia often occurs at peak gust wind speeds
below the corresponding design wind speed (e.g. Ginger et al. 2010; Smith et al. 2016). This
is mainly due to the commonly observed defects in housing construction (Leitch et al. 2009;
Ginger et al. 2010; Ginger et al. 2015) with most defects occurring in tie-down
fixings/connections, the effects of which have not been accounted for in most
reliability/fragility assessments. Similar findings have been observed in North American
houses (e.g. Yazdani et al. 2010) where damage during windstorms are largely due to
construction defects. Wind damage is more likely to initiate on defective house components,
which causes load redistribution to other components and may trigger a cascading failure.
Clearly, ignoring construction defects in wind damage prediction leads to an
underestimation of structural failure. Therefore, when conducting fragility/vulnerability
assessment for houses subjected to extreme wind, it is essential to include the effects of
construction defects (Stewart et al. 2018).
The modelling of construction defects in housing is a challenging task, which requires
the quantification of defect rates and their consequent effects on structural performance.
Human behaviour and performance are complex in nature, and the occurrence of human
error depends on many psychological, physiological and sociological factors. Moreover,
data regarding defect rates in housing construction and their corresponding influence on
structural resistance are scarce because housing damage is rarely subject to a detailed
forensic analysis that records individual defects, their location, and their frequency. Due to
the complex error mechanism and a lack of data, it is not surprising that only a few studies
attempt to include construction defects in the reliability/fragility assessment for houses
under extreme wind (van de Lindt & Dao 2010; Hong & He 2015; Stewart et al. 2018). van
de Lindt & Dao (2010) examined the effect of missing nails on the wind fragility of timber
roof sheathing panels that are commonly used in North American houses. Their study used
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a scenario-based approach by assuming various missing nail patterns. The quantitative
estimation of error occurrence was not included in their work. Hong & He (2015)
investigated the effect of missing and/or misaligned nails on the reliability of Canadian
timber roof sheathing panels under wind uplift loading. This study adopted a constant defect
rate which was obtained from the construction of a full-scale test house built by students in
the laboratory. The uncertainty and variability involved in the occurrence rate of
construction error may not have been well addressed given that there was only a single
house specimen and it was constructed in a laboratory environment. Stewart et al. (2018)
incorporated a preliminary probabilistic model of construction defects into the fragility
assessment for metal roof sheeting failure due to extreme wind. This defect model was built
on subjective information and defect data inferred from Hong & He (2015) that may not suit
metal roof cladding fastened using screws instead of nails. Construction defects in truss
connections are also not taken into account in Stewart et al. (2018).
To improve the modelling of construction defects, it is desirable to address the underlying
mechanism of human error, uncertainties in error occurrences and consequences as well as
the scarcity of construction error data. To this end, this study proposes a Bayesian approach
to probabilistically quantify the defect rates in housing construction. The Bayesian method
is appealing for the modelling of construction defects as it enables a systematic integration
of expert judgement, human reliability analysis (HRA) models and limited construction
defect data. A Cognitive Reliability and Error Analysis Method (CREAM) (Hollnagel
1998), is applied in conjunction with expert judgement to assign the prior distributions for
defect rates in a Bayesian framework. CREAM is a HRA technique with the capability to
model cognitive aspects in human error (Hollnagel 1998). It provides both qualitative and
quantitative predictions of human reliability which can be practically fitted into a
probabilistic risk assessment (PRA). In addition, most HRA methods are largely applied to
hazardous industries such as nuclear power and aviation (e.g. THERP, SPAR-H). CREAM
is a generic approach, and has detailed and appropriate task representation and
decomposition based on human cognition. It has been widely used to deal with human error
in various engineering fields including operator performance in nuclear power plants (e.g.
He et al. 2008; Lee et al. 2011), marine engineering (e.g. Yang et al. 2013; Akyuz & Celik
2015), civil infrastructure management (Nan & Sansavini 2016; Nan & Sansavini 2017) and
structural design (De Haan et al. 2013). To be sure, other HRA methods may also be used,
however, this chapter presents a framework that can be readily adapted to other HRA
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methods. The Bayesian updating is carried out using incomplete and imperfect defect data
in housing construction collected from existing literature and field observations. The defect
data include the observed occurrence rates of missing and/or improperly installed roof
connections in Australian contemporary houses. Wind uplift capacities for defective roof
connections are also obtained from experimental studies for housing in Australia.
The fragility model for the roof system presented in Chapter 3 can readily adapt to the
change of structural response and the reduction of structural resistance given (i) the
occurrence rate and (ii) the magnitude of capacity reduction for five types of construction
defects. To this end, the probabilistic defect rates obtained from the Bayesian inference and
the weakened roof components due to construction errors are subsequently incorporated into
the reliability-based fragility assessment. This provides a rational and systematic method to
probabilistically characterise the effects of construction defects on the wind fragility of roof
systems for Australian contemporary housing. The combination of HRA methods and sparse
human performance data through a Bayesian framework has been originally advocated in
the PRA for nuclear power plants (e.g. Hallbert & Kolaczkowski 2007; Podofillini & Dang
2013; Groth et al. 2014), and in this study it is modified to the new application in
construction defect modelling and wind fragility assessment for housing.

4.2 Construction Defects in a Metal Roof
Roof connections are generally the ‘weakest links’ of the roof system (Henderson &
Ginger 2007), and damage surveys (e.g. Leitch et al 2009) have revealed that most roof
failures occurred to contemporary houses are caused by poor construction details of roof
tie-down fixings. In light of this, the construction defects considered herein are missing
and/or improperly installed roof connections, which are commonly observed in housing
construction (e.g. Ginger et al. 2010).
4.2.1 Typical defect types for roof connections
This study considers the most common types of construction defects in cladding-tobatten (CTB), batten-to-rafter/truss (BTR) and rafter/truss-to-wall (RTW) connectors for
the representative contemporary house as described in Section 3.2. Schematic diagrams for
the three types of roof connections are depicted in Fig. 3.2. The typical defect types for these
roof connections are inferred from various research reports and post-damage surveys (e.g.
Leitch et al. 2009; Ginger et al. 2010; Ginger et al. 2015; Boughton et al. 2015;
Satheeskumar 2016), and are listed in Table 4.1. For a single BTR connector, it is possible
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that one screw fastener is missing and the other is improperly installed. However, this
situation is highly unlikely to occur (extremely small probability), and therefore the two
defect types considered for BTR connectors are reasonably assumed to be mutually
exclusive.
Table 4.1. Typical types of construction defects in roof connections
Connection type

Description

Defect type

Cladding-tobatten (CTB)

Each CTB connector has one
screw fastener, connecting
corrugated metal roof sheets
to top-hat metal battens

Missing (screw not installed)

Batten-torafter/truss
(BTR)

Each BTR connector has two
screw fasteners, one at each
bottom flange of the top-hat
batten, connecting metal
battens to timber roof trusses

Rafter/truss-towall (RTW)

Triple grip framing anchors,
fastening timber roof trusses
to wall top plates with nails

Improper installation (screw unattached to batten or
over- and under-driven screws)
Missing (one or both screws not installed)
Improper installation (over- and under-driven screws)
Missing one or two nails

4.2.2 Construction defect data
The construction error data of interest are the occurrence rates of defects and the
reduction of uplift capacities for defective roof connections. However, only limited
construction defect data for roof connections are available, which inevitably bases error
quantification on insufficient objective information.
A 1.5% defect rate for installing nails on timber roof sheathing panels was obtained in
Hong & He (2015) by inspecting a full-scale North American house built by students in the
laboratory. This data provides an indication for missing nails on roofing, however, it cannot
be directly employed for missing and/or improperly installed CTB connectors (screw
fasteners) on Australian contemporary houses because the construction methods are quite
different. In this paper, the average occurrence rate of missing cladding fasteners (i.e. CTB
connectors) is obtained from field observations of as-built contemporary houses in the
suburbs of Newcastle, Australia. It is not unreasonable to assume the average construction
quality in Newcastle is similar to those in other Australian cities. A total of ten metal-clad
contemporary houses were visually inspected. These houses are newly built with ages less
than five years old. Due to the limited accessibility, for each house specimen, only the
viewable parts of metal roof cladding were inspected from the street. Figure 4.1 shows
sample photos of the inspected roof area with missing screw fasteners. The number of
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inspected fastener locations and the number of missing screws were recorded for each
house. Fastener locations refer to the positions on metal roof sheeting where a screw fastener
is required. Screw fasteners should be used to fix cladding at every 2nd corrugation of the
roof edge and every 3rd or 4th corrugation for other regions of the roof. The missing fastener
data obtained for the ten randomly selected contemporary houses are shown in Table 4.2. In
total, 3,368 fastener locations were visually inspected, and 13 positions were found to have
missing screw fasteners. This corresponds to an average defect rate of 0.39% per fastener.
As no spatial patterns (e.g. missing screws are more likely to appear in roof edges than other
roof areas) were found in the observed data for missing screw fasteners, it is assumed that
defects are uniformly distributed across the roof, and the occurrence rate of missing
fasteners in the inspected roof area (at least one side of roof) is comparable to the defect rate
of the whole roof. An analysis of variance (ANOVA) test on the observed missing fastener
data in Table 4.2 is also conducted, which yields a p-value of 0.35 corresponding to the Ftest. This implies no significant difference between the means of defect rate for the ten house
samples. The collected data are not perfect due to a small number of houses inspected and
limited access to the entire roof. However, it provides a reasonable indication of the missing
fastener rate for metal roof cladding on Australian contemporary houses. There is a clear
need to collect more data with professional housing inspections.
Table 4.2. Visual inspection data for missing CTB connectors
House No.

Number of inspected fastener locations

Number of missing fasteners

1

256

0

2

525

2

3

362

1

4

408

3

5

344

0

6

378

3

7

372

0

8

324

3

9

213

1

10

186

0

Total

3368

13
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House No. 3

Missing screw fasteners

House No. 2

Figure 4.1. Missing cladding fasteners (CTB connectors) on as-built contemporary houses.

The uplift capacities for BTR connectors with under- and over-driven screws are
obtained from uplift tests by Boughton et al. (2015) conducted in Australia. It is indicated
that over-driving screw fasteners lead to a 50% reduction of withdrawn capacity for BTR
connectors, whereas the uplift capacities are similar for BTR connectors with correctly
driven or under-driven screws.
Another Australian study (Satheeskumar 2016) found that missing one or two nails in
triple grip RTW connectors decreases uplift capacity by up to 40%. This is the most
common type of construction defect for triple grip RTW connectors (Satheeskumar 2016),
and the present study ignores another less observable type of faults, i.e. grouping nails in
triple grip framing anchors. The housing surveys mentioned in Satheeskumar (2016)
examined 87 suburban contemporary houses in non-cyclonic regions of Australia and
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indicated that about three RTW connectors are defective in most inspected houses but no
detailed information are given for each inspected house in the housing surveys. The
representative contemporary house considered in this study has 92 triple grip RTW
connectors, and then the average defect rate is 3/92 = 3.3% per RTW connector. This
inferred data is adopted in the Bayesian updating as anecdotal and indirect evidence with
the intention to maximize the use of available information.
All the construction defect data mentioned above are summarized in Table 4.3. As shown
in Table 4.3, defect data are incomplete and imperfect due to various limitations. A Bayesian
approach is introduced in the next section, which provides a flexible and explicit framework
for the quantification of defects in housing construction based on sparse objective
information.
Table 4.3. Construction defect data collected from experimental and field observations
Defect type

Average defect
rate per
connection

Capacity reduction per defect

Missing (screw not installed)

0.39%a

100%b

Improper installation (screw
unattached to batten or over- and
under-driven screw)

Not known

100%b (unattached to batten)
Not known (over- or under-driven)

Missing (one or both screws not
installed)

Not known

100%b (missing both screws)
Not known (missing one screw)

Improper installation (over- and
under-driven screws)

Not known

50%c (over-driven)
0%c (under-driven)

Missing one or two nails

3.3%d

Up to 40%e

Connection
type

CTB

BTR

RTW

Based on field observations of as-built metal-clad contemporary houses.
A connection with all screws missing or screws unattached to batten has no capacity.
c
Based on test results in Boughton et al (2015), reducing withdrawn capacity only.
d
Inferred data from Satheeskumar (2016).
e
Based on test results in Satheeskumar (2016).
a

b

4.3 Bayesian Method for Defect Rates
4.3.1 Probabilistic model
Suppose that in a house, there are k defect types for a given connection type. For the jth
type of roof connection, suppose that there are a total number of nj connections of this type.
To be specific for the representative contemporary house considered in this study, CTB,
BTR and RTW connectors are deemed as the first (i.e. j = 1), second (i.e. j = 2) and third
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(i.e. j = 3) type of roof connection, respectively. As shown in Table 4.1, two typical defect
types (i.e. k = 2) are considered for CTB connectors, whereas BTR and RTW connectors
have two (i.e. k = 2) and one (i.e. k = 1) defect types, respectively. The representative
contemporary house has a total number of n1 = 1646 CTB, n2 = 532 BTR and n3 = 92 RTW
connectors.
The number of a certain type of defects occur in a total number of nj roof connections of
the jth type is assumed to follow a multinomial distribution with a probability mass function
(PMF) given as
f ( x1 j , x2 j ,

, xkj , xk +1, j ) =

 ( n j + 1)
k +1

 i =1 ( xi j + 1)

k +1

 ij =

nj !

xij

i =1

x1 j !

xk +1, j

k +1


!
i =1

xij
ij

(4.1)

where xij (i = 1, 2, … , k) and θij (i = 1, 2, … , k) are the number and occurrence rate of the
ith type of construction defect in the jth type of roof connection, respectively, and xk+1, j and
θk+1, j represent the number and occurrence rate of correctly installed roof connections of the
jth type, respectively, and Г(∙) is the gamma function. Note that ∑𝑘+1
𝑖=1 𝑥𝑖𝑗 = 𝑛𝑗 (xij = 0, 1, 2, … ,
nj) and ∑𝑘+1
𝑖=1 𝜃𝑖𝑗 = 1 (0 ≤ θij ≤ 1). The multinomial distribution is a binomial distribution
when k+1=2. Note that the dependence or correlation between defects, i.e. one error or
defect is more likely to lead to other errors or defects, is neglected in the proposed defect
model.
The defect rate θij is inherently variable and uncertain, and in current practice, the defect
rates are either assigned using subjective judgement (e.g. Stewart et al. 2018) or estimated
from limited construction error data (e.g. Hong & He 2015). Therefore the associated
uncertainty and variability may not have been well addressed. The Bayesian method
provides an explicit structure to probabilistically infer the defect rates with a combination
of expert judgement, HRA techniques and limited objective data, which reduces the degree
of uncertainty arising from the complex human behaviour and sparse construction error data.
The subjective beliefs in defect rates θj for the jth type of roof connection are
probabilistically expressed by the prior distribution. The data (xj) is used to update the prior
information based on the Bayes’ rule, and the obtained posterior distribution is then given
by
𝑓(𝜽𝒋 |𝒙𝒋 ) =

𝑓(𝜽𝒋 ,𝒙𝒋 )
𝑓(𝒙𝒋 )

=

𝑓(𝒙𝒋 |𝜽𝒋 )𝑓(𝜽𝒋 )

(4.2)

𝑓(𝒙𝒋 )
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where f (θj|xj) is the posterior distribution of θj with θj = (θ1j, θ2j, … , θkj, θk+1,j), xj = (x1j, x2j,
…, xkj, xk+1,j) is the observed data for defective and correctly installed roof connections of
the jth type, f (xj|θj) is the likelihood function of xj, f(θj) is the prior distribution of θj, and
f(xj) is an integral of the product f (xj|θj)f(θj) over all possible values of θj, which can be
regarded as a normalizing constant to ensure that f (θj|xj) is a proper density.
4.3.2 Prior distributions
4.3.2.1 Dirichlet priors
To account for the uncertainty and variability involved in the defect rates, θj are
probabilistically modelled by the Dirichlet distribution, which is a conjugate prior
distribution for the multinomial distribution. The Dirichlet distribution is a multivariate
generalization of the beta distribution. The probability density function (PDF) of the
Dirichlet prior for θj = (θ1j, θ2j, … , θkj, θk+1,j) is given by
 (  i =1 aij )
k +1

f (θ j ) = Dirichlet(θ j | a1 j , a2 j ,

, akj , ak +1, j ) =

k +1

 i =1 (aij

k +1


)
i =1

aij −1
ij

(4.3)

where αj = (α1j, α2j, … , αkj, αk+1,j) are the positive-valued parameters for the Dirichlet
distribution for the jth type of roof connection. Let α0j = ∑𝑘+1
𝑖=1 𝛼𝑖𝑗 . The marginal mean and
variance of θij are then given by
𝛼

(4.4)

E(𝜃𝑖𝑗 ) = 𝛼 𝑖𝑗

0𝑗

var(𝜃𝑖𝑗 ) =

𝛼𝑖𝑗 (𝛼0𝑗 −𝛼𝑖𝑗 )

(4.5)

𝛼0𝑗 2 (𝛼0𝑗 +1)

Generally, α0j can be viewed as a measure of the prior informativity. The larger the value
of α0j is, the more informative the Dirichlet priors. Further, let αj = α0jvj, where vj is a vector
of the marginal mean of θj given by vj = (v1j, v2j, … , vkj, vk+1,j) = (α1j, α2j, … , αkj, αk+1,j)/α0j,
th
and it satisfies ∑𝑘+1
𝑖=1 𝑣𝑖𝑗 = 1. The prior parameters for the defect rates θj for the j type of roof

connection can then be determined by specifying vj and α0j. In the present Bayesian method,
informative prior distributions are proposed to reflect expert’s knowledge of the occurrence
rates for distinct types of construction defects in CTB, BTR and RTW connectors as listed
in Table 4.1.
CREAM (Hollnagel 1998), a widely used HRA technique, which offers a systematic
modelling of human error occurrence based on cognitive engineering principles, is
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employed to give point estimates of vj. The application of CREAM to the determination of
vj is described in the next section. The parameter, α0j, plays a role of weighing the expert
judgement and the sparse data of construction defects. If α0j is much smaller than the data
size (e.g. n1 = 3368 for CTB connectors as shown in Table 4.2), the evidence used in
Bayesian updating overwhelms the prior beliefs. In other words, the prior distribution in this
scenario can be viewed as a weakly informative prior with limited influence on the posterior
distribution. Otherwise, if α0j is much larger than the size of data, the prior dominants the
Bayesian inference. Ideally, it is desirable to specify a relatively small value of α0j (i.e. use
non-informative or weakly informative priors) and conduct the Bayesian updating based on
sufficient objective data. However, due to the scarcity of construction defect data, the
selection of α0j depends on the level of confidence towards the prior beliefs and the limited
evidence. The analyst may set α0j to be comparable with the data size to give similar weights
to the expert opinion and the sparse data of construction defects.
4.3.2.2 Specifying prior parameters
Informative prior distributions are used for the defect rates to reveal experts’ subjective
knowledge and judgement. HRA techniques offer theoretical models to quantitatively
predict human performance under given conditions and/or contexts, which can be used to
express the prior beliefs about construction defect rates.
All erroneous human actions are, to some extent cognitive, and cannot be properly
modelled or understood without referring to the characteristics of human cognition
(Hollnagel 1998). In this study, the HRA approach, CREAM, is employed to provide prior
information for the defect rates. Based on cognitive engineering principles, CREAM can
reasonably address the underlying mechanism of human error occurrence. The
psychological, physiological and sociological factors involved in human error are captured
by CREAM through the cognitive functions and common performance conditions. See
Hollnagel (1998) for more details. A basic and an extended method are included in the
quantitative analysis of CREAM. The purpose of the former is to produce a general
assessment of human reliability for a given task, and the latter aims to provide point
estimates for specific human error probabilities (i.e. HEP or what we call ‘defect rates’ in
this study).
The task of installing a roof connection is considered to include two main subtasks based
on the practical procedures adopted by construction workers: (i) install the roof connection
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at the right position, and (ii) visual check if any fastener is missing. The visual check can
happen any time during the installation of roof connections, however, herein we consider
only an overall check is conducted after the completion of the installation work. It is further
assumed that any missing nails or screws that have been detected will be installed
immediately, and only missing fasteners can be identified by a visual inspection. In other
words, misaligned, over- and under-driven fasteners are deemed to be difficult to detect by
a simple visual check. To complete these two subtasks, the builder needs to be equipped
with many things such as the rules/procedures for connection installations, tips in fastening
using an electric drill, and perceptions for detecting missing fasteners. Hence, the actual
actions when conducting these subtasks are only the surface manifestations of the
underlying human cognition.
In the basic method of CREAM, (i) common performance conditions (CPCs) and (ii)
control modes are determined. CPCs are used to characterize the human interactions with
contexts and/or circumstances. The control mode is determined by the CPCs, which
provides an overall range of the defect rates. In this study, as the CPCs are not observed
during the construction process, a set of neutral CPCs (i.e. no improvement or reduction for
performance reliability) are considered as the expected or representative context for typical
housing construction. Based on the neutral CPCs, the tactical control mode is then selected,
where human performance is based on planning, and more or less follows a known
procedure or rule (Hollnagel 1998). This control mode gives an overall evaluation that the
defect rates are within 0.1% and 10% (Hollnagel 1998), which is compatible with the
average defect rates shown in Table 4.3. The tactical control mode is also consistent with a
qualitative view that the installation of roof connections is mostly a rule-based activity. In
this study, the main purpose of using CREAM is to produce specific point estimates for
construction defect rates. Hence, the basic method of CREAM is only briefly described in
this section. More details about the determination of the CPCs and control modes can be
found in Hollnagel (1998).
The extended method in CREAM is used to produce specific human action failure
probabilities in this study. The cognitive demands associated with a task or subtask can be
described by a single or combination of four basic cognitive functions, namely, observation,
interpretation, planning, and execution (Hollnagel 1998). The possible failure modes for
each cognitive function and corresponding nominal cognitive failure probabilities (i.e. error
rates) in CREAM (Hollnagel 1998) are given in Table 4.4. The major cognitive activities
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and corresponding cognitive functions are assigned to each subtask for the roof connection
installation which is shown in Table 4.5. Table 4.6 lists the main failure modes and nominal
defect rates produced by CREAM for distinct types of construction defects in roof
connections. For example, the manifestation of a missing CTB connector is due to the
situation that the screw fastener is simply not installed (failure type E5) and later this
ignorance has not been detected by a simple visual check (failure type O3). Therefore, the
nominal defect rate for missing cladding fasteners in Table 4.6 is then calculated as 3% (i.e.
nominal error rate for generic failure type E5)

7% (i.e. nominal error rate for generic

failure type O3) = 0.21%. As shown in Table 4.6, the nominal defect rates have comparable
magnitudes with the available objective information (i.e. average defect rates) listed in Table
4.3, which indicates the compatibility of the elicited prior and defect data.
Table 4.4. Cognitive failure modes and nominal cognitive failure probabilities (Hollnagel 1998).
Cognitive function

Observation (O)

Interpretation (I)

Planning (P)

Execution (E)

Generic failure type

Nominal error rate

O1. Wrong object observed

0.10%

O2. Wrong identification

7.0%

O3. Observation not made

7.0%

I1. Faulty diagnosis

20%

I2. Decision error

1.0%

I3. Delayed interpretation

1.0%

P1. Priority error

1.0%

P2. Inadequate plan

1.0%

E1. Action of wrong type
E2. Action at wrong time
E3. Action on wrong object
E4. Action out of sequence
E5. Missed action

0.30%
0.30%
0.05%
0.30%
3.0%

Table 4.5. Cognitive activities and functions for each subtask for roof connection installation.
Subtask

Description

Cognitive activity

Cognitive function

Install roof
connections

Fasten nails or screws for CTB, BTR
and RTW connectors

Execute

Execution

Visual check
missing nails
or screws

Overall visual inspection after
installation work

Observe

Observation
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Table 4.6. Cognitive failure modes and nominal defect rates produced by CREAM.
Connection type

CTB (j = 1, k =2)

BTR (j = 2, k =2)

RTW (j = 3, k = 1)

Typical defect type

Generic
failure type

Nominal defect
rate

Average
defect rate in
Table 4.3

Missing (i = 1)

E5 and O3

θ11 = 0.21%

0.39%

Improper installation
(i = 2)

E1

θ21 = 0.30%

Not known

Missing (i = 1)

E5 and O3

θ12 = 0.42%

Not known

Improper installation
(i = 2)

E1

θ22 = 0.60%

Not known

Missing one or two nails
(10 nails in total, i = 1)

E5 and O3

θ13 = 2.12%

3.30%

The nominal defect rates can be further modified by applying the common performance
conditions (CPCs) to characterize the human interactions with working contexts and
quantify the improvement or reduction of human reliability due to the working contexts
(Hollnagel 1998). For example, inadequate project time and/or unexperienced builders can
reduce the human reliability and thus increase the defect rates. The CPCs are analogous to
the performance shaping factors (PSFs) in many other HRA methods (e.g. Kirwan 1996;
Blackman et al. 2008), and hereafter we use the term PSFs. In this study, as the working
contexts are not observed during the construction process, the PSFs are set to unity,
indicating no improvement or reduction for human reliability, which is considered as the
expected or representative context for typical housing construction. Therefore, the nominal
defect rates are adopted as the point estimates produced by CREAM, which can be further
used to assign the prior parameters. In a sensitivity analysis in Section 4.5, the potential
effects of adverse working contexts (i.e. PSFs > 1.0) are further examined.
The point estimates produced by CREAM are employed to specify the Dirichlet prior
parameters. As described in Section 4.3.2.1, the Dirichlet distribution for defect rates can be
expressed as Dirichlet (θj|α0jvj). These point estimates for the defect rates of the jth type roof
connection are then used as the marginal mean values, vj, in the Dirichlet prior distributions.
The value of α0j is determined by subjective judgement to reflect various levels of prior
beliefs. The Dirichlet prior distributions assigned for the defect rates for CTB, BTR and
RTW connectors are then given in Table 4.7. As only one typical defect type is considered
for RTW connectors, the two-dimensional Dirichlet distribution is a beta distribution used
as the prior for the defect rate. The prior distributions of construction defect rates for CTB,
BTR and RTW connectors considering different α0 values are plotted in Figs. 4.2, 4.3 and
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4.4, respectively. Note that α0 = (α01, α02, α03) with j = 1, 2 and 3 are for CTB, BTR and
RTW connectors, respectively. As expected, the larger the α0 value, the smaller the variance
and the higher degree of informativity for the prior distribution.
Table 4.7. Dirichlet prior distributions for defect rates.
Connection
type

Dirichlet prior distributions for θj

CTB (j = 1)

θ1 = (θ11, θ21, θ31) ~
Dirichlet (0.0021α01, 0.0030α01, 0.9949α01)

BTR (j = 2)

θ2 = (θ12, θ22, θ32) ~
Dirichlet (0.0042α02, 0.0060α02, 0.9898α02)

RTW (j = 3)

θ3 = (θ13, θ23) ~
beta (0.021α03, 0.979α03)
or
Dirichlet (0.021α03, 0.979α03)

(a)

α0j value

Express the degree of prior
beliefs about the defect rates for
the jth type of roof connection,
determined by expert
judgement

Probability Density

α01 = 100
α01 = 500
α01 = 1000
α01 = 3000

Defect rate for missing CTB connectors (θ11)
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(b)
Probability Density

α01 = 100
α01 = 500
α01 = 1000
α01 = 3000

Defect rate for improperly installed CTB connectors (θ21)

Figure 4.2. Marginal distributions of the Dirichlet prior for defect rates of CTB connectors with
different α01 values.

(a)

α02 = 100
α02 = 500

Probability Density

α02 = 1000
α02 = 3000

Defect rate for BTR connectors with missing screws (θ12)
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(b)
Probability Density

α02 = 100
α02 = 500
α02 = 1000
α02 = 3000

Defect rate for improperly installed BTR connectors (θ22)

Figure 4.3. Marginal distributions of the Dirichlet prior for defect rates of BTR connectors with
different α02 values.

Probability Density

α03 = 10
α03 = 100
α03 = 500
α03 = 1000

Defect rate for RTW connectors with one or two missing nails (θ13)

Figure 4.4. Prior distributions for the defect rate of RTW connectors with different α03 values.
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4.3.3 Posterior distributions
The Dirichlet distribution is a conjugate prior to the multinomial distribution. Suppose a
number of nj roof connections of the jth type have been inspected, and xij (i = 1, 2, … , k)
defective connections are detected for the ith type of construction defect. The posterior
distribution for the defect rates θj of the jth type roof connection is also a Dirichlet
distribution given by
(4.6)

𝑓(𝜽𝑗 |𝑛𝑗 , 𝒙𝑗 ) = Dirichlet (𝜶𝑗 + 𝒙𝑗 )

where αj = (α1j, α2j, … , αkj, αk+1,j) = α0jvj, θj = (θ1j, θ2j, … , θkj, θk+1,j) and xj = (x1j, x2j, … , xkj,
xk+1,j). Note that xk+1,j = nj − ∑𝑘𝑖=1 𝑥𝑖𝑗 . The Bayesian updating is straightforward with
conjugate prior distributions if complete data are given. However, as shown in Table 4.3,
data are incomplete and imperfect for the construction defects in roof connections, and
therefore more efforts are needed to make the Bayesian inference.
4.3.3.1 CTB connectors
For CTB connectors (the 1st type of roof connection, i.e. j = 1), there are two types of
construction defects (i.e. k = 2) considered in this study as shown in Table 4.1. The model
parameters of interest are θ1 = (θ11, θ21, θ31), where θ11 and θ21 are the defect rates for missing
and improperly installed CTB connectors, respectively, and θ31 = 1 − θ11 − θ21 is the
occurrence rate for correctly installed CTB connectors. If a total of n1 CTB connectors have
been inspected, x1 = (x11, x21, x31) then represent the number of missing, improperly installed
and correctly installed CTB connectors, where x11 + x21 + x31 = n1. According to Tables 4.2
and 4.3, n1 = 3368, x11 = 13 and x21 is not known. The posterior distribution for defect rates
of CTB connectors in Eq. (4.6) then transforms into f (θ1| n1, x11), which is proportional to
the multiplication of the Dirichlet prior and the observed data (incomplete) likelihood,
expressed as
3

f (θ1 | x11 , n1 )  ( 
t =1

 t 1 −1
t1

x11
11

) ( 21 +  31 )

n1 − x11

=

n1 − x11


t =0

( n1 − x11 )!
[11x11 −11 −1 21t + 21 −1 31n1 − x11 −t +31 −1 ]
t !( n1 − x11 − t )!

(4.7)

The posterior distribution for the defect rates of CTB connectors given by Eq. (4.7) can
be numerically evaluated using the Markov Chain Monte Carlo (MCMC) methods (e.g.
Gelman et al. 1995). Figure 4.5 depicts the marginal posterior distributions for the defect
rates of CTB connectors considering different α01 values. The corresponding prior
distributions are also plotted in the figure. As shown in Fig. 4.5, the posterior distribution is
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getting closer to the prior distribution as α01 increases. The smaller the α01 value, the more
diffuse the posterior distribution. As no defect data is available for improperly installed CTB
connectors, the obtained marginal posterior distribution for the defect rate θ21 from Bayesian
updating is then more spread out to reflect a higher level of uncertainty involved.

Prior α01 = 100

(a)

Posterior α01 = 100

Probability Density

Prior α01 = 500

Posterior α01 = 500
Prior α01 = 1000

Posterior α01 = 1000
Prior α01 = 3000
Posterior α01 = 3000

Defect rate for missing CTB connectors (θ11)

(b)

Prior α01 = 100

Posterior α01 = 100
Probability Density

Prior α01 = 500

Posterior α01 = 500
Prior α01 = 1000

Posterior α01 = 1000

Prior α01 = 3000
Posterior α01 = 3000

Defect rate for improperly installed CTB connectors (θ21)

Figure 4.5. Marginal posterior distributions for defect rates of CTB connectors with different α01
values.
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4.3.3.2 BTR connectors
As shown in Table 4.3, no observed data are available for the two types of construction
defects for BTR connectors (the 2nd type of roof connection, i.e. j = 2). Therefore, no
Bayesian updating is carried out for BTR connectors, and the prior distribution, i.e. Dirichlet
(0.0042α02, 0.0060α02, 0.9898α02) as shown in Table 4.7 is directly used for the defect rates
for BTR connectors.
4.3.3.3 RTW connectors
For RTW connectors (the 3rd type of roof connection, i.e. j = 3), the defect data is inferred
from Satheeskumar (2016) that states 87 Australian contemporary houses were inspected in
housing surveys and most inspected houses have about three defective triple grip RTW
connections with no more details given. This evidence about construction defects for RTW
connectors is based on vague descriptions, which is somewhat anecdotal and uncertain. The
inferred defect data are then deemed to have three defective triple grip connections in the
representative contemporary house with 92 RTW connectors. In other words, only the most
representative case for the number of observed defects in a typical contemporary house is
considered as the evidence used for Bayesian updating, which may introduce relatively high
uncertainties for the defect rate. Given the conjugate prior distribution, i.e. beta (0.021α03,
0.979α03) as shown in Table 4.7, the posterior distribution for the defect rate of RTW
connectors θ13 is straightforward to obtain through the Bayesian updating, which is given
by beta (0.021α03 + 3, 0.979α03 + 89). A relatively higher value of α03 (e.g. 200, 500 and
1000) may be used to give more preference to the prior beliefs produced by the HRA
method. Figure 4.6 shows the posterior distributions for the defect rate of RTW connectors
considering different α03 values. The corresponding prior distributions are also plotted in
the figure. Smaller α03 values lead to more dispersive posterior distributions for the defect
rate θ13 of RTW connectors, which has similar trends with those shown in Fig. 4.5.
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Prior α03 = 10

Posterior α03 = 10
Probability Density

Prior α03 = 100

Posterior α03 = 100
Prior α03 = 500

Posterior α03 = 500

Prior α03 = 1000
Posterior α03 = 1000

Defect rate for RTW connectors with one or two missing nails (θ13)

Figure 4.6. Posterior distributions for the defect rate of RTW connectors with different α03 values.

4.4 Uplift Capacities for Defective Roof Connections
The uplift capacities for correctly installed (i.e. defect free) roof connections are
presented in Section 3.4.2. The pull-over and pull-out capacities of CTB and BTR
connectors are assumed to follow a lognormal distribution (Henderson & Ginger 2007) with
the statistical parameters listed in Table 3.2. The connection capacities are assumed to be
statistically independent and taken as the lower of the randomly generated pull-out and pullover strengths when conducting a fragility analysis. The uplift capacities for triple grip RTW
connectors fastened using hand nails and gun nails are given by Table 3.3 as described in
Section 3.4.2.
The data regarding the capacity reduction for roof connections given the occurrence of
various types of construction defects are discussed in Section 4.2.2 and summarized in Table
4.3. For missing CTB connectors, it is natural to judge that there is no uplift capacity at the
missing fastener location. For improperly installed CTB connectors, if a screw fastener is
not attached to the batten, the uplift capacity of the connection is also zero. If a cladding
fastener is over- or under-driven, as no uplift capacity data is available, a triangular
probability distribution used in Stewart et al. (2018) is employed to model the capacity
reduction as shown in Table 4.8.
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For BTR connectors, it is assumed that at least 50% capacity reduction with one missing
batten screw and 100% capacity reduction if both screws are missing. As the latter has a
much smaller occurrence rate than the former, a triangular probability distribution shown in
Table 4.8 with a mode of 50% is used. Given the occurrence of an improperly installed BTR
connector with over- or under-driven screws, it is considered that the over-driven scenario
has a 50% probability of occurrence and reduces the pull-out capacity by about 50%
(Boughton et al 2015). Note that there is no capacity reduction for the under-driven scenario.
To account for the variability of capacity reduction, a triangular probability distribution
given in Table 4.8 with a mode of 50%, a lower bound of 40% and an upper bound of 60%
is assumed to model the reduction of pull-out capacity for BTR connectors with over-driven
batten screws.
According to the test results in Satheeskumar (2016), approximately 10% capacity
reduction was observed for triple grip RTW connectors with one missing nail and 40%
reduction of the uplift capacity for those with two missing nails. A triangular probability
distribution shown in Table 4.8 is then used to model the capacity reduction for triple grip
RTW connectors with one or two missing nails. The piecewise-linear relationship described
in Section 3.5.2 is still used to model the load-deflection behaviour of defective RTW
connectors. All the three parameters (i.e. initial secant stiffness k0, peak load Fu and
displacement at peak load δu) in the piecewise-linear model are also assumed to decrease
according to the triangular probability distribution.
The reduction of uplift capacities for defective roof connections are summarized in Table
4.8. Note that all the percentages of reduction mentioned above are compared to the uplift
capacities of correctly installed roof connections described in Section 3.4.2.

4.5 Effect of Construction Defects
The construction defect model for roof connections proposed in this chapter is
incorporated in the reliability-based fragility assessment for metal roof cladding and timber
roof trusses as described in Chapter 3. As mentioned in Chapter 3, two typical opening
scenarios are considered, i.e. (i) dominant openings on the windward wall and (ii) effectively
sealed building without any wall openings.
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Table 4.8. Capacity reduction for defective roof connections.
Connection
type

Defect type

Capacity reduction

Missing (screw not installed)

100%

CTB

Improper installation (screw
unattached to batten or over- and
under-driven screws)

Probability density

0.033

Stewart et al. (2018)

40 %

100 %

Capacity reduction

Missing (one or both screws not
installed)

Probability density

0.04

50 %

100 %

Capacity reduction

BTR

Probability density

0.10

Improper installation (over- and
under-driven screws)

40 %

50 %

60 %

Capacity reduction

Reduction of pull-out capacity only for those
with over-driven screws

RTW

Probability density

0.067

Missing one or two nails

10 %

40 %
Capacity reduction

Distinct degrees of prior beliefs about the defect rates are taken into account for the
80

fragility analysis. The levels of confidence towards the prior are determined by the α0 values
as described in Section 4.3.2. The prior distributions are based on both the point estimates
yielded by the HRA method (i.e. CREAM in this study) and the selection of α0 values
according to expert’s opinion. The α0 values selected in this study for the defect rates in
CTB, BTR and RTW connectors are listed in Table 4.9. The three sets of α0 values in Table
4.9 reflect relatively strong, moderate and weak prior belief, respectively. The moderate
prior is considered as a baseline case, and the strong and weak priors are employed to
examine the sensitivity of fragility to the prior beliefs about construction defect rates.
The selection of α0j value for the jth type of roof connection is based on the following
subjective judgement. For CTB connectors, as a relatively large data size is available for the
defect type of missing cladding fasteners, more preferences are then given to the defect data
(i.e. ‘let data speak louder’). Thus, a α01 value of 1000 is selected in the baseline case, which
is roughly one third of the data size (i.e. 3368). The strong prior case has a α01 value
comparable to the number of observations. In the weak prior case, a α0 value of 500 is used
to ensure that the posterior distribution for the defect rate of improperly installed CTB
connectors as shown in Fig. 4.5(b) is not too diffuse. For BTR connectors, as no defect data
are available, the prior distributions for the defect rates are directly employed. The selected
α02 values for the three cases produce reasonable probability distributions for the defect rates
of BTR connectors as shown in Fig. 4.3. For RTW connectors, the defect data are inferred
from vague descriptions in the literature, which is somewhat anecdotal. Hence, more
preferences are given to the prior distribution that are derived from the HRA model (i.e.
CREAM). In the weak prior case, the α03 value is comparable to the inferred data size (i.e.
92). The moderate and strong prior cases have α03 values that are about five and ten times
the inferred data size, respectively. The α0 values can be further modified if more expert
knowledge and/or objective data about the construction defect rates are available.
As mentioned in Section 4.3.2.2, an average construction quality is assumed in the
baseline case, and the working contexts (usually characterized by PSFs) are not explicitly
taken into account (i.e. neutral PSFs without improving or reducing human performance are
assumed) as no observations for such contexts are available during the construction process.
Some adverse working contexts may result in poor construction quality with high defect
rates. For example, builders with less experience/training, inadequate time and unclear
procedures/plans all have negative effects on the human performance and reliability. Ideally,
both the construction defect data and corresponding working contexts need to be collected,
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and the probability distribution of the defect rates conditional on PSFs can then be obtained
through the Bayesian updating. However, such data are challenging to collect due to many
reasons such as restrictive access to construction sites, privacy issues (e.g. people do not
like to disclose their mistakes and/or to be monitored while working), etc. A single PSF
value ranges from 0.5 to 5.0 in CREAM (Hollnagel 1998). Considering that most
contemporary houses are constructed by qualified builders, a relatively low effect of PSFs
on defect rates is assumed in a sensitivity analysis. Thus, the negative effects of adverse
working contexts are implicitly included and examined by applying a factor of two (close
to the average weighting factor of 1.9 to account for effects of PSFs suggested for the tactical
control mode in CREAM) to the baseline defect rates obtained from the Bayesian inference.
The subsequent effects on the proportion of roof sheeting loss and roof truss failures are
then examined by conducting the fragility assessment with the adjusted defect rates.
Table 4.9. Degree of prior beliefs for each defect type.
Connection
type

CTB (j = 1)
BTR (j = 2)
RTW (j = 3)

Typical defect type

Missing
Improper installation
Missing
Improper installation
Missing one or two nails

α0j value reflecting the level of confidence towards
prior beliefs
Strong

Moderate
(baseline case)

Weak

3000

1000

500

3000

1000

500

1000

500

100

The construction defects are often correlated or dependent, i.e. one error or defect is more
likely to lead to other errors or defects, which is not included in the model formulation as
described in Section 4.3. In a sensitivity analysis, the effect of correlation between defects
on the wind fragility is simply examined by applying an empirical equation to the defect
rates in the baseline case. The probability of a defect given a defect occurs in the previous
task is obtained from the following equation (Kirwan 1994)
Pr(defect | defect occurs in previous task) = (

1+𝐴∙defect rate
𝐴+1

)

(4.8)

where A = 19, 6 and 1 for low, moderate and high dependence, respectively. A moderate
correlation is assumed in the present analysis.
The fragility results for the representative contemporary house with construction defects,
expressed as the mean proportion of roof sheeting loss and roof truss failures, are shown in
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Figs. 4.7 and 4.8, respectively, with the consideration of distinct degrees of prior beliefs, the
effects of adverse working contexts and dependence between defects. As shown in Fig. 4.7,
the effect of construction defects on the roof cladding fragility is significant. For example,
compared to the fragility results ignoring construction defects, the predicted mean
proportion of roof sheeting loss in the baseline case increases by up to eight times when gust
wind speed is smaller than 55m/s, and up to 52% higher, when gust wind speed is larger
than 55m/s with the presence of windward wall dominant openings. At the design wind
speed for Brisbane (i.e. 57m/s) and for the dominant opening scenario, the mean proportion
of roof sheeting loss increases from 4.5% to 6.5% when considering the construction defects
in the baseline case. At the design wind speed for Melbourne (i.e. 45m/s) and for the
dominant opening scenario, the mean proportion of roof sheeting loss increases five-fold
from 0.1% to 0.5% when considering the construction defects in the baseline case.
Accounting for the potential influence of adverse working contexts can increase the roof
cladding fragility by approximately six times on average. The consideration of dependence
between defects on average leads to approximately a threefold increase in the predicted
mean proportion of roof sheeting loss. The predicted mean proportion of roof sheeting loss
increases with decreasing degrees of prior beliefs. This is expected as a weak prior
distribution results in a relatively high variance for the posterior distributions of the defect
rates as shown in Fig. 4.5.
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Figure. 4.7. Fragility curves for metal roof cladding considering construction defects.
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Figures 4.8(a) and (b) indicate that the predicted mean proportion of roof truss failures
increase only slightly when considering the effect of construction defects. This is likely due
to a relatively low reduction of the uplift capacities given the occurrence of a typical
construction defect for RTW connectors. As shown in Table 4.8, the uplift capacity of a
RTW connector decreases by only 10-40% and 20% on average, which is a much lower
consequence compared to the effects of construction defects on CTB and BTR connectors
(e.g. a missing CTB connector is equivalent to a 100% capacity reduction). In addition, the
weakened RTW connector tends to receive less wind uplift load due to the load sharing of
the roof truss system, which, to some extent, compensates the adverse effect of the defective
RTW connectors.
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(b) Gun nail triple grip RTW connectors
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Figure. 4.8. Fragility curves for timber roof trusses considering construction defects.
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4.6 Conclusions
A Bayesian approach combining expert opinion, HRA method and limited construction
defect data was developed in this chapter to probabilistically characterize the construction
defect rates in roof connections. The capacity reductions of roof connections given the
occurrence of distinct types of construction defects were also probabilistically modelled
based on engineering judgement and available experimental evidence. A total of five types
of construction defects in roof connections were modelled. The proposed construction
defect model was then integrated into a reliability-based fragility method to assess the wind
damage to metal roof cladding and timber roof trusses for contemporary houses in Australia.
The fragility results were expressed as the mean proportion of roof sheeting loss and roof
truss failures. It was found that the effect of construction defects on the roof cladding
fragility is significant. Compared to the fragility results ignoring construction defects, the
predicted mean proportion of roof sheeting loss in the baseline case increases by up to eight
times when gust wind speed is lower than 55m/s, and up to 52% when gust wind speed is
higher than 55m/s with the presence of windward wall dominant openings. The influence
of construction defects can further increase if adverse working contexts and dependence
between defects are taken into account. The roof truss fragility is only marginally affected
by construction defects.
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CHAPTER 5. ECNOMIC LOSS ESTIMATION AND
PROBABILISTIC RISK ASSESSMENT
5.1 Introduction
Non-cyclonic windstorms (e.g. synoptic storms associated with low-pressure systems;
severe thunderstorms) are the major causes of wind and rainfall damage to housing in
Southeast Australia (Ginger et al. 2010). The three states, Victoria, Queensland and New
South Wales, in the southeastern region have more than half of the population of Australia.
Loss estimation and risk assessment for housing in these non-cyclonic regions are evidently
essential and the key to assessing the cost-effectiveness of relevant wind mitigation
measures to reduce the economic losses. Losses and risks to housing during severe
windstorms often accrue to damage to the building envelope (Henderson & Ginger 2008;
Stewart et al. 2018). The breaches of roof cladding and windows/doors may subsequently
induce significant losses to building interior and contents due to rainwater intrusion (e.g.
Henderson & Ginger 2008; Leitch et al. 2009; Ginger et al. 2010). Rainfall often concurs
with extreme winds. Subsequent interior and contents losses due to rainwater intrusion
through the breaches of building envelope (roof and windows) can be evaluated based on
the wind damage (fragility) assessment described in Chapter 3, where a rainwater intrusion
model is proposed herein.
The semi-empirical wind-driven-rain (WDR) models (e.g. Straube & Burnett 2000;
Blocken & Carmeliet 2004; ISO 2009) have initially been developed for the assessment of
moisture, hygrothermal and durability of building facades. The development of the semiempirical relationships is based on experimental and/or field observations that the amount
of WDR depositing on buildings increases approximately proportionally with wind speed
and rainfall intensity (Blocken & Carmeliet 2004). Numerical modelling using
computational fluid dynamics (CFD) provides an alternative approach for more detailed
quantification of WDR (e.g. Choi 1994a; Blocken & Carmeliet 2002). Recently, these WDR
methods have been extended to evaluate the amount of rainwater intrusion through building
envelope breaches during hurricanes for timber-framed houses in the US (Dao 2010; Dao
& van de Lindt 2010; Pita et al. 2012; Baheru et al. 2015; Johnson et al. 2018; Pant & Cha
2019). Although the CFD approach provides a more detailed assessment of WDR, it
increases the complexity and cost in both modelling and computation (Blocken & Carmeliet
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2010). This may not be suitable for roofs of Australian contemporary houses with large
dimensions and complex geometries. The semi-empirical WDR model is thus employed in
this study for a convenient and fast evaluation of rainwater intrusion. In this study, the semiempirical WDR model is modified to suit metal-clad contemporary houses in Australia
subjected to non-cyclonic windstorms. Rainwater intrusion through damaged windows and
gaps around undamaged windows that are commonly reported in post-damage
investigations (Henderson & Ginger 2008; Ginger et al. 2010; Henderson et al. 2017) is also
considered in this study.
The loss estimation and risk assessment for houses in the US are based on existing wind
and rainfall models for hurricanes (e.g. Pita et al. 2012; Mudd et al. 2016; Johnson et al.
2018; Pant & Cha 2019). However, there is a lack of hazard models for rainfall associated
with non-cyclonic extreme winds. Thus, this study newly develops a probabilistic model to
characterize the duration and the average rainfall intensity for non-cyclonic windstorms
using regional wind and rainfall data of Brisbane and Melbourne. This model can be used
for the subsequent rainwater intrusion evaluation after wind damage. Loss estimation is
conducted based on cost data obtained from Australian housing cost guides (Rawlinsons
2015). The loss functions depend on the extent of damage to housing components and the
volume of rainwater intrusion yielded by the wind fragility analysis and the rainwater
intrusion model, respectively, and are developed according to the loss modelling in HAZUS
(2014) and Wang & Rosowsky (2017) as well as engineering judgement. By integrating the
hazard model for extreme wind and associated rainfall, wind damage and rainwater intrusion
assessment, and loss modelling, this chapter conducts a probabilistic risk assessment (PRA)
for the representative contemporary house in Brisbane and Melbourne. The construction
defect model presented in Chapter 4 are also incorporated to examine the effect of
construction defects on annual risks. This chapter presents the annual economic losses
evaluated from the PRA. The cumulative losses over the building service life and the climate
change impact are further described and discussed in Chapter 6. The obtained annual losses
can facilitate the risk mitigation and climate adaptation for housing in non-cyclonic regions
of Australia, which is demonstrated in Chapter 6 and 7.
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5.2 Hazard Modelling
5.2.1 Extreme wind speed
Non-cyclonic extreme winds (winds not associated with tropical cyclones) dominate in
South-East Queensland, and further south in Sydney and Melbourne. The peak non-cyclonic
gust wind speed, v (m/s), is modelled by the Gumbel distribution (Wang et al. 2013; Stewart
et al. 2018). The cumulative distribution function (CDF) for annual maximum non-cyclonic
gust wind speed is then given by
𝐹𝑉 (𝑣) = 𝑒

−𝑒

−

𝑣−𝑣𝑔
𝜎𝑔

(5.1)

where vg and σg are the location and scale parameter, respectively. The gust wind speed v is
the maximum 0.2 second gust velocity at 10 m height in Terrain Category 2 (open terrain
defined in AS/NZS 1170.2 2011). Figure 5.1 shows the relationship between gust wind
speed and return period. The location and scale parameters are given as vg=26.0326,
σg=4.0488 for Brisbane and vg=27.7777, σg=1.664 for Melbourne (Wang et al. 2013; Stewart
et al. 2018).
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Figure 5.1. Extreme gust wind speed corresponding to return periods.

5.2.2 Rainfall associated with extreme winds
An extreme wind event is often associated with rainfall. When assessing rainwater
intrusion and the consequent damage to building interior and contents, it is ideal to have the
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joint probability of wind speed and rainfall intensity (e.g. Mudd et al. 2016; Wang &
Rosowsky 2017) rather than treating these two weather variables independently. In addition,
the average rainfall intensity (Rh) during a windstorm is typically dependent on the duration,
e.g. intense burst of rainfall is more likely to occur in a short event.
The exponential distribution is connected to the Poisson arrival process, and commonly
used to model the storm duration (e.g. Eagleson 1972; Koutsoyiannis & Georgiou 1993;
Lambert & Kuczera 1998). A two-parameter exponential distribution is adopted in this study
to model the windstorm duration (Dur) with the CDF given by
(5.2)

𝐹(𝐷𝑢𝑟 ) = 1 − 𝑒 −𝜅(𝐷𝑢𝑟 −𝜇)
where 𝜅 and μ are the rate and location parameter, respectively.

A gamma distribution is used to model the average rainfall intensity during an extreme
windstorm. The probability density function (PDF) of the gamma distribution is given by
Rh

g a ( Rh ) =

 −1  ( Dur )

Rh e
[ ] ( Dur )

(5.3)

where Γ(∙) is the gamma function, γ is the shape parameter, and β(Dur) = a0 + a1(1/Dur) is
the scale parameter which is assumed to have a linear relationship with the reciprocal of Dur.
Note that Rh in Eq. (5.3) is greater than zero, and hence the gamma distribution is only used
when rainfall occurs simultaneously with strong winds. Accounting for the probability of
no rain (Pno) during a windstorm, the CDF of Rh (Rh ≥ 0) is given by
(5.4)

𝐹(𝑅ℎ ) = 𝑃𝑛𝑜 + (1 − 𝑃𝑛𝑜 )𝐺𝑎 (𝑅ℎ )

where Ga(Rh) is the CDF of the gamma distribution given by Eq. (5.3) to model the nonzero Rh, and Pno can be estimated from the meteorological data.
The model parameters of the exponential and gamma distribution are estimated using the
meteorological data from two weather stations, i.e. Archerfield airport in Brisbane and
Moorabbin airport in Melbourne. A twenty-year length of half hourly wind and rainfall data
from 1996 to 2015 for these two weather stations are obtained from the Australian Bureau
of Meteorology (BoM). A windstorm with the maximum gust wind speed greater than 36
knots (i.e. 18.5 m/s or 66.7 km/hr) is considered as an extreme wind as strong wind warnings
can be issued at this wind speed by BoM. A total of 86 and 364 severe windstorms from
1996 to 2015 are then extracted from the meteorological data for Archerfield and Moorabbin
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airports, respectively, and for each storm event, the duration and average rainfall intensity
(accumulative rainfall depth divided by storm duration) are obtained. The number of storm
events with no rain (i.e. Rh = 0) is also obtained to estimate Pno.
Figure 5.2 shows the exponential probability plots for Dur, which suggests that the twoparameter exponential distribution given by Eq. (5.2) fits well to the storm duration data. It
is estimated that Pno = 25.6% and 45.9% for Brisbane and Melbourne, respectively. The
model parameters in the gamma regression formulation given by Eq. (5.3) are estimated
using the generalized linear model in the R software package (R Core Team 2019). Figure
5.3 shows the mean and quantile values of Rh produced by the gamma model as a function
of Dur. The average rainfall intensity data is also plotted in the same figure, which indicates
that Brisbane tends to have shorter windstorms with more intense rainfall (e.g.
thunderstorms), whereas windstorms in Melbourne are generally longer with lower average
rainfall intensity. Figure 5.3 suggests a good predictability of the gamma model to capture
the average rainfall intensity during windstorms. Note that the estimated model parameters
for Dur and Rh can only be rigorously applied to the risk assessment for houses in the
surrounding or nearby suburbs of Archerfield airport and Moorabbin airport, however it can
be further extended to incorporate more weather stations in Brisbane and Melbourne, and
account for the spatial variations and patterns of rainfall across the entire urban areas. The
gamma distribution is a widely used parent distribution for the rainfall intensity during a
storm (e.g. Sivapalan & Blöschl 1998; Koutsoyiannis et al. 2003). Other probability
distributions, e.g. Weibull, lognormal, Generalized Pareto, have also been reported in the
literature to model rainfall intensity (e.g. Heneker et al. 2001; Koutsoyiannis et al. 2003;
Mudd et al. 2016), however, it is out of the scope of this study to examine which is the best
fit to the local meteorological data. The accuracy of estimation can be further improved by
incorporating more years of data, if available.
This section presents a new statistical approach to characterize extreme wind speed and
associated rainfall for non-cyclonic windstorms using regional meteorological data. This
approach is data-driven instead of building on physical mechanisms of the natural
phenomena. This is because the physical mechanisms of non-cyclonic windstorms are
generally less understood than hurricanes or tropical cyclones. The hurricane models used
to simulate the concurrence of wind and rainfall are typically based on the physical process
of hurricanes or tropical cyclones (e.g. Pita et al. 2012; Mudd et al. 2016), which do not
apply to non-cyclonic windstorms. For example, the duration of a hurricane may be
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characterized by a decay function depending on factors such as central pressure, transitional
speed, etc, and the rainfall intensity may be expressed as a function of the radius and
maximum wind speed of the hurricane and calculated using the R-CLIPER model (e.g.
Tuleya et al. 2007). However, such existing models generally do not exist or practically
available to model non-cyclonic windstorms in the context of this study.
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Figure 5.2. Exponential probability plots for storm duration Dur.
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Figure 5.3. Average rainfall intensity Rh from the observed data and gamma regression model.

5.3 Wind Damage
Post-damage surveys (e.g. Leitch et al. 2009; Parackal et al. 2015) reveal that the majority
of losses to contemporary houses result from wind damage to roof and fenestrations
(especially windows), and the subsequent rainwater intrusion. The damage to other housing
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components (e.g. walls) is rare for contemporary houses in non-cyclonic regions of
Australia. To this end, the economic losses in this study are considered to arise from direct
wind damage to the building envelope (roof and windows) and subsequent rainwater
intrusion through the building envelope. The reliability-based wind damage assessment for
metal roof cladding, timber roof trusses and windward windows are described in detail in
Chapter 3, which is incorporated in the PRA framework to assess wind and rainfall losses.
The incorporation of construction defects in the fragility assessment is described in Chapter
4, and thus the effect of construction defects can also be accounted for in the PRA
framework. The limit states for windward windows are related to the internal pressurisation
and rainwater intrusion. The limit states used for windward windows are given in Table 5.1.
The notations in Table 5.1 are described in Section 3.4.2.
Table 5.1. Limit states for the windward window.
Limit states

Internal pressurisation scenario

Water entry

Wwin ≥ Rult

Windward dominant opening

Via window breakage

Wwin ≥ Rwater ∩ Wwin < Rult

No dominant opening

Via small gaps around the window

Wwin < Rwater

No dominant opening

No entry via window

5.4 Rainwater Intrusion
Same as the roof fragility assessment described in Chapter 3, the quantification of
rainwater intrusion in this section is also conducted under two wall opening scenarios: (i)
presence of windward dominant openings (with window breakage) and (ii) absence of any
wall openings (without window breakage). In the PRA, the window damage model is
coupled to distinguish these two wall opening scenarios in a MCS analysis (see details in
Section 5.6). For the windward dominant opening scenario, the main source of rainwater
intrusion considered is water entering from roof and window breaches. Due to high wind
pressures acting on the windward wall during an extreme wind event, water entry through
undamaged windows has also been commonly reported in post-damage surveys (Henderson
& Ginger 2008; Ginger et al. 2010). This is likely because the high differential pressures
across windows exceed the water penetration resistances of windows. For the scenario
without any wall openings, rainwater is thus considered to enter through roof breaches and
gaps around undamaged windward windows. The rainwater intrusion via any gaps and
cracks on undamaged roof cladding is neglected because the metal roof is mostly subjected
to suction pressures, and is generally more watertight.
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Given the occurrence of strong wind, the rain is given a significant horizontal velocity
component by the wind and then falls obliquely. The vertical component of the oblique
rainfall passing through a horizontal plane is typically measured at the meteorological
stations, while the horizontal component passing through a vertical plane, defined as winddriving rain (WDR), is not measured and needs to be quantified by relevant WDR methods.
A semi-empirical WDR model (e.g. Straube & Burnett 2000; Blocken & Carmeliet 2004;
ISO 2009) is employed in this study to assess the amount of driving rain entering the
breaches and gaps in the building envelope. An empirical runoff model is also applied to
assess the water ingress due to rainwater runoff from upstream undamaged building
envelope.
5.4.1 Free-field WDR intensity
It is assumed that the wind flow is uniform, steady and horizontal, and the horizontal
velocity of the raindrops is equal to the wind speed. Then the free-field WDR intensity
(unobstructed by the building), RWDR (mm/hour), passing through an imaginary vertical
plane can be expressed as (Straube & Burnett 2000; Blocken & Carmeliet 2004)
(5.5)

𝑅𝑊𝐷𝑅 = 𝐷𝑅𝐹 ∙ 𝑅ℎ ∙ 𝑈

where U (m/s) is the mean wind speed, Rh (mm/hr) is the average rainfall intensity, DRF =
1/Vt is the driving rain factor, and Vt (m/s) is the terminal velocity of raindrops (i.e. vertical
falling speed of raindrops). The driving rain factor DRF is a function of the rainfall intensity
Rh, and is evaluated using the approach given by Choi (1994b). Table 5.2 shows the DRF
values corresponding to various rainfall intensities.
Table 5.2. DRF values corresponding to various rainfall intensities.
Rh (mm/hr)

10

20

30

40

50

60

80

100

DRF

0.209

0.186

0.175

0.168

0.163

0.159

0.153

0.149

The mean wind speed, U, can be linked to the maximum gust wind speed, v, by the
following equation
(5.6)

𝑈 = (𝐸 ∙ 𝐷 ∙ 𝑇) ∙ 𝑣/𝐺𝑢

where E, D, T are described in Section 3.4.1, and Gu is the velocity gust factor used to
approximately convert a peak gust wind speed to corresponding mean wind speed. The
factors E, D and T are assumed to follow a lognormal distribution with the mean-to-nominal
ratios and coefficient of variation (COV) values given in Table 3.1. The corresponding
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nominal values of these factors can be obtained from AS/NZS 1170.2 (2011) for different
site conditions. For an hourly mean wind speed, a gust duration of 0.2s and a turbulence
intensity of 0.20 (open terrain), a value of 1.77 is calculated for Gu (ESDU 2002). Table 5.3
shows the Gu values corresponding to different averaging periods estimated according to
ESDU (2002).
Table 5.3. Gust factors corresponding to different averaging periods (gust duration of 0.2s).
Averaging periods (hr)

0.5

1

2

3

6

9

12

18

24

Gust factor (Gu)

1.73

1.77

1.80

1.82

1.85

1.87

1.88

1.90

1.91

5.4.2 Driving rain intrusion
5.4.2.1 Roof breaches
The volumetric rate of oblique driving rain intrusion (litre/hr) via a roof opening is
(5.7)

𝑉𝑂𝐿𝑅 = 𝑅𝐴𝐹𝑅 ∙ 𝑅𝑊𝐷𝑅 ∙ 𝐴𝑆𝑉

where RAFR is the rain admittance factor (Straube & Burnett 2000) for roof which is the
ratio of the rainwater intrusion intensity to the free-field WDR intensity, RWDR is the freefield WDR intensity given by Eq. (5.5), ASV is the vertical projection area of a metal roof
sheet opening with ASV = AS sin (ω), where AS is the area of the damaged metal sheet and ω
is the roof slope (21.5˚ for the representative contemporary house). The RAFR mainly
depends on building geometries and aerodynamics to account for the building disturbance
to the free-field WDR.
The RAFR value is estimated based on limited experimental evidence (Baheru et al.
2014). The RAFR for roof openings on the windward side is assumed to follow a truncated
normal distribution with a mean of 0.30 and a standard deviation of 0.20 (truncated to an
interval of 0 to 1), whereas the RAFR value for roof openings on the leeward side is zero.
For roof openings parallel to the wind direction, the RAFR is assumed to follow a truncated
normal distribution with a mean of 0.05 and a standard deviation of 0.05 (truncated to an
interval of 0 to 1). For oblique wind angles, it can be approximately accounted for by
projecting onto directions normal and parallel to the building facades (Straube & Burnett
2000; Blocken & Carmeliet 2004). As the building geometries and wind conditions in
Baheru et al. (2014) do not exactly match those for the representative contemporary house
examined in this study, a relatively large standard deviation is selected for the truncated
normal distribution of RAFR values to implicitly account for the uncertainties involved. The
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statistical parameters for RAFR are summarized in Table 5.4. There is a clear need to modify
the estimation of RAFR values with more evidence from experiments and/or CFD studies to
better inform the semi-empirical model, and hence improve the accuracy of the rainwater
intrusion model.
5.4.2.2 Window breaches
Only the horizontal component of the oblique driving rain enters window breaches. The
volumetric rate of driving rain intrusion via a window opening is
(5.8)

𝑉𝑂𝐿𝑊 = 𝑅𝐴𝐹𝑊 ∙ 𝑅𝑊𝐷𝑅 ∙ 𝐴𝑊

where AW is the area of the window opening, and RAFW is the rain admittance factor for
window. The value of RAFW is only non-zero for window openings on the windward wall,
which is assumed to follow a truncated normal distribution with a mean of 0.50 and a
standard deviation of 0.20 (truncated to an interval of 0 to 1) as inferred from Straube &
Burnett (2000) and Baheru et al. (2014) as shown in Table 5.4. A cosine projection (Straube
& Burnett 2000; Blocken & Carmeliet 2004) can be used to approximately account for the
rain driven by oblique wind (i.e. wind angle is non-normal to the wall/window).
5.4.2.3 Gaps around windows
The volumetric rate of driving rain intrusion via gaps around the window is given by
(5.9)

𝑉𝑂𝐿𝐺 = 𝑓𝑣 ∙ 𝑅𝐴𝐹𝑊 ∙ 𝑅𝑊𝐷𝑅 ∙ 𝐴𝐺

where AG is the area of the gap (mm2), and fv is a velocity ratio that accounts for the speed
change of air as it passes through small gaps, cracks and openings on buildings (Baheru et
al. 2015). As shown in Table 5.4, the fv value is assumed to follow a normal distribution
with a mean of 2.50 and a standard deviation of 0.30 which is estimated based on the
environmental design guide CIBSE (2015) for air infiltration driven by wind through small
gaps in buildings. A gap width of 0.5 mm is assumed for windows in the representative
contemporary house.
5.4.3 Rainwater runoff
The rainwater runoff is another source of rainwater intrusion through breaches and gaps
in the building envelope. A portion of the oblique driving rain deposited on the upstream
undamaged building envelope can run into the damaged roof sheets and windows. The
volumetric rate of rainwater runoff into a roof or window opening (VOLRO) is simply
calculated by applying a reduction factor, fr, to the volumetric rate of driving rain impinging
96

on the upstream surface of undamaged building envelope. Figure 5.4 shows an example of
the upstream runoff surface of a roof opening. This reduction factor accounts for the loss of
rainwater amount due to splashing, evaporation, absorption and adhesion, which is assumed
to follow a truncated normal distribution with a mean of 0.25 and a standard deviation of
0.15 (truncated to an interval of 0 to 1) as shown in Table 5.4. This estimation is based on
the engineering judgement that the representative contemporary house only experiences a
small portion of runoff water. The basis of this engineering judgement are given herein. A
brick veneer wall has great capacity for water absorption to reduce rainwater runoff through
windows. Windows on Australian contemporary houses are typically positioned very close
to the eave with limited area of upstream surface for rainwater runoff. The corrugation of
metal roof sheets reduces rainwater runoff through roof openings. Sensitivity analyses for
the factors listed in Table 5.4 are conducted in Section 5.6.2.3 to examine their effects on
the probabilistic risk assessment.
Table 5.4. Random variables in the semi-empirical rainwater intrusion model.
Location applied

Mean

Windward roof

0.30

Standard
deviation
0.20

Sideward roof

0.05

0.05

Leeward roof

0.00

0.00

RAFW

Windward window

0.50

fv

Gaps around
windward window

fr

Upstream
undamaged surface

Parameters
RAFR

a

Distribution

Source

Truncated
normala

Inferred from
Baheru et al. (2014)

0.20

Truncated
normala

Inferred from
Straube & Burnett (2000)
Baheru et al. (2014)

2.50

0.30

Truncated
normala

Inferred from
CIBSE (2015)

0.25

0.15

Truncated
normala

Assumed based on
engineering judgement

Truncated to an interval of 0 to 1.

Upstream undamaged surface
runoff area for roof opening 2

Wind direction

1

2

Roof openings due to metal sheet loss

Direction of rainwater runoff

Figure 5.4. Upstream undamaged surface runoff area for a roof opening due to metal sheet loss.
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5.4.4 Volumetric rate of rainwater intrusion
A MCS analysis is employed to evaluate the total volumetric rate of rainwater intrusion
VOLT (litre/hr) through roof and window breaches, and gaps around the window (i.e. VOLR,
VOLW, VOLG, and VOLRO for all building envelope breaches and gaps). For the dominant
opening scenario, the total size of openings due to window breakage on a windward wall is
estimated to be 4m2. A sensitivity analysis is conducted in Section 5.6.2.3 for a different
opening size. The MCS used for wind fragility analysis is extended to assess the subsequent
rainwater intrusion by applying the semi-empirical model. The volumetric rates of rainwater
intrusion are dependent on the number and locations of failed roof sheets obtained from the
wind damage assessment, and also a function of gust wind speed and rainfall intensity.
Construction defects in metal roof cladding can cause more roof sheeting loss, which
may incur more rainwater intrusion through roof breaches. Figure 5.5 shows the mean VOLT
as a function of gust wind speed and rainfall intensity for the two wall opening scenarios
with/without construction defects. As expected, the mean VOLT increases with wind speed
and rainfall intensity. The nonlinearity of rainwater intrusion with increasing wind speed is
because there is more roof sheeting loss at a higher wind speed allowing for more rainwater
intrusion. The mean rainwater intrusion rate is up to 25% higher when construction defects
are considered in the roof damage assessment.

(a) Dominant openings

Gust wind speed (m/s)

Rainfall intensity (mm/hr)
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(b) No wall openings

Figure 5.5. Mean VOLT of rainwater intrusion with/without construction defects.

Figure 5.6 shows the mean volumetric rates of rainwater intrusion through roof and
window, respectively, under the two wall opening scenarios at the rainfall intensity of 10
mm/hr. As shown in Fig. 5.6, the rainwater intrusion via window is higher than that through
roof openings for relatively lower wind speeds. With an increasing wind speed, more roof
openings tend to occur due to increasing metal roof sheeting loss, which results in more
rainwater intrusion via roof breaches.
Rainfall intenstiy (10 mm/hr)

Mean rainwater intursion rate (litre/hr)

300

Rainwater intrusion via window breaches - dominant opening

250

Rainwater intrusion via gaps around window - no dominant opening
Rainwater intruison via roof breaches - dominant opening

200

Rainwater intrusion via roof breaches - no dominant opening

150
100
50
0

20

25

30

35

40

45

50

55

60

65

70

75

80

Gust wind speed (m/s)

Figure 5.6. Mean volumetric rate of rainwater intrusion via roof and window respectively under
the two wall opening scenarios at a rainfall intensity of 10 mm/hr.
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5.4.5 Volume of rainwater intrusion
The evolution of internal pressurisation and load redistribution due to the progressive
failure of the building envelope are explicitly accounted for in the wind damage assessment
(see Chapter 3 for more details), however, the temporal damage progression of the building
envelope is not explicitly considered. It is assumed that the roof damage and the exceedance
of limit states for windward windows given by Table 5.1 all happen at the occurrence time
of the maximum gust wind speed (TM) during a windstorm. The volume of rainwater
intrusion (VOL) through all breaches and gaps in the building envelope is then given by
(5.10)

𝑉𝑂𝐿 = 𝑉𝑂𝐿 𝑇 ∙ 𝑇𝑅

where TR = Dur – TM is the length of time after the wind damage to the building envelope,
and TM is assumed to follow a uniform distribution with a lower bound of zero and an upper
bound of Dur. Note that VOLT evaluated in Section 5.4.4 is based on the average rainfall
intensity Rh. This is another approximation that the temporal variation of rainfall intensity
during a windstorm is not explicitly taken into account, and hence the assessment of
rainwater intrusion volume in this study is not fully event-based.

5.5 Loss Modelling
5.5.1 Subassembly cost ratios
The loss estimation uses an assembly-based approach (e.g. Porter et al. 2001; HAZUS
2014; Hamid et al. 2010; Stewart et al. 2018). The entire house is divided into
components/subassemblies based on specific building details. Then the total loss is equal to
the sum of repair or replacement costs of every housing components. The loss estimation
takes into account housing components/subassemblies that are related to the failure of roof
cladding and trusses, windward windows, and those susceptible to rainwater damage. The
representative contemporary house described in Section 3.2 is then divided into
subassemblies as shown in Table 5.5. The subassemblies (e.g. site preparations, foundations,
wall structures, etc.) that are not explicitly included in the loss estimation are categorized
under ‘other’.
The losses are estimated in terms of cost ratios. Herein, the cost ratio of a subassembly
is defined as the ratio of the cost to complete the subassembly (i.e. newly build, upgrade,
repair or replace) to the building value. The estimated total cost to build a new contemporary
house with an approximate floor area of 150 m2 is Lbuilding = $300,000 Australian Dollars
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(HIA 2018 and RLB 2019). Based on cost data provided by Australian housing cost guides
(Rawlinsons 2015) and subjective judgement, the subassembly cost ratios are estimated for
a representative contemporary house built to an average standard as shown in Table 5.5.
Note that the cost ratios in Table 5.5 are estimated for new construction that includes
material and labour costs plus contractor’s overhead and profit. In the context of this study,
cost ratios for repair and/or replacement of damaged components/subassemblies are needed,
which can be obtained by adjusting the cost ratios in Table 5.5 using a factor of 1.25 to
account for the additional costs associated with removal, repair and remodelling of an
existing house (HAZUS 2014), and a factor of 1.05 to account for increased contractor’s
overhead and profit for repair and/or replacement work (Rawlinsons 2015). The adjusted
cost ratios are also given in Table 5.5.
Table 5.5. Subassembly cost ratios for the representative contemporary house.
Description

Cost
ratio

Adjusted
cost ratio

Roof
cladding

Mainly including corrugated metal roof sheets,
metal top-hat battens and insulation

4.1%

L1 = 5.4%

Roof
framing

Timber trusses, rafters, ceiling joists, fixings, etc.

15.9%

L2 = 20.9%

Single glazed, aluminum sliding or awning windows

0.8%

L3 = 1.0%

Wall

Mostly plasterboard, also include ceramic tiles and
painting

6.8%

Floor

Mixed use of timber, carpet and ceramic tiles

3.5%

Ceiling

Mostly plasterboard, also including painting

4.7%

Fittings
and
fixtures

Built-in wardrobes/cupboards, kitchen units,
bathroom suites, shelving, internal doors, etc.

10.0%

Air conditioning, heaters, ventilation, etc.

10.0%

Lighting, conduits, cables, etc.

4.0%

Site preparation, foundation, wall framing, other
fenestrations, plumbing, etc.

37.0%

Subassembly

Roof

Windows on
one wall

Internal
finishes,
fittings

Mechanical
Electrical
Other
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L4 = 51.2%
(building
interior)

n/a

5.5.2 Loss functions
5.5.2.1 Roof cladding loss
Australian insurance data suggests that the metal roof is likely to be entirely replaced if
the proportion of roof sheeting damage exceeds 20% (Smith & Henderson 2015), hence,
Pr(𝐿1 |𝐷𝑆 = 𝑅𝑐𝑙𝑎𝑑 ) = {

𝑅𝑐𝑙𝑎𝑑
1.0

𝑅𝑐𝑙𝑎𝑑 ≤ 20%
𝑅𝑐𝑙𝑎𝑑 > 20%

(5.11)

where Rclad is the proportion of metal roof cladding damage and L1 = 5.4% is the cost ratio
for full replacement of roof cladding.
5.5.2.2 Roof framing loss
The cost ratio for a full roof framing replacement is L2 = 20.9%. The roof framing for the
representative contemporary house with complex hip-roof geometries includes timber roof
trusses, jack and hip rafters, ridgeboard, valley rafters, struts and ties, ceiling joists, fixings
and connections, etc. In the wind fragility assessment, only the failures of critical roof
trusses are explicitly evaluated. It is assumed that the failure of a critical truss causes damage
to other framing elements directly and/or indirectly linked to this truss. In this study, a
threshold value of 20% is assumed for a full replacement of the roof framing based on
existing loss functions and damage states used in the literature (e.g. Li et al. 2011; van de
Lindt & Dao 2012). In other words, if the damage proportion of the critical roof trusses
exceeds this threshold value, a full replacement of the entire roof framing is then required,
leading to
𝑅
Pr(𝐿2 |𝐷𝑆 = 𝑅𝑡𝑟𝑢𝑠𝑠 ) = { 𝑡𝑟𝑢𝑠𝑠
1.0

𝑅𝑡𝑟𝑢𝑠𝑠 ≤ 20%
𝑅𝑡𝑟𝑢𝑠𝑠 > 20%

(5.12)

where Rtruss is the damage proportion of the critical roof trusses.
5.5.2.3 Windward windows
The ratio of windward window loss caused by high wind pressure is expressed as
0
Pr(𝐿3 |𝐷𝑆) = {
1.0

𝑊𝑤𝑖𝑛 < 𝑅𝑢𝑙𝑡
𝑊𝑤𝑖𝑛 ≥ 𝑅𝑢𝑙𝑡

(5.13)

where L3 = 1.0%.
5.5.2.4 Interior loss
The building interior considered in the loss estimation includes internal finishes and
fittings, mechanical and electrical systems. The cost ratio for a full replacement of interior
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is L4 = 51.2%. The interior loss is modelled as a function of rainwater intrusion, and it is
assumed that the interior losses increase linearly with an increasing amount of rainwater
intrusion until exceeding a threshold value to cause a complete loss (Pita et al. 2012;
HAZUS 2014). The proportion of interior loss due to rainwater damage is
ℎ𝐼

Pr(𝐿4 |𝐷𝑆 = ℎ𝐼 ) =

ℎ𝐼 ≤ ℎ𝑇

{ ℎ𝑇

1.0

(5.14)

ℎ𝐼 > ℎ𝑇

where hI (mm) is the accumulated water depth calculated as the total rainwater intrusion
volume VOL given by Eq. (5.10) divided by the floor area of the entire house, and hT (mm)
is a threshold value of water depth that leads to total interior loss. A threshold value of hT =
25 mm given by Pita et al. (2012) is used in this study. A sensitivity analysis for hT is
presented in Section 5.6.2.3 to examine its effect on annual expected losses.
5.5.2.5 Contents loss
The contents loss is also modelled as a function of rainwater intrusion. The contents loss
is directly related to rainwater entering from windows, and it is assumed that the contents
can only be damaged by rainwater entering from the roof if the ceiling leaks (e.g. due to
local damage of a ceiling). In this case, a weighting factor, w0 = 0.6, is assumed for the
proportion of water depth resulting from a damaged roof that causes contents loss. A
sensitivity analysis is conducted in Section 5.6.2.3 for this weighting factor. Using the same
threshold value of water depth, hT = 25 mm, the proportion of contents loss due to rainwater
damage is
𝑤0 ℎ𝑅 +ℎ𝑊

Pr(𝐿5 |𝐷𝑆 = 𝑤0 ℎ𝑅 + ℎ𝑊 ) = {

𝑤0 ℎ𝑅 + ℎ𝑊 ≤ ℎ𝑇

ℎ𝑇

1.0

𝑤0 ℎ𝑅 + ℎ𝑊 > ℎ𝑇

(5.15)

where hR and hW are the accumulated water depth due to rainwater intrusion via roof and
windows, respectively. Based on the statistics of the average value of a household's home
contents in Australia (ABS 2011), it is estimated that L5 = 25.0%.
5.5.2.6 Loss of use
The annual likelihood of loss of use arising from a damaged building is (HAZUS 2014)
Pr( L6 | DS ) =

N lou ( Pr( Lbuilding | DS ) Lbuilding )  Mod ( Pr( Lbuilding | DS ) Lbuilding )
365

(5.16)

where Nlou is the loss of use (days) taking into account delays in decision-making, financing,
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inspection, etc., and Mod is a loss of use multiplier to account for the fact that homeowners
can remain in their homes when damage is not severe (HAZUS 2014). Both Nlou and Mod
are modelled as a function of the expected total building loss, i.e. Pr(Lbuilding|DS)Lbuilding,
which is a summation of all the subassembly losses (excluding contents loss) considered in
this study (i.e. ∑4𝑖=1 Pr (𝐿𝑖 |𝐷𝑆) 𝐿𝑖 ). According to HAZUS (2014), Nlou = 0, 5, 120, 360 and
720 days and Mod = 0.0, 0.0, 0.5, 1.0 and 1.0, for total expected loss of 0%, 2%, 10%, 50%
and 100%, respectively. The annual loss of use (365 days) corresponds to a cost ratio of L6
= 16.3% based on an estimated additional living cost of $1,000 per week (e.g. rent, hotel
costs, relocation and increased transportation fees, furniture rental costs, etc.).

5.6 Economic Losses and Risks
5.6.1 Risk analysis method
The annual risk (expressed as annual expected loss) is given by
Eannual ( L) =    f ( Rh | v, Dur ) f (v ) f ( Dur )

1
nd

nd

nc


Pr(
|
,
,
)
DS
D
T
v
R
D

Nj N
h
ur  Pr( Li | DS ) Li dvdRh dDur

j =1 
i =1


(5.17)
where f (v) is the probability distribution of the annual maximum gust wind speed, f (Rh|v,
Dur) is the probability distribution of the average rainfall intensity of a severe windstorm
corresponding to a given duration Dur, f (Dur) is the probabilistic distribution of the
windstorm duration, nd = 8 is the number of cardinal wind directions considered in this study,
nc = 6 is the number of components/subassemblies considered in the loss estimation as
described in Section 5.5, DN is the nominal wind speed directionality factor for the eight
cardinal directions, and TN is the nominal value of the shielding factor, Pr (DS|v, Rh, Dur) is
the probability of damage state (e.g. extent of roof damage, amount of rainwater intrusion)
given the gust wind speed, rainfall intensity and storm duration, Pr (Li|DS) is the loss
likelihood for the ith component/subassembly as described in Section 5.5.2, and Li is the
maximum probable loss for the ith component/subassembly.
The probabilistic models for f (v), f (Dur) and f (Rh|v, Dur) are described in Section 5.2.
The DN and TN values are obtained from AS/NZS 1170.2 (2011) for suburban houses in
Brisbane and Melbourne with different site conditions and design wind classifications (see
Table 5.6). Note that Eq. (5.17) assumes that damage is caused by the largest wind event in
any calendar year, which will slightly underestimate damage risks in the event of a lesser
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damaging windstorm in the same year. An alternative way is the adoption of a Poisson
distribution to model the number of severe windstorms in a calendar year, and a Generalized
Pareto distribution for the maximum gust wind speed in each windstorm (i.e. method of
‘peaks over threshold’). This is subjected to further examination if more meteorological data
are accessible.
Table 5.6. Nominal values of T and D for suburban houses with different design wind
classifications.
Brisbane house
Melbourne house

Design wind classification
N2
N3
N1
N2

TN (shielding factor)
0.90
1.0
0.90
1.0

DN (directionality factor)
1.0
1.0
See Table 3.2 in
AS/NZS 1170.2 (2011)

The probabilistic risk assessment conducted using a MCS analysis consists of four major
components, i.e. (i) hazard modelling for wind and rainfall, (ii) reliability-based wind
damage assessment, (iii) evaluation of rainwater intrusion, and (iv) loss estimation. Figure
5.7 shows an outline to illustrate the risk analysis method to assess the annual economic
losses for the representative contemporary house subjected to non-cyclonic extreme winds
and associated rainfall.
Hazard model
Random samples of extreme gust wind speed, rainfall intensity
and storm duration.

Random samples of wind loading parameters

Random samples of structural capacities
(i.e. roof connection and window resistance)

Reliability-based wind damage assessment
Evaluate the damage states for metal roof cladding, timber roof trusses and windward
windows based on the gust wind speed produced by the hazard model.

Rainwater intrusion model
Assessment of rainwater intrusion volume based on the gust wind speed, rainfall intensity
and storm duration produced by the hazard model, and the damage states of the building
envelope yielded by the wind damage assessment.

Loss estimation
Calculate annual loss using the loss functions based on the damage states of the housing
components and the volume of rainwater intrusion.

Figure 5.7. Outline of the risk analysis method.
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5.6.2 Results
The risk analysis is conducted for the representative contemporary house built in suburbs
of Brisbane and Melbourne. The Brisbane house is considered to have design wind
classifications of N2 and N3, and the Melbourne house has design wind classifications of
N1 and N2. The CTB and BTR connections are considered to be identical for houses with
different design wind classifications, whereas the RTW connections and window strengths
are different. The higher the design wind classification, the stronger the RTW connections
and windows (i.e. with higher ultimate strength against wind pressure). However, this is not
the case for the water penetration resistance of windows (see Table 3.5).
5.6.2.1 Annual losses
Table 5.7 shows the total annual expected losses (normalized by the building value)
including the loss of use (i.e. L6) for the representative contemporary house in Brisbane and
Melbourne with different design wind classifications and with/without the consideration of
construction defects. The annual expected losses to each housing component/subassembly
(L1 to L5 described in Section 5.5.2) and the average days for loss of use in a calendar year
are also given in Table 5.7. As shown in this table, building interior and contents losses are
the major contributor to the annual risks (i.e. more than 90% of the total loss), which is
much larger than the direct losses to metal roof cladding, timber roof framing and windward
windows. This is because the annual expected damage proportions of roof and windows are
small. In addition, the costs to repair or replace roof and windows are much less than those
for building interior and contents. Although the economic losses directly caused by roof
sheeting loss and window breakage are not significant, a small portion of such building
envelope breaches may allow for rainwater intrusion and induce significant losses to
building interior and contents. The annual expected losses for the representative
contemporary house in Brisbane with construction defects are considerably higher (up to
24%) than that without considering construction defects, whereas the effect of construction
defects on the calculated annual risk is slight for the Melbourne house. This is expected
because the metal roof sheeting loss is negligible for the Melbourne house even with the
consideration of construction defects, and there is not much increase in subsequent rainwater
intrusion from roof breaches.
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Table 5.7. Annual expected losses for the representative contemporary house.
(a) No construction defects
Design wind
classification
Brisbane
house
Melbourne
house

N2
N3
N1
N2

Annual expected losses (%)
Roof
clad

Roof
framing

Windward
window

Building
interior

Contents

Total

Loss of
use
(days)

0.004
0.006
0.000
0.000

0.003
0.002
0.000
0.000

0.003
0.001
0.000
0.000

0.069
0.053
0.024
0.032

0.030
0.023
0.011
0.014

0.109
0.085
0.035
0.046

0.22
0.17
0.04
0.06

(b) With construction defects
Annual expected losses (%)
Design wind
classification
Brisbane
house
Melbourne
house

N2
N3
N1
N2

Roof
clad

Roof
framing

Windward
window

Building
interior

Contents

Total

Loss of
use
(days)

0.005
0.008
0.000
0.000

0.003
0.002
0.000
0.000

0.003
0.001
0.000
0.000

0.085
0.066
0.026
0.034

0.037
0.028
0.011
0.015

0.133
0.105
0.037
0.049

0.29
0.24
0.04
0.06

As indicated in Table 5.7, window breakage is rare, and hence the non-dominant opening
scenario is more likely to occur. Since the proportion of roof sheeting loss is small under
the non-dominant opening scenario as shown in Fig. 3.18(a), considerable rainwater enters
through gaps around windward windows when the water penetration resistance is exceeded
(see Fig. 5.6). For example, the Brisbane house with a wind classification of N2 suffers
more losses from rainwater intrusion than the house with a wind classification of N3, mainly
due to a lower water penetration resistance of the windward wall window (see Table 3.5).
Melbourne houses with a design wind classification of N2 are subjected to higher wind
pressure than those with a design wind classification of N1 but the water penetration
resistances of the windward window are comparable. This results in slightly higher building
interior and contents losses for Melbourne houses with a design wind classification of N2.
Table 5.7 also indicates that houses in Brisbane are generally subjected to higher losses than
houses in Melbourne because the extreme wind speed and rainfall intensity are higher in
Brisbane, though Brisbane houses have been designed to resist higher wind speed.
Table 5.8 shows the mean proportions of wind damage to metal roof cladding and timber
roof trusses, and the mean depth of rainwater intrusion at the 50-year and 500-year gust
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wind speed (i.e. V50 and V500). Table 5.8 suggests that the metal roof cladding and timber
roof trusses are subjected to negligible damage at the 50-year wind speed, which is expected.
At the wind speed V50 = 35 m/s for Melbourne and V50 = 43 m/s for Brisbane, houses are
more likely under the non-dominant opening scenario, and the proportions of roof sheeting
loss and roof truss failures are close to zero (see Fig. 3.18). The losses at V50 are mainly due
to the rainwater intrusion through gaps around windward windows. At the 500-year wind
speed, Brisbane houses with a design wind classification of N2 are subjected to more
damage to roof trusses than those with a design wind classification of N3, because the
former has weaker RTW connections (see Fig. 3.18b). Slight roof truss damage is predicted
for Melbourne houses at V500. The amount of rainwater intrusion increases at V500 due to
the increasing building envelope breaches and wind speed.
Table 5.8. Mean damage states under extreme wind speed with 50 and 500 year return periods.

Brisbane
house
Melbourne
house

V50

V500

Design wind
classification

Rclad (%)

Rtruss (%)

hI (mm)

Rclad (%)

Rtruss (%)

hI (mm)

N2
N3
N1
N2

0.00
0.00
0.00
0.00

0.00
0.00
0.00
0.00

0.10
0.08
0.02
0.03

0.73
1.22
0.00
0.00

1.01
0.56
0.00
0.00

0.22
0.16
0.04
0.05

The annual losses presented in Table 5.7 are expected losses. Statistical information other
than the mean (e.g. quantile values) is also of interest to better capture the severe
consequences from extreme wind events (i.e. right tail of the loss distribution). The random
samples of annual losses with/without the consideration of construction defects are obtained
from the PRA using MCS. Table 5.9 shows the 90th percentile of annual losses (normalized
by building value) with/without the consideration of construction defects. It is suggested
that the 90th percentile of annual losses are much larger than the annual expected losses
given in Table 5.7, which implies a high dispersion in wind damage risks yielded by the
PRA. The 90th percentile of annual losses for the representative contemporary house in
Brisbane with construction defects are up to 50% higher than that without considering
construction defects. Although construction defects have negligible effect on the annual
expected losses for Melbourne houses, the 90th percentile of annual losses with construction
defects are up to 35% higher than that without considering construction defects. The results
in Table 5.9 indicate a much higher influence of construction defects on severe storm losses
(i.e. damage events with low probability but high consequences).
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Table 5.9. 90th percentile of annual loss for the representative contemporary house.
Design wind
classification
Brisbane house
Melbourne house

90th percentile of annual loss (%)
Construction defects

Without construction defects

0.389
0.288
0.110
0.154

0.259
0.204
0.082
0.116

N2
N3
N1
N2

5.6.2.2 Implications for insurance premium
According to Goda & Hong (2008b), the annual insurance premium (INP) charged by an
insurer for a building is
(5.18)

𝐼𝑁𝑃 = (1 + 𝜂) ∙ 𝐸[𝐼(𝑀𝐿)]

where E[I(ML)] is the annual expected value of indemnity I(ML), and η is the insurance
loading factor. As inferred from Walker et al. (2016), η is typically greater than 0.3 to
account for administration costs and profits, and could be considerably large for high
exposure areas. The indemnity I(ML) is expressed as a function of the monetary loss ML
(Goda & Hong 2008b), given by
0
𝐶𝑂
∙ (𝑀𝐿 − 𝐸𝑋)
𝐼(𝑀𝐿) = {
𝐶𝑂 ∙ (𝐼𝑁𝑉 − 𝐸𝑋)

𝑀𝐿 ≤ 𝐸𝑋
𝐸𝑋 < 𝑀𝐿 < 𝐼𝑁𝑉
𝑀𝐿 ≥ 𝐼𝑁𝑉

(5.19)

where CO is the co-insurance factor that typically equals to 1.0 for home insurance in
Australia, EX is the excess fee or deductibles, and INV is the sum insured value of the house.
If EX equals to zero and INV is infinity, E[I(ML)] is the annual expected loss given by Table
5.7.
For a typical building and contents insurance policy for the representative contemporary
house with an EX of $600, the annual insurance premium INP ranges from $1,000 to $1,500
for houses in Brisbane and $600 to $1,000 for houses in Melbourne, which includes risks
from windstorms, theft, impact, earthquake, fire, accidental damage, etc. The flood coverage
is usually optional and not initially included in INP. It is further assumed that INV is 30%
higher than the total building and contents value (i.e. $375,000 as described in Section 5.5).
By substituting the random samples of ML (i.e. annual monetary loss) yielded by the PRA
using MCS analysis into Eq. (5.19), E[I(ML)] is estimated to be $260 and $210 for the
Brisbane house with a design wind classification of N2 and N3, respectively. For the
Melbourne house with a design wind classification of N1 and N2, E[I(ML)] is estimated to
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be $75 and $100, respectively. These estimates seem to be reasonable insurance premiums
for wind and rainfall damage compared to the typical INP values for Brisbane and
Melbourne houses including all perils.
5.6.2.3 Sensitivity analysis
The parameters of the semi-empirical rainwater intrusion model given by Table 5.4 are
subjected to considerable uncertainties due to limited experimental and field monitoring
evidence. A sensitivity analysis is conducted by varying the mean values of the parameters
in Table 5.4 by ±50% and adjusting the corresponding standard deviations accordingly to
keep the COV values unchanged. Table 5.10 shows the respective effects of RAFR, RAFW,
fv and fr on the annual expected losses. The variations of the mean RAFR and fv have limited
effects on the estimated annual expected losses, whereas the risk analysis is relatively
sensitive to changes in RAFW. Varying the mean fr considerably changes the estimated
annual expected losses by up to 10%, and hence more detailed evaluation of rainwater runoff
by either experiments or numerical methods (e.g. Blocken & Carmeliet 2012; Blocken &
Carmeliet 2015) for the building material of the representative contemporary house are
needed to better estimate this reduction factor in the future work.
The threshold of water depth hT leading to a total loss of building interior and contents,
and the weighting factor w0 in Eq. (5.14) and (5.15) are varied by ±50%. The corresponding
changes in the calculated annual expected losses are also shown in Table 5.10. While the
effect of w0 is negligible, the estimated annual expected losses are very sensitive to a −50%
decrease in hT. This threshold value may depend on the materials of building interior and
contents as well as many local factors in pricing and claim evaluation. Hence, a revision of
hT is needed if relevant insurance data in Australia becomes available and accessible.
A sensitivity analysis suggests that the annual expected losses increase by up to 70% if
the windward window area (AW) is doubled to 8m2 as also shown in Table 5.10. Therefore,
a contemporary house with a higher window-to-floor ratio (i.e. window area divided by the
floor area, typically less than 25% for Australian housing) is more susceptible to wind and
rain losses. However, the determination of window-to-floor ratio depends on many other
factors such as natural lighting, ventilation, energy efficiency and architectural appearance,
etc. The mean window resistances (i.e. Rult and Rwater) given by Table 3.5 are varied by
±20%. Table 5.10 shows the sensitivity of the risk analysis to the changes in window
resistances. The annual expected losses for Melbourne houses are relatively less sensitive
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to a 20% change in window resistances and it implies that strengthening windows for
housing in Brisbane offers more reduction in economic losses due to extreme wind and
associated rainfall.
Table 5.10. Sensitivity of annual expected losses to various uncertain parameters.
Parameters

Approximate changes in annual expected losses

Variations for sensitivity analysis

RAFR
RAFW
fv

±50% of the mean values given in
Table 5.4 and COV values
unchanged

fr
hT

Melbourne house

±5%

±5%

±30%

±30%

±1%

±1%

±10%

±40%

−30% and +60%

±50% of the values given in
Section 5.5.2

w0

Brisbane house

−30% and +70%

±1%

±1%

AW

Doubled to 8m2

+70%

+70%

Rult and Rwater

±20% of the mean window
resistances given in Table 3.5

−20% and +25%

−10% and +15%

5.7 Conclusions
In this chapter, a probabilistic risk assessment framework was developed to evaluate the
wind and rain losses for contemporary houses subjected to non-cyclonic windstorms. The
components included are (i) a hazard model accounting for the simultaneous occurrence of
extreme wind and associated rainfall, (ii) a reliability-based wind damage assessment for
roof and windows, (iii) a semi-empirical model for rainwater intrusion, and (iv) a loss
estimation model. The risk analysis results suggest that the annual expected losses are
mainly attributed to the rainwater damage to building interior and contents. Although houses
in Brisbane have a stronger design, they are generally subjected to higher losses than
Melbourne houses because the extreme wind speed and rainfall intensity are higher in
Brisbane. The annual expected losses for the representative contemporary house in Brisbane
with construction defects are considerably higher than that without considering construction
defects, whereas the effect of construction defects on the calculated expected losses is slight
for the Melbourne house. It was also found a much higher influence of construction defects
on severe storm losses (i.e. damage events with low probability but high consequences).
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CHAPTER 6. COST-BENEFIT ANALYSIS OF RISK
MITIGATION AND CLIMATE ADAPTATION MEASURES
6.1 Introduction
Climate change impact on the intensity of windstorm and associated rainfall impose more
uncertainty on housing damage risks. Risk mitigation and climate adaptation measures are
of significant importance for the improvement of building resilience to windstorms, and the
reduction of economic losses associated with wind and rainfall damage under a changing
climate. However, the adoption of a specific mitigation/adaptation measure is still in
question if its cost-effectiveness is unclear, and therefore there is a need to quantify the costs
and benefits associated with mitigation/adaptation measures to assess their economic
viability.
Many cost-benefit studies have been reported in the literature for houses subjected to
tropical cyclones or hurricanes in the United States (e.g. Li & Ellingwood 2009; Torkian et
al. 2014; Unnikrishnan & Barbato 2016; Orooji & Friedland 2017) and Australia (e.g.
Stewart 2003; Stewart et al. 2014). New South Wales, Victoria and southeast Queensland
have most of Australia’s population, and are classified as non-cyclonic regions in AS/NZS
1170.2 (2011). Only about 5% of Australia’s population live in cyclonic regions. Residential
construction in non-cyclonic regions of Australia comprises of a large portion of metal-clad
contemporary houses, which generally have less wind resistance than houses in cyclonic
regions of Australia, and differ from North American houses in materials, construction
techniques and building design. Quantitative studies regarding wind risk mitigation and
climate adaptation for Australian contemporary houses subjected to non-cyclonic
windstorms are scarce in the literature. The development of feasible mitigation/adaptation
measures and the quantification of their cost-effectiveness are still needed to improve the
resilience of residential communities in Australia against wind hazards.
Wind risk mitigation and climate adaptation include measures to either enhance the
design during initial construction or retrofit (i.e. upgrade or strengthen) an existing house.
Chapter 5 presents a probabilistic risk assessment for Australian contemporary houses
subjected to wind and rainfall damage, and found that most losses result from damage to
building interior and contents caused by rainwater intrusion through breaches (e.g. openings
due to metal roof sheeting loss and window breakage) and gaps in the building envelope. A
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set of mitigation/adaptation measures are thus proposed in this study to reinforce the
building envelope against wind and improve the water resistance of building interior: (i)
strengthening connections for metal roof cladding, (ii) installing shutters for windows, (iii)
improving window resistance, and (iv) using water-resistant materials for the building
interior.
Most studies regarding the cost-benefit analysis of wind mitigation or climate adaptation
measures for housing in Australia are based on empirical vulnerability models to quantify
the wind and rainfall damage (e.g. Li & Stewart 2011; Stewart et al. 2014; Stewart 2015;
Smith & Henderson 2015). For example, Stewart (2015) employed expert-elicited wind
vulnerability curves to assess the housing losses with enhanced building design. Smith &
Henderson (2015) used insurance data to estimate the cost and benefit of various retrofit
and mitigation solutions for houses in cyclonic regions of Australia. However, these
empirical vulnerability models have very limited ability to assess the performance of
detailed mitigation or adaptation measures applied to specific housing components for wind
risk reduction (Walker 2011). To overcome this limitation, the cost-benefit analysis in this
study is conducted based on the probabilistic risk assessment method described in Chapter
5, which systematically integrates engineering judgement, data-driven and engineeringbased models for the quantification of extreme wind and associated rainfall, wind damage
to housing, rainwater intrusion and economic losses. Such cost-benefit analysis provides a
better risk-based performance assessment and decision support for the proposed
mitigation/adaptation measures.
Construction defects may also affect the cost-effectiveness of mitigation/adaptation
measures. For example, a mitigation/adaptation measure may provide little reduction in
economic losses for houses with a good construction quality, but it might be worthwhile for
houses that have defective components. The influence of construction defects on the
evaluation of cost effectiveness for risk mitigation and climate adaptation measures has not
yet been taken into account in existing cost-benefit studies. The construction defect model
described in Chapter 4 is thus incorporated into the cost-benefit analysis to examine the
effect of construction defects.
The cost-effectiveness of a mitigation/adaptation measure is evaluated in terms of net
present value (NPV) that is equal to the benefit minus the cost. A mitigation/adaptation
measure is considered to be economically viable if NPV > 0, which is analogous to the
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benefit-to-cost ratio (BCR) or life-cycle cost analysis used in many other studies (e.g. Li &
Stewart 2011; Torkian et al. 2014; Orooji & Friedland 2017; Bastidas-Arteaga & Stewart
2019). A break-even economic assessment (e.g. Stewart 2015) is also adopted in this chapter
to assess the conditions under which a mitigation/adaptation measure is cost-effective. The
break-even analysis is conducted when considerable uncertainties are involved in the
assessment of risk reduction and mitigation/adaptation cost due to either the model
limitations and/or a lack of data. As the climate projections for many regions of Australia
are under great uncertainty, a scenario-based approach is used in this study to examine the
climate change impacts on the cost-benefit analysis.

6.2 Climate Change Projections
Climate change influences extreme wind speed and associated rainfall intensity and thus
affect the risk assessment, mitigation and climate adaptation for housing. The latest
projections (Dowdy et al. 2015; Grose et al. 2015) for changes in extreme wind speed in
Brisbane and Melbourne are summarised in Table 6.1 for medium and high CO2 emission
scenarios RCP 4.5 and RCP 8.5, respectively, to 2090. Note that climate projects are relative
to 1995 levels (1986-2005 average). Extreme wind projections for Melbourne are only
available for RCP 8.5 (changes are not available for RCP 4.5). A drying trend with declining
annual average rainfall is predicted Brisbane and Melbourne, while extreme rainfall is
projected to become more intense due to increasing water-holding capacity of the
atmosphere under a warmer climate (Dowdy et al. 2015; Grose et al. 2015). However, the
quantitative projections for rainfall concurred with strong winds in a future climate are not
available because the climate change impacts considering compound events (e.g.
simultaneous occurrence of extreme wind and rainfall) in Australia remains unclear
(Zscheischler et al. 2018). A high level of uncertainty is also involved in the projected
magnitudes of change in wind speed due to the limitation of general circulation models
(Stewart & Bastidas-Arteaga 2019). To this end, a scenario-based analysis is conducted in
this study to examine the climate change impacts on the cost-benefit analysis. While there
may be scenarios with no change in climate, and even a reduced climate hazard, risk
mitigation and climate adaptation measures may still be recommended as there is no surety
that current codes of practice are optimised for the current climate.
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Table 6.1. Climate projections for extreme wind speed (percentage change relative to 1995 levels)
to 2090 under two CO2 emission scenarios.
RCP4.5

RCP8.5

10th

Median

90th

10th

Median

90th

Brisbane

-8.0%

-1.5%

+1.0%

-5.0%

-2.0%

+2.0%

Melbourne

n/a

n/a

n/a

-4.0%

-1.0%

+5.0%

6.3 Cost-benefit analysis
The cost-effectiveness of a mitigation/adaptation measure is evaluated based on the
NPV, which is calculated as
(6.1)

NPV = 𝐸(𝐿)∆𝑅 + ∆𝐵 − 𝐶𝑀

where ∆R is the reduction in risk due to the mitigation/adaptation measure, E(L) is the risk
for the house without any mitigation/adaptation measures (i.e. ‘business as usual’), ΔB is
the co-benefit of mitigation/adaptation such as reduced losses to other hazards, increased
energy efficiency, etc., and CM is the cost for risk mitigation and climate adaptation. For a
mitigation/adaptation measure, ∆R can vary from 0 to 100%. If the mitigation/adaptation
measure is applied at the initial design/construction stage, CM is the extra money spent on a
stronger design/construction. For retrofitting, CM is the cost to remove the old housing
component, if applicable, plus the cost to upgrade the component. All the
mitigation/adaptation measures (see Section 6.4) considered in this study only require a oneoff expense. The present study focuses on the wind risk mitigation, and therefore explicit
quantification of ΔB is not included. The NPV calculated in this study is a dependent
variable mainly due to the variability of ∆R. The confidence bounds of NPV or the
probability of NPV > 0 may also be calculated. However, the cost-benefit analysis in this
chapter is based on a maximum expected net benefit/return criterion, only the mean NPV is
of interest. Note that Eq. (6.1) can be generalised for any time period, discounting of future
costs and detailed time-dependent cost and damage consequences.
In addition to the NPV, a break-even analysis is also employed in this chapter as a
decision tool when significant uncertainties are involved in the estimation of ∆R and CM due
to the limitation of relevant models and/or a lack of information. The break-even analysis
can be viewed as a type of retrospective analysis, the output of which is the condition that
enables the mean of NPV to be zero. A mitigation/adaptation measure is not cost-effective
if the risk reduction provided by the measure is lower than, or the mitigation/adaptation cost
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is higher than the predicted break-even value. Decision-makers can then judge whether a
mitigation/adaptation measure meets these break-even values.

6.4 Mitigation and Adaptation Measures
The mitigation/adaptation measures proposed in this study for the representative
contemporary house mainly aim to reduce the rainwater damage to building interior and
contents. The estimated total cost to build a new contemporary house with an approximate
floor area of 150 m2 is Lbuilding = $300,000 Australian Dollars as described in Section 5.5.
The fragility and risk analysis show that wind damage to roof cladding is highly likely to
occur for the representative contemporary house in Brisbane. The failure of metal roof
sheets can further incur rainwater intrusion through the roof breaches, though the direct loss
from roof cladding damage is limited due to a small cost ratio as shown in Table 5.5.
Window breakage by high wind pressure creates windward dominant openings, which
allows for more rainwater intrusion and roof damage due to significantly increased internal
pressure. Rainwater intrusion via small gaps around undamaged windows may also occur
when the water penetration resistance of window is exceeded. Strengthening roof cladding
and windows not only decreases the direct losses from wind damage to the building
envelope, but also reduce the amount of rainwater intrusion. In addition to reinforcing the
building envelope, the use of water-resistant materials for building interior can also reduce
the rainwater damage.
To this end, four mitigation/adaptation measures are proposed herein: (i) increase of
uplift capacities for cladding-to-batten (CTB) connections (RF), (ii) protection of windows
by shutters (WS), (iii) improvement of window resistances (WR), and (iv) use of waterresistant materials for ceiling and internal wall finishes (IW).
The fragility analysis in Chapter 3 reveals that the damage proportions of BTR and RTW
connections are considerably less than the failures of CTB connections, and hence RF is to
strengthen CTB connections by (i) increasing the base metal thickness (BMT) of metal roof
cladding from 0.42 mm to 0.48 mm, and (ii) upgrading the screw fastener for CTB
connections from M6-11 (diameter of 6.0 mm and 11 threads per inch) to 14-12 (diameter
of 6.3 mm and 12 threads per inch). This improves the mean pull-over and pull-out
capacities of CTB connections by 25% and 7%, respectively.
In WS, cyclone-rated steel roller shutters tested for wind pressure up to 2,500 Pa are
used. The shutter strength against wind pressure is assumed to follow a normal distribution
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with a mean of 3,000 Pa and a COV of 0.20, which implies that 20% of the shutters cannot
satisfy the test pressure to account for the variance of quality in manufacture and installation.
A triangular distribution with a lower bound of 50% and an upper bound of 100% as shown
in Fig. 6.1 is assumed for the reduction of wind pressure and wind-driven rain on windows
due to the installation of shutters, if not damaged. HAZUS (2014) assumes the reduction is
50% which is considered as a lower bound for a cyclone-rated roller shutter.
Window resistances may be increased by using a higher window rating (i.e. N1 to N2,
N2 to N3 and N3 to N4). Note that improving window ratings does not necessarily increase
the water penetration resistances of windows as shown in Table 3.5. By adding some
additives in manufacture, the water absorption rate of plasterboard can be reduced. Gypsum
plasterboard with specified water-resistant grade given by AS/NZS 2588 (2018) may be
used as the internal linings for ceiling and wall. Water-resistant gypsum plasterboard is
required to have an average water absorption of less than 5% of self-weight after two-hour
immersion under a minimum of 25mm of water (AS/NZS 2588 2018), and a triangular
probability distribution given by Fig. 6.2 is assumed to model the reduction of rainwater
damage to internal linings. The internal linings (i.e. ceiling and wall finishes) consist of 30%
of the building interior value as shown in Table 5.5.
The proposed mitigation/adaptation measures are summarized in Table 6.2. The
mitigation/adaptation cost (normalized by building value) and the improved performance
due to the mitigation/adaptation measure (i.e. benefit in Table 6.2) are also shown in Table
6.2. The mitigation/adaptation measures applied at the initial design and construction are
RF, WR and IW, whereas window shutters (WS) can be installed at any time during the
service life to retrofit an existing house. The cost is the additional money spent on the
mitigation/adaptation measure, which is considered as a one-off expense. The
mitigation/adaptation costs presented in Table 6.2 are estimated from an Australian housing
construction cost guide (Rawlinsons 2015). The effect of variations in such costs on the
cost-benefit analysis is examined through a break-even analysis presented in Section 6.5.2.
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Table 6.2. Mitigation/adaptation measures for contemporary housing.
Housing
component

Roof
cladding

Mitigation/adaptation
measure

Description

RF. Strengthen CTB
connections

Increase BMT of
metal roof sheets
from 0.42mm to
0.48mm, and
upgrade the screw
fastener from M6-11
to 14-12.

WS. Install shutters

Cyclone-rated steel
roller shutters tested
for wind pressure up
to 2,500 Pa.

WR. Higher window
rating

Increase the window
rating to a higher
level (e.g. N2 to
N3).

IW. Water resistant
materials

Use water-resistant
plasterboard for
ceiling and internal
wall finishes.

Cost

Benefit

0.7%

Improve the uplift capacities
of CTB connections with the
mean pull-over and pull-out
capacity increased by 25%
and 7% respectively.

2.0%

Reduce wind pressure and the
amount of wind-driven rain
acting on windows as shown
in Fig. 6.1, and hence
decrease the probability of
windward dominant
openings.

0.4%

Increase the ultimate strength
and water penetration
resistance of windows
according to Table 3.5.

1.0%

Improve water resistance of
building interior and reduce
rainwater damage as shown
in Fig. 6.2.

Window

Building
interior

Probability density

0.04

50%

100%

Reduction of windward wind pressure and driving rain

Figure 6.1. Reduction of wind pressure and wind-driven rain on windward windows due to
cyclone shutters.
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Probability density

0.067

70%

100%

Reduction of rainwater damage

Figure 6.2. Reduction of water damage to internal linings by using water-resistant plasterboard.

6.5 Results
6.5.1 Cumulative risks
The cumulative expected loss (or risks) over the 50-year service life of the representative
contemporary house from 2020 to 2070 is given by
E ( L) =

2070



t = 2020

(6.2)

Eannual (t ) / (1 + r ) ( t − 2020)

where Eannual(t) is the annual expected loss in year t, and r is the discount rate. As derived
from Eq. (5.17), Eannual(t) considering the climate change impact is given by
Eannual (t ) =    f ( Rh , t | v, Dur ) f (v, t ) f ( Dur )
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(6.3)
where f (v, t) is the probability distribution of the annual maximum gust wind speed in year
t, f(Rh, t|v, Dur) is the probability distribution of the average rainfall intensity of a severe
windstorm corresponding to a given duration Dur in year t. The other notations in Eq. (6.3)
are described in Section 5.6.1. In this study, the cumulative economic risks are presented in
2020 Australian dollars and a discount rate of r = 4% is used (Stewart et al. 2018). A
sensitivity analysis is conducted in Section 6.5.4 using different discount rates.
Figure 6.3 shows the cumulative expected losses to 2070 considering construction
defects. A constant climate is assumed in this section (i.e. no climate change impacts on
wind and rainfall), and the climate change impacts are examined in Section 6.5.3. The
cumulative expected losses to 2070 and risk reductions (shown in bracket) provided by the
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mitigation/adaptation measures are shown in Table 6.3. In this section, it is assumed that the
mitigation/adaptation measure WS is applied at the new construction (i.e. Year 2020) to
maximise its benefits (i.e. risk reduction). Figure 6.3 and Table 6.3 suggest that installing
window shutters (WS) is the most effective mitigation/adaptation measure that provides over
96% risk reduction. Strengthening roof connections (RF) provides up to 8% risk reduction
for Brisbane houses but it is not effective for Melbourne houses, which is expected as roof
failure is rare and most losses for houses in Melbourne are attributed to rainwater intrusion
through windward windows. Improving window ratings (WR) offers more risk reduction
when both the ultimate strength and water penetration resistance of windows are increased
(i.e. N2 to N3), whereas less risk reduction is achieved if only the ultimate strength is
increased (i.e. N1 to N2, N3 to N4). Using water-resistant materials for internal linings (IW)
is generally effective, and provides about 20% risk reduction. As expected, considerably
higher cumulative risks are predicted for houses in Brisbane with construction defects
compared to those without construction defects, whereas the effect of construction defects
on cumulative expected losses for Melbourne houses is slight.
Table 6.3. Cumulative expected losses to 2070 with no climate change.
(a) No construction defects
Cumulative expected losses E(L) and risk reduction ∆R (in brackets)
Design wind
classification

Brisbane
Melbourne

No
mitigation/
adaptation

RF

WS

WR

IW

N2

$7,364

$6,807 (8%) $292 (96%) $3,260 (56%) $5,870 (20%)

N3

$5,738

$5,387 (6%) $191 (97%) $4,997 (13%) $4,905 (15%)

N1

$2,381

$2,270 (5%)

$8 (99%)

N2

$3,069

$2,926 (5%)

$10 (99%) $1,344 (56%) $2,567 (16%)

$2,153 (10%) $2,009 (16%)

(b) With construction defects
Cumulative expected losses E(L) and risk reduction ∆R (in brackets)
Design wind
classification

Brisbane
Melbourne

No
mitigation/
adaptation

RF

WS

WR

IW

N2

$8,995

$8,512 (5%) $337 (96%) $3,875 (57%) $7,456 (17%)

N3

$7,106

$6,707 (6%) $267 (96%) $6,335 (11%) $5,904 (17%)

N1

$2,475

$2,409 (3%)

$8 (99%)

N2

$3,251

$3,162 (3%)

$12 (99%) $1,481 (55%) $2,648 (18%)
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$2,331 (10%) $2,062 (17%)

Expected cumulative losses (Australian Dollar)

$12,000

(a) Brisbane house (N2)
No mitigation/adaptation
RF
WS
WR
IW

$10,000

$8,000

$6,000

$4,000

$2,000

$0
2020

Expected cumulative losses (Australian Dollar)

$10,000

2030

2035

2040

2045

2050

2055

2060

2065

2070

2045

2050

2055

2060

2065

2070

2045

2050

2055

2060

2065

2070

Year

(b) Brisbane house (N3)

$9,000

No mitigation/adaptation
RF
WS
WR
IW

$8,000

$7,000
$6,000
$5,000

$4,000
$3,000
$2,000

$1,000
$0
2020

$4,000

Expected cumulative losses (Australian Dollar)

2025

2025

2030

2035

2040

Year

(c) Melbourne house (N1)

$3,500
$3,000
$2,500

No mitigation/adaptation
RF
WS
WR
IW

$2,000
$1,500
$1,000
$500
$0
2020

2025

2030

2035

2040

Year
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Expected cumulative losses (Australian Dollar)

$5,000
$4,500

(d) Melbourne house (N2)

$4,000
$3,500
$3,000

No mitigaiton/adaptation
RF
WS
WR
IW

$2,500
$2,000
$1,500
$1,000
$500
$0
2020

2025

2030

2035

2040

2045

Year

2050

2055

2060

2065

2070

Figure 6.3. Cumulative expected losses for houses with construction defects and no climate
change.

6.5.2. Evaluation of cost-effectiveness
The cost-benefit analysis is conducted using the annual and cumulative expected losses
evaluated from the PRA described in Chapter 5. The procedures for the cost-benefit analysis
are summarized as:
(i) Calculate the annual expected loss in year t for the considered house without
mitigation/adaptation using the PRA method, and then calculate the cumulative
expected loss for the 50-year building service life using Eq. (6.2);
(ii) Calculate the annual expected loss in year t for the considered house with a given
mitigation/adaptation measure using the PRA method, and then calculate the cumulative
expected loss for the 50-year building service life using Eq. (6.2);
(iii) Calculate the reduced cumulative expected loss due to the mitigation/adaptation
measure, i.e. E(L)ΔR, in Eq. (6.1);
(iv) Implement (ii) and (iii) for all considered mitigation/adaptation measures, and then
calculate the mean NPVs corresponding to these measures using Eq. (6.1);
(v) Decision-making

based

on

the

mean

NPVs

corresponding

to

different

mitigation/adaptation measures. Mitigation/adaptation measures with the mean NPV
greater than zero are deemed as cost-effective, and those with a higher mean NPV is
more preferred by assuming a risk neutral decision-maker whose primary goal is
economic efficiency.
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Table 6.4 shows the mean NPVs to 2070 for the representative contemporary house
with/without construction defects and no climate change is assumed. Table 6.4 suggests that,
in most cases, the mean NPVs of mitigation/adaptation measures with the consideration of
construction defects are higher than those without considering construction defects. This is
expected because construction defects result in higher cumulative risks and a specific
mitigation/adaptation measure can generally offer more reduction in monetary losses (i.e.
E(L)∙∆R) at a given cost. For the Brisbane house with a design wind classification of N2, the
mitigation/adaptation measures yielding a positive mean NPV are WS and WR. No
mitigation/adaptation measure is cost-effective for the Brisbane house with a design wind
classification of N3 without considering construction defects, however, WS turns to a
positive mean NPV when construction defects are taken into account. This illustrates the
effect of construction defects on the cost-benefit analysis. None of the mitigation/adaptation
measures may be recommended for the Melbourne house with a design wind classification
of N1 as the corresponding mean NPVs are negative. Table 6.4 also shows that WR is the
only cost-effective measure for the Melbourne house with a design wind classification of
N2.
Table 6.4. Mean NPVs to 2070 with no climate change.
(a) No construction defects
Design wind
classification
Brisbane
Melbourne

Mean NPV
RF

WS

WR

IW

N2

-$1,543

$1,072

$2,904

-$1,506

N3
N1
N2

-$1,749
-$1,989
-$1,957

-$453
-$3,628
-$2,941

-$460
-$972
$525

-$2,167
-$2,629
-$2,499

(b) With construction defects
Design wind
classification
Brisbane
Melbourne

Mean NPV
RF

WS

WR

IW

N2
N3
N1

-$1,618
-$1,701
-$2,034

$2,657
$839
-$3,533

$3,920
-$429
-$955

-$1,461
-$1,798
-$2,586

N2

-$2,011

-$2,761

$570

-$2,398

The mitigation/adaptation costs given in Table 6.2 are estimated according to the average
cost data given by Australian housing construction cost guide (Rawlinsons 2015). However,
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the costs may vary among different locations, contractors and labourers. A break-even
analysis is thus conducted to calculate the maximum mitigation/adaptation cost that enables
the mean NPV to be zero with the consideration of construction defects, see Table 6.5. It is
indicated from Table 6.5 that a mitigation/adaptation measure may turn to be cost-effective
with reasonable discounts on the cost given by Table 6.2. For example, only a 13% discount
on the cost makes WR cost-effective for the Brisbane house with a design wind classification
of N3, whereas a 50% reduction in cost is needed to enable IW to be cost-effective for the
Brisbane house with a design wind classification of N2. A few mitigation/adaptation
measures can remain cost-effective even with significantly increased costs. For example,
WR is still cost-effective for the Brisbane house with a design wind classification of N2, if
the anticipated cost of WR given by Table 6.2 increases by 300%.
Table 6.5. Break-even costs (normalized by the building value) for different mitigation/adaptation
measures to be cost-effective (with construction defects).
Design wind
classification
Brisbane
Melbourne

N2
N3
N1
N2

Break-even cost
RF

WS

WR

IW

0.16%
0.13%
0.03%
0.03%

2.89%
2.28%
0.82%
1.08%

1.71%
0.26%
0.08%
0.59%

0.51%
0.40%
0.14%
0.20%

6.5.3. Climate change impact and adaptation
A mitigation measure may provide more risk reduction (benefit) if the climate scenario
becomes worse, and hence affect the cost-effectiveness. A scenario-based analysis is
conducted to examine the cost-effectiveness of the mitigation/adaptation measures under a
changing climate. The median, 10th and 90th percentile projections for wind speed change
under RCP 4.5 and RCP 8.5 as shown in Table 6.1 are adopted, and the changes in rainfall
intensity to 2090 conditional on an extreme wind climate scenario are assumed to be –20%,
–10%, 0%, +10% and +20%. Information is scarce to non-existent on time-dependent
changes in extreme wind speed and associated rainfall for Australia. A time-dependent
linear change (Stewart et al. 2018) is then assumed for both wind speed and rainfall intensity.
Based on the cumulative expected losses evaluated for the considered climate change
scenarios, the mean NPVs for different mitigation/adaptation measures to 2070 can then be
calculated. Figure 6.4 shows the mean NPVs corresponding to different climate scenarios
for Brisbane and Melbourne houses with a design wind classification of N2. The error bars
124

in Fig. 6.4 represent the 10th and 90th percentile projections for wind speed change under
RCP 4.5 and RCP 8.5. It is observed that, in general, the larger the wind speed and the
associated rainfall intensity in a future climate, the higher the mean NPVs produced by the
mitigation/adaptation measures. Climate change tends to have higher influences on the costeffectiveness of mitigation/adaptation measures applied to houses in Brisbane. However, in
general, climate change has a limited influence on the cost-benefit analysis.

Climate scenario for wind speed change

Median RCP 4.5
Median RCP 8.5

Increasing window ratings (WR)

Mean NPV ($)

Installing window shutters (WS)

Error bar: 10th to 90th percentile projections

Water-resistant materials (IW)

Strengthening roof connections (RF)

Changes in rainfall intensity associated with extreme winds (%)

(a) Brisbane house N2
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Climate scenario for wind speed change

Median RCP 8.5

Increasing window ratings (WR)

Mean NPV ($)

Error bar: 10th to 90th percentile projections

Strengthening roof connections (RF)

Water-resistant materials (IW)

Installing window shutters (WS)

Changes in rainfall intensity associated with extreme winds (%)

(b) Melbourne house N2
Figure 6.4. Climate change impacts on mean NPVs for different mitigation/adaptation measures.

Installing window shutters (WS) and increasing window ratings (WR) remain costeffective for the Brisbane house (N2), and WR is cost-effective for the Melbourne house
(N2) under all the considered climate scenarios. For the most adverse climate scenario
considered in this study (i.e. 90th percentile projection for extreme wind speed under RCP
8.5 and a 20% increase in rainfall intensity), the mean NPVs increase by approximately 15%
and 10% respectively for WS and WR compared to the scenario with no climate change.
Strengthening roof connections (RF) and using water-resistant materials (IW) are not costeffective under all the considered climate change scenarios. In addition, the co-benefits (ΔB
given in Eq. (6.1)) associated with RF and IW are negligible, whereas considerable co126

benefits exist for WS and WR. Using a higher window rating (WR) provides energy
efficiency due to increased glass thickness. Shutters (WS) can offer more co-benefits such
as noise reduction, prevention of heat loss, light control and home security. Although the
mean NPV of WR is higher than that corresponding to WS for the Brisbane house (N2)
under a changing climate, WS is still a competitive option for wind risk mitigation and
climate adaptation due to considerable co-benefits. In terms of implications for insurance
premium, an insurer may offer incentives by a discount in annual insurance premium for
homeowners who decide to retrofit their houses by installing window shutters.
6.5.4. Sensitivity analysis
The mitigation/adaptation measure WS is considered as a retrofit that can be applied at
any year during the service life. Figure 6.5 shows the mean NPV to 2070 for houses with
no climate change when installing window shutters at different points in time. It is indicated
that WS is cost-effective for houses in Brisbane if applied no later than 2048 for N2 houses
and 2035 for N3 houses. The mean NPVs to 2070 increase for houses in Melbourne if
window shutters are installed in a later year. Climate change has limited influences on these
results.
Two discount rates (i.e. 2% and 7%) are further adopted in the cost-benefit analysis, and
the corresponding mean NPVs with the consideration of construction defects and no climate
change are given in Table 6.6. As expected, the mean NPV increases for a lower discount
rate, and decreases for a higher discount rate. Installing window shutters (WS) for Brisbane
houses with design wind classifications of N2 and N3 is no longer cost-effective under a
discount rate of 7%. Increasing window ratings (WR) for the Brisbane house with a design
wind classification of N3 turns to be cost-effective under a discount rate of 2%.
Table 6.6. The effect of discount rate on mean NPV.
(a) Discount rate of 2%
Design wind
classification

Brisbane
Melbourne

Mean NPV
RF

WS

WR

IW

N2

-$1,404

$6,485

$6,184

-$781

N3

-$1,524

$3,864

$13

-$1,267

N1

-$2,005

-$2,442

-$892

-$2,404

N2

-$1,969

-$1,328

$1,352

-$2,131
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(b) Discount rate of 7%
Design wind
classification

Brisbane
Melbourne

Mean NPV
RF

WS

WR

IW

N2

-$1,782

-$301

$2,171

-$1,987

N3

-$1,837

-$1,497

-$692

-$2,209

N1

-$2,056

-$4,376

-$1,105

-$2,728

N2

-$2,042

-$3,868

-$35

-$2,603

$4,000
$3,000

Brisbane house N2

Brisbane house N3

Melbourne house N1

Melbourne house N2

Mean NPV

$2,000
$1,000
$0
-$1,000
-$2,000

-$3,000
-$4,000
2020

2030

2040

2050

2060

2070

Time for applying WS (Year)
Figure 6.5. Effect of the time for installing window shutters (WS) on the mean NPV.

Although Australian standard AS2047 (2014) specifies the design window ratings for
housing with different site conditions, it was found that many window manufacturers do not
provide detailed window ratings for their products. Window manufacturers are only required
to publish energy data, but the structural performance data is non-mandatory in Australia.
This may lead to construction error in practice that windows with unsatisfied or mislabeled
window ratings are installed. A scenario-based approach is used herein to examine the
effects of mislabelled windows on the cost-benefit analysis. It is assumed that N1-rated
windows are incorrectly installed on Brisbane and Melbourne houses with a design wind
classification of N2, and N2-rated windows are incorrectly installed on Brisbane houses
with a design wind classification of N3. This increases the cumulative expected losses to
2070 by 32%, 4% and 96% for the Brisbane house (N2), Melbourne house (N2) and
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Brisbane

house

(N3),

respectively.

Table

6.7

shows

the

mean

NPVs

for

mitigation/adaptation measures RF, WS and IW if the mislabelled windows are installed. It
is suggested that RF and IW is still not cost-effective, and WS is cost-effective for Brisbane
houses. When mislabelled windows are installed, there is an approximately twofold and
tenfold increase of the mean NPV yielded by WS for Brisbane houses with a design wind
classification of N2 and N3, respectively, compared to that without such construction error.
This implies that the adverse effects of construction defects can be largely counter-balanced
by installing shutters.
Table 6.7. Mean NPV when mislabeled windows are installed.
Mean NPV

Design wind
classification
Brisbane
Melbourne

RF

WS

IW

N2

-$1,439

$5,531

-$1,016

N3

-$1,365

$8,063

-$1,073

N2

-$1,994

-$2,062

-$2,357

6.6 Conclusions
In this chapter, several wind risk mitigation or climate adaptation measures are adopted
for Australian contemporary houses subjected to non-cyclonic windstorms to either
reinforce the building envelope or increase water resistance of the building interior. A costbenefit

analysis

is

conducted

to

evaluate

the

cost-effectiveness

of

these

mitigation/adaptation measures. It reveals that strengthening windows by increasing
window ratings (e.g. N1 to N2, N2 to N3) is cost-effective for Brisbane houses and
Melbourne houses with a design wind classification of N2. Installing shutters significantly
reduces economic risks incurred by wind and rainfall damage, and is cost-effective for
houses in Brisbane with a design wind classification of N3. The adverse effects of
construction defects can be largely counter-balanced by installing shutters. Installation of
window shutters as a retrofit also provides many co-benefits and has the potential to attract
incentives in annual insurance premium, which makes it a promising candidate for wind risk
mitigation and climate adaptation. Climate change has limited impacts on the cost-benefit
analysis.

129

CHAPTER 7. RISK PREFERENCES AND DECISIONMAKING FOR WIND HAZARD MITIGATION UNDER
UNCERTAINTY
7.1 Introduction
The probabilistic risk assessment (PRA) presented in Chapter 5 includes the probabilistic
quantification of non-cyclonic extreme winds and associated rainfall, structural response
and system performance, construction defects, structural damage states and consequences.
The outputs of PRA can be used to evaluate the probability distribution of net present value
(NPV) and life-cycle cost for further decision analysis. The cost-benefit analysis presented
in Chapter 6 is based on the mean NPV, which is equivalent to rank the mitigation/adaption
measures by either maximizing the expected net benefit/return or minimizing the expected
life-cycle cost (MELC). Hereafter, MELC is used to represent this type of decision analysis.
Although economic efficiency is achieved by MELC, statistical information other than the
mean in the probability distribution of life-cycle cost is neglected in such decision analysis.
A rational decision maker may be risk-neutral given the perfect modelling and
understanding of the occurrence rate and magnitude of natural and man-made hazards,
structural response and performance, the direct and indirect consequences. However, a
decision-maker who is originally risk-neutral may turn to be risk-averse because substantial
uncertainties, both aleatory and epistemic, are involved in the PRA for housing under
extreme winds developed in this study, or similarly, risk assessment for other civil facilities
exposed to low-probability, high-consequence events. For example, the wind and rainfall
hazard modelling is subjected to statistical uncertainty due to a relatively short length of
historical weather records, and model uncertainty resulting from a partial understanding of
the natural phenomenon and a lack of knowledge regarding the climate change impact. The
uncertainties of human error and its influence on structural reliability and performance may
arise from the partial understanding of error mechanism and a shortage of statistical
information for error rates. To this end, it is not surprising that risk averseness is found to
be prevalent in civil engineering decisions associated with extreme events (Stewart et al.
2011; Cha & Ellingwood 2012; Cha & Ellingwood 2013), and decision-making under
uncertainty tends to invest more resources to avoid high consequences from natural and
man-made hazards. The MELC is adequate for risk-neutral decision-makers but fails to
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capture other risk preferences, especially risk averseness. Therefore, the cost-benefit
analysis presented in Chapter 6 needs to be further extended to consider different risk
preferences.
Rather than decision analysis solely based on the expected life-cycle cost, several
decision models can capture risk preferences involved in the wind mitigation decisions
under uncertainty, and provide more risk-informed decision support. The utility theory (UT)
by von Neumann & Morgenstern (1944) is widely employed to explicitly factor risk
preferences into the decision process (e.g. Stewart et al. 2011; Mahsuli & Haukaas 2018),
where nonlinear utility functions are used to incorporate a subjective evaluation of the
consequences to account for risk-seeking and risk-averse attitudes. The UT provides a
normative model that prescribes rational decisions by maximizing the expected utility
associated with different risk attitudes. However, the elicitation of a widely accepted utility
function is not an easy task. It is very likely that a decision-maker has difficulties in
expressing his/her preferences explicitly (i.e. only partial information of risk preference is
available), or multiple decision-makers with different risk preferences cannot reach an
agreement, which could happen even when all decision-makers are risk-averse but with
varying degrees of risk-averseness.
The stochastic dominance (SD) criteria (Hadar & Russell 1969; Hanoch & Levy 1969)
provides an alternative approach for decision-making under uncertainty in civil engineering
applications, for example, the selection of design levels for buildings and pipelines (e.g.
Goda & Hong 2006; Zhou & Nessim 2011). The SD conforms to the principle of maximum
expected utility, and can rank decision alternatives based on probability distributions of the
associated life-cycle cost without explicitly specifying any utility functions. Despite the
advantages, the SD often fails to offer a full ranking of all decision alternatives due to its
rigorous rules that are frequently violated by some ‘pathological’ preferences (Levy 2016),
for example, extremely risk-averse or risk-seeking. Thus, SD is often used in an initial
screen to exclude inefficient or suboptimal alternatives. The almost stochastic dominance
(ASD) is an extension of SD to provide a relaxation of SD’s strict conditions (Leshno &
Levy 2002), which is firstly introduced by the present study in a context of civil engineering
decision-making. Compared to SD, ASD has an improved capability to rank decision
alternatives. The superquantile value, also called conditional-value-at-risk (Rockafellar &
Uryasev 2000; Rockafellar & Royset 2015), offers another approach to account for risk
averseness in engineering decision-making with the convenience that utility functions are
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not needed. Compared to the commonly used quantile values (or value-at-risk), the
superquantile better captures the extreme tail of the life-cycle cost distribution, and
conforms theoretical axioms such as coherency and regularity (Rockafellar & Royset 2015).
The normative UT model presumes a decision-maker to be an expected utility maximizer
that behaves rationally, and ignores the decisional behaviour under bounded rationality that
is common in reality (Simon 1955; Kahneman & Tversky 1979). The descriptive decision
models in behaviour economics such as rank-dependent utility theory (RDUT) (Quiggin
1982) and cumulative prospect theory (CPT) (Tversky & Kahneman 1992) are then
developed to describe the actual behaviour of decision-makers, which have been applied in
the context of civil engineering decision-making to either identify the risk attitudes in
existing engineering decisions (e.g. Cha & Ellingwood 2013; Cha & Ellingwood 2014) or
predict decision-makers’ preferred choices under bounded rationality (e.g. Goda & Hong
2008a; Gong & Frangopol 2019). Goda & Hong (2008b) also examined the decisionmakers’ preferences for seismic design levels with the consideration of insurance protection
using CPT. These descriptive decision models in behaviour economics may have limited
usefulness in decision support for large corporations or government agencies who tend to
be risk-neutral and favour to have rational basis in their long-term decisions if all direct and
indirect consequences including societal and political effects are properly taken into
account. Instead, the descriptive decision models are more useful for the prediction of
individual’s preferred choices, for example, homeowners’ choices in purchasing insurance
and reinforcing their houses to reduce wind damage.
This chapter presents a set of decision models to account for the magnitude of uncertainty
and risk preferences involved in mitigation decisions for housing under extreme winds.
These models have different features, and can address various issues in the decision context
(e.g. risk attitudes, extreme tail of life-cycle cost distribution, elicitation of utility functions,
the role of behaviour economics and bounded rationality, etc) to better inform and support
decision-making. This study also employs the descriptive decision models to predict
homeowners’ preferences in implementing mitigation measures for their home with the
consideration of insurance purchasing. The predicted decisional behaviour is useful for
devising economic incentives to motivate homeowners to install window shutters for the
protection of their homes against windstorms, which has the potential to substantially reduce
insurance losses and improve the resilience of residential communities in Australia.
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7.2 Life-cycle Cost and Insurance
The life-cycle cost (LCC) for the considered house without insurance subjected to
extreme winds is
(7.1)

𝐿𝐶𝐶 = 𝐶𝐷 + 𝐶𝑀

where CD is the damage/failure cost resulting from wind and rainfall hazards during the
considered time horizon, and CM is the mitigation cost. This study focuses on the wind
mitigation decisions for houses, thus the initial construction cost or any maintenance cost is
not included.
The costs for the four mitigation measures proposed in this study are considered to be
deterministic as given in Table 6.2. A service life of 50 years from 2020 to 2070 is
considered for the representative contemporary house, and CD is then the cumulative losses
over the 50-year building service life, given by
CD =

2070



t = 2020

(7.2)

C A (t ) / (1 + r ) ( t − 2020)

where CA(t) is the annual loss in year t, and r is the discount rate. The probability distribution
of CA(t) can be obtained from the PRA using MCS described in Chapter 5. The expected
value of CA(t) is the annual expected loss in year t, i.e. Eannual(t), given by Eq. (6.3). The
damage cost or cumulative loss over the 50-year building service life, CD, is thus a random
variable. The expected value of CD is the cumulative expected loss over the 50-year building
service life, E(L), given by Eq. (6.2).
For homeowners who purchase home and contents insurance, CD is partially or fully
transferred to the insurer depending on the excess fee and sum insured. The life-cycle cost
for homeowners with insurance, LCCHO, is calculated as
LCC HO =

2070



t = 2020

[C A (t ) − I (C A (t ))] / (1 + r ) ( t − 2020) + C M +

2070



INP (t ) / (1 + r ) ( t − 2020)

(7.3)

t = 2020

where I(CA(t)) is the annual indemnity paid by the insurer (or annual insurance loss) in year
t, and INP(t) is the annual insurance premium for windstorms at year t. For a fully insured
homeowner, I(CA(t)) is calculated as
𝐼(𝐶𝐴 (𝑡)) = {

0
𝐶𝐴 (𝑡) − 𝐸𝑋

𝐶𝐴 (𝑡) ≤ 𝐸𝑋
𝐶𝐴 (𝑡) > 𝐸𝑋
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(7.4)

where EX is the excess fee to avoid any small claims. The damage cost for homeowners
who are fully insured results from small losses no greater than the excess fee and excess fee
paid when making claims given the occurrence of considerable losses. The ratio of annual
expected insurance loss to annual insurance premium, i.e. the expected value of
I(CA(t))/INP(t), is typically around 60% for home insurance in Australia (AGA 2014), which
measures the potential business cost and profit for the insurer. In insurance industry, the
annual premium INP(t) is typically determined based on the regional loss data and other
factors (e.g. customer information, market competition, business goals, etc.) considered by
the insurer (e.g. Suncorp 2013). Climate change is generally not considered in calculating
insurance premium, but the premium may increase in a future year because of, for example,
an increased number of storm claims in previous years.
The insurance loss or claim cost for the insurer, LINS, during the 50-year building service
life is given by
LINS =

2070

 [I (C

t = 2020

A

(7.5)

(t ))] / (1 + r ) ( t − 2020)

7.3 Decision Models
7.3.1 Superquantile
The α-superquantile of the life-cycle cost, LCC (0< α <1), also called conditional valueat-risk, is given by (Rockafellar & Royset 2015)
q ( LCC ) =

1
1−

1

(7.6)

 q ( LCC )d 

where qβ(LCC) is the β-quantile value of LCC, also called value-at-risk. The αsuperquantile, q (LCC), is the average of quantiles qβ (LCC) with α < β < 1. In practice,
given the random samples of LCC obtained from the PRA using MCS, q (LCC) can be
calculated as the conditional expectation of LCC equal or greater the α-quantile value, given
by
(7.7)

q ( LCC ) = E[ LCC | LCC  q ( LCC )]

Compared to quantile values, the superquantile better captures the extreme tails of the
life-cycle cost distribution, which is generally of interest in decision-making for civil
structures and infrastructure systems subjected to low-probability high-consequence events.
The superquantile also holds some attractive mathematical properties such as coherency and
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regularity (see Rockafellar & Royset 2015 for details). Note that the larger the considered α
value, the higher the degree of risk aversion.
7.3.2 Utility theory
Utility measures the desirability of consequences. The utility theory (UT) is a normative
decision tool that prescribes the rational decisions by maximizing the expected utility. For
a random variable x of the consequence containing n outcomes, x1, x2, … , xn, the expected
utility (EU) of x is given by
n

(7.8)

EU( x ) =  pi u ( xi )
i =1

where u(x) is the utility function, and pi is the probability of xi. Note that ∑𝑛𝑖=1 𝑝𝑖 = 1. The
utility functions are used to reflect decision-makers’ risk attitudes. When a linear utility
function is adopted to represent the risk-neutral attitude, the decisions yielded by UT are
equivalent to those dictated by the MELC criteria. Nonlinear utility functions are used to
characterize risk-seeking or risk-averse attitudes. Generally speaking, the more nonlinearity
in the utility function, the higher the degree of risk proneness or risk aversion. Consider a
power utility function u(x) = −(−x)l where x = −LCC is a negative value to frame the lifecycle cost as a loss, and to ensure u(x) is a monotonic and increasing function. In other
words, a lower life-cycle cost with a higher utility is preferred. The scaled shape of u(x)
with different l values is plotted in Fig. 7.1, where l = 1, l < 1 and l > 1 stand for risk-neutral,
risk-seeking and risk-averse attitudes, respectively.
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Figure 7.1. Power utility functions to reflect different risk attitudes.
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7.3.3 Almost stochastic dominance
The stochastic dominance (SD) ranks two decision alternatives by checking if one is
superior to the other without explicitly specifying a utility function. In the context of this
study, suppose F and G are two mitigation measures. Let F(x) and G(x) denote the
cumulative distribution function (CDF) of x where x = −LCC is a random variable associated
with the life-cycle cost of a mitigation measure. Then for any decision-maker with a nondecreasing utility function u(x) (i.e. uꞌ(x) ≥ 0, generally one prefers a larger value of x or a
smaller life-cycle cost), F dominates G by the first-degree stochastic dominance rule (FSD)
if and only if F(x) ≤ G(x) for all values of x with a strong inequality for at least one value of
x (Levy 2016). If F dominates G by FSD, F is always preferred to G, and the expected utility
associated with F is always no smaller than that of G regardless of the risk attitudes of
decision-makers (i.e. the non-decreasing utility function of x can be linear, concave or
convex). Figure 7.2 illustrates the CDFs of F and G when F dominates G by FSD. Other
higher degree SD rules are not used in this study, see Levy (2016) for more details.

Cumulative probability

1.0
G(x)
F(x)

x = − LCC

Figure 7.2. Graphical illustration of FSD.

In practical applications, the SD often cannot rank two decision alternatives due to its
strict conditions (e.g. F(x) ≤ G(x) for all values of x for FSD). For example, the FSD adopted
by Goda & Hong (2006) and Zhou & Nessim (2011) failed to rank any design alternatives,
and only a partial rank was achieved by screening out a few inferior alternatives when higher
degree SD rules were adopted. The almost stochastic dominance (ASD) provides a
relaxation of SD’s condition to better rank the decision alternatives. The almost first-degree
stochastic dominance (AFSD) allows a relatively small portion of x at which the condition
of FSD does not hold, i.e. F(x) > G(x). Define S1 is a subset of x that contains x values where
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F(x) > G(x). For 0 < ε < 0.5, F dominants G by AFSD for all values of x if and only if (Levy
2016)
(7.9)

 [ F ( x) − G ( x)]dx    | G ( x) − F ( x) | dx

S1

Figure 7.3 illustrates the CDFs of F and G when F dominates G by AFSD. The ε value is
calculated as the violation area enclosed between F(x) and G(x) when F(x) > G(x) as shown
in Fig. 7.3 (i.e. ∫𝑆 [𝐹(𝑥) − 𝐺(𝑥)]𝑑𝑥 ) divided by the total area enclosed under the two CDFs
1

(i.e. ∫ |𝐺(𝑥) − 𝐹(𝑥)|𝑑𝑥). It is also referred as F dominates G by ε-AFSD. Note that if there
is no violation area, AFSD coincides with FSD. If F dominants G by ε-AFSD and ε is
sufficiently small, then F is preferred to G, and the expected utility associated with F is no
smaller than that of G except for some ‘pathological’ defined utility functions (Levy 2016),
for example, overly convex or concave (i.e. extremely risk-averse or risk-seeking attitude).
In other words, the rank of alternatives dictated by AFSD would satisfy most decision
makers who are expected utility maximizers with non-decreasing utility functions. The ε
value in AFSD has a broad range, i.e. 0 < ε < 0.5, that provides a full rank of all decision
alternations, however, caution is needed when selecting the ε value in practice. The smaller
the ε value, the stronger the dominance. It may need subjective judgement to determine the
largest allowed violation area or ε value that can vary depending on the decision context.
Section 7.4 discusses the discretion for ε value in the wind mitigation decisions. Refer to
Leshno & Levy (2002) and Tzeng et al. (2013) for higher degree ASD rules.

Figure 7.3. Graphical illustration of AFSD.
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7.3.4 Descriptive decision models
While UT as a normative decision model prescribes the rational decisions, the descriptive
decision models in behaviour economics attempt to predict the actual behaviour of decisionmakers under bounded rationality that the maximum expected utility rule is often violated.
The rank-dependent utility theory (RDUT) (Quiggin 1982) and cumulative prospect theory
(CPT) (Tversky & Kahneman 1992) are two well-known descriptive models. These
descriptive decision models in behaviour economics can be used to predict individual’s
preferences, for example, homeowners’ choices and willingness in adopting mitigation
measures for their houses.
The RDUT distinguishes from UT by replacing the objective probabilities (pi) in Eq.
(7.8) with subjectively evaluated probabilities to account for some psychological and
cognitive aspects in decisional behaviour. Suppose x is a random variable of the
consequence containing n outcomes x1, x2, … , xn with a non-descending order (i.e. x1 ≤ x2
≤ … ≤ xn), and xi is with a probability of pi, the rank-dependent expected utility (RDEU) of
x is given by
n

RDEU( x ) =   i u ( xi )

(7.10)

i =1

where πi is the decision weights with 𝜋𝑖 = 𝑤(∑𝑛𝑘=𝑖 𝑝𝑖 ) − 𝑤(∑𝑛𝑘=𝑖+1 𝑝𝑖 ) for i ≤ n − 1 and 𝜋𝑛 =
𝑤(𝑝𝑛 ). Note that the decision weights sum to one, i.e. ∑𝑛𝑖=1 𝜋𝑖 = 1. The probability weighting

function w is a strictly increasing function from 0 to 1 with w(0) = 0 and w(1) = 1 to model
the subjective evaluation of probabilities, for example, people may overestimate the
probability of extreme events. A probability weighting function given by Tversky &
Kahneman (1992) is adopted in this study, which is
(7.11)

𝑤(𝑝) = 𝑝𝜑 /[𝑝𝜑 + (1 − 𝑝)𝜑 ]1/𝜑

Figure 7.4 shows the shape of this probability weighting function when φ < 1.0, φ = 1.0
and φ > 1.0. An inverse S-shape of w(p) when φ < 1.0 overweights low-probability events
and underweights high-probability events which reflects risk aversion in the context of civil
engineering decision-making associated with extreme events. The opposite is represented
by an S-shape of w(p) when φ > 1.0. An inverse-S shape of w(p) is typically adopted based
on empirical evidence in gambling and financial activities (e.g. Tversky & Kahneman 1992;
Abdellaoui 2000). However, the actual shape of w(p) may vary in a different decision
context. The RDUT coincides with UT if w(p) = p (i.e. φ = 1.0). In RDUT, the risk attitudes
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are encoded in both the utility function and the probability weighting function to better
describe the decisional behaviours in real life. Other forms of probability weighting function
may also be used (e.g. Prelec 1998).
The CPT is a modified version of the prospective theory (PT) by Kahneman & Tversky
(1979). In addition to subjective probability weighting, CPT has more descriptive power for
the decisional behaviour than RDUT by further incorporating more psychological and
cognitive principles from PT. The value function (analogous to utility function) in CPT
frames the outcomes as gains and losses relative to a reference point that captures several
observed phenomena in decision-making (e.g. framing effects, loss aversion, diminishing
sensitivity, etc.). The value function and the corresponding probability weighting function
in CPT are thus defined separately for gains and losses. See details in Tversky & Kahneman
(1992). As the life-cycle cost is typically treated as losses in civil engineering decisionmaking, the CPT with one-sided value functions is mathematically equivalent to the RDUT.
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Figure 7.4. Probability weighting function w(p).

7.4 Wind Mitigation Decisions without Insurance
The mitigation measures proposed in chapter 6 and ‘business as usual (BAU)’ are
considered as decision alternatives in this section, summarized as
(1) No mitigation (BAU).
(2) Strengthening the roof by upgrading cladding fasteners and batten thickness (RF).
139

(3) Installing shutters to protect windows (WS).
(4) Increasing window resistance by improving window ratings (WR).
(5) Using water-resistant material for building interior to reduce rainwater damage (IW).
7.4.1 Life-cycle cost analysis
The life-cycle costs without considering insurance, LCC, for a building service life of 50
years from 2020 to 2070 associated with the five decision alternatives are calculated
according to Eq. (7.1) and a discount rate of r = 4%. The annual damage cost (i.e. the annual
loss) in Eq. (7.2) is evaluated based on the PRA using MCS as described in Chapter 5 with
the consideration of construction defects. Figure 7.5 shows the expected life-cycle costs
corresponding to the five decision alternatives for Brisbane and Melbourne houses with
different design wind classifications, and the cumulative probability functions (CDF) of the
life-cycle cost are shown in Fig. 7.6. As shown in Fig. 7.5, the rank of the decision
alternatives dictated by the MELC criteria is equivalent to that given by the cost-benefit
analysis based on mean NPV as described in Chapter 6. A decision alternative with the
lower expected life-cycle cost is more preferred. Figure 7.6 implies the tail behaviour of the
life-cycle cost distribution, which indicates that the MELC may not well capture extremely
high consequences that are of concern for risk-averse decision-makers. Figure 7.6 also
indicates that Brisbane houses are likely to suffer more severe consequences than
Melbourne houses.
$12,000
BAU

RF

WS

WR

IW

Expected LCC (AUD)

$10,000

$8,000

$6,000

$4,000

$2,000

$0

Brisbane N2

Brisbane N3

Melbourne N1

Figure 7.5. Expected life-cycle cost.
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Melbourne N2
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Figure 7.6. Cumulative probability of life-cycle cost.

7.4.2 Risk attitudes and decision-making under uncertainty
This section describes the application of superquantile, utility theory and almost
stochastic dominance in decision-making for housing mitigation. Such decision-making is
based the random variable LCC without insurance purchasing, and considers different risk
attitudes.
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7.4.2.1 Decisions based on superquantile
The superquantile of the life-cycle cost offers a risk index giving more weight to high
consequences, which can be adopted by risk-averse decision-makers to rank decision
alternatives. Figure 7.7 shows the α-superquantile values (α = 0.05, 0.25, 0.50, 0.75 and
0.95) of the life-cycle cost (LCC) corresponding to the five decision alternatives for
Brisbane and Melbourne houses with different design wind classifications. As shown in Fig.
7.7, the superquantile values of life-cycle cost increase with the α value. An alternative with
the lower α-superquantile value is preferred by a risk-averse decision-maker. The larger the
considered α value, the higher the degree of risk aversion involved. The rank of alternatives
when α = 0.05 is same as that based on the expected life-cycle cost as shown in Fig. 7.5.
However, the rank of the five decision alternatives can vary with other α values considered.
For example, increasing window ratings (WR) is preferred to installing window shutters
(WS) for Brisbane houses with a design wind classification of N2 when α = 0.05, whereas
a lower superquantile value of the life-cycle cost is associated with WS than WR for other
α values (i.e. WS is preferred to WR). No mitigation measure is preferred to business as
usual for Melbourne houses with a design wind classification of N1 when α = 0.05, 0.25
and 0.50, however, for α = 0.75 and 0.95, WS would be chosen. The superquantile values
of the life-cycle cost associated with WS only slightly increase with the α value, which
implies that installing shutters significantly reduces both the magnitude and likelihood of
severe consequences. This is also indicated by the CDFs as shown in Fig. 7.6. In general,
the selection of a higher α value in decision-making implies the decision-maker is more
risk-averse and willing to choose mitigation measures that can provide more risk reduction,
even at a high mitigation cost (e.g. installing window shutters).
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(b) Brisbane house (N3)
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Figure 7.7. Superquantile values of the life-cycle cost.
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7.4.2.2 Decisions based on expected utility
To consider a wider variety of risk attitudes, the decision analysis is further conducted
by comparing the expected utility associated with the five decision alternatives. The power
utility function described in Section 7.3.2 is used, i.e. u(x) = −(−x)l, where x = −LCC to
ensure u(x) is a monotonic and increasing function. The expected utilities are then evaluated
for the l value ranging from 0.1 to 4.0 with an increment of 0.1 to represent a variety of risk
attitudes. For the risk-neural attitude, the rank of decision alternatives based on expected
utility is equivalent to those based on the expected life-cycle cost (i.e. an alternative with a
higher expected utility or lower life-cycle cost is preferred). The general findings from the
expected utility analysis are (i) the higher the degree of risk aversion (i.e. the larger l value
with l > 1.0), the more willingness of decision-makers to adopt mitigation measures; (ii) the
higher the degree of risk proneness (i.e. the smaller l value with l < 1.0), the more likely
decision-makers would keep business as usual; (iii) some mitigation measures are not
preferred even for decision-makers with extremely risk-averse attitudes (e.g. l = 4.0); (iv)
some mitigation measures are still preferred even for an extremely risk-seeking attitude (e.g.
l = 0.1).
Specifically, for Brisbane house with a design wind classification of N2, installing
window shutters (WS) is preferred to business as usual (BAU) for most decision-makers
except those with an extremely risk-seeking attitude (i.e. l = 0.1). Improving window ratings
(WR) is always preferred to BAU for all the risk attitudes considered (i.e. 0.1 ≤ l ≤ 4.0),
whereas strengthening roof (RF) is always not preferred to BAU. Using water-resistant
internal linings (IW) is only preferred to BAU for decision-makers with a relatively high
degree of risk-averse attitude (i.e. l ≥ 2.8). WR is preferred to WS for all considered riskseeking, risk-neutral and a portion of risk-averse decision-makers (i.e. 1.0 < l ≤ 1.5),
whereas WS is preferred to WR for a considerable portion of risk-averse decision-makers
(i.e. l ≥ 1.6). This is consistent with the decisions based on superquantile values that WS is
preferred to WR for certain degrees of risk aversion when α ≥ 0.25 as described in Section
7.4.2.1. The rank of the five decision alternatives with l = 0.1, 1.0, 1.6, 2.8 and 4.0 for
Brisbane houses with a design wind classification of N2 is summarized in Table 7.1(a) to
show the above findings.
For Brisbane house with a design wind classification of N3, RF and IW are always not
preferred to BAU for all considered risk attitudes (i.e. 0.1 ≤ l ≤ 4.0). WS is preferred to BAU
145

for all risk-neutral, risk-averse and a small portion of risk-seeking decision-makers (i.e. 0.8
≤ l <1.0), whereas BAU is preferred to WS for most risk-seeking decision-makers (i.e. 0.1
≤ l ≤ 0.7). WR is only preferred to BAU for some risk-averse decision-makers (i.e. l ≥ 1.9),
and preferred to WS for only a small portion of decision-makers who are highly risk-seeking
(i.e. 0.1 ≤ l ≤ 0.3). Table 7.1(b) summarizes the rank of the five decision alternatives with l
= 0.1, 0.3, 0.7, 1.0, 1.9 and 4.0 for Brisbane houses with a design wind classification of N3.
For Melbourne house with a design wind classification of N1, BAU is preferred to all
mitigation measures for all considered risk attitudes (i.e. 0.1 ≤ l ≤ 4.0). Table 7.1(c) shows
the rank of the five decision alternatives with l = 0.1, 1.0 and 4.0 for Melbourne houses with
a design wind classification of N1. For Melbourne house with a design wind classification
of N2, BAU is always preferred to RF and IW for all considered risk attitudes (i.e. 0.1 ≤ l ≤
4.0). WR is preferred to BAU and WS for all considered risk attitudes (i.e. 0.1 ≤ l ≤ 4.0).
WS is preferred to BAU only for a small portion of decision-makers who are highly riskaverse (i.e. l ≥ 3.4). Table 7.1 (d) shows the rank of the five decision alternatives with l =
0.1, 1.0, 3.4 and 4.0 for Melbourne houses with a design wind classification of N2.
Table 7.1. Rank of decision alternatives based on expected utility.
(a) Brisbane house (N2)
l value

Rank based on expected utility
No.1

No.2

No.3

No.4

No.5

l = 0.1

WR

BAU

WS

RF

IW

l = 1.0

WR

WS

BAU

IW

RF

l = 1.6

WS

WR

BAU

IW

RF

l = 2.8

WS

WR

IW

BAU

RF

l = 4.0

WS

WR

IW

BAU

RF

(b) Brisbane house (N3)
l value

Rank based on expected utility
No.1

No.2

No.3

No.4

No.5

l = 0.1

BAU

WR

WS

RF

IW

l = 0.3

BAU

WR

WS

RF

IW

l = 0.7

BAU

WS

WR

RF

IW

l = 1.0

WS

BAU

WR

RF

IW

l = 1.9

WS

WR

BAU

RF

IW

l = 4.0

WS

WR

BAU

RF

IW
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(c) Melbourne house (N1)
Rank based on expected utility

l value
No.1

No.2

No.3

No.4

No.5

l = 0.1

BAU

WR

RF

IW

WS

l = 1.0

BAU

WR

RF

IW

WS

l = 4.0

BAU

WS

WR

IW

RF

(d) Melbourne house (N2)
l value

Rank based on expected utility
No.1

No.2

No.3

No.4

No.5

l = 0.1

WR

BAU

RF

IW

WS

l = 1.0

WR

BAU

RF

IW

WS

l = 3.4

WR

WS

BAU

IW

RF

l = 4.0

WR

WS

BAU

IW

RF

7.4.2.3 Decisions based on almost stochastic dominance
The almost first-degree stochastic dominance (AFSD) is used in this study to identify
mitigation measures that would be preferred by most decision-makers who are expected
utility maximizers without explicitly specifying any utility functions. Given the random
samples of x (x = − LCC) associated with two alternatives produced by the PRA using MCS,
the ε value for one dominating the other by AFSD can be calculated according to Eq. (7.9).
The approach given by Levy (2012) is employed to solve Eq. (7.9) when x is a discrete
random variable. The AFSD relationships of the five decision alternatives for Brisbane and
Melbourne houses with different design classifications are summarized in Table 7.2.
For Brisbane houses with a design wind classification of N2, WR and WS dominates
BAU by AFSD with ε = 0.02 and 0.21, respectively. These ε values are deemed to be small
enough for most decision-makers with non-decreasing utility functions to choose mitigation
measures of WR and WS over BAU. This is consistent with the decision analysis based on
expected utility as described in Section 7.4.2.2 that WR is preferred to BAU for a wide range
of risk attitudes, and WS is preferred to BAU by most decision-makers except for those are
extremely risk-seeking. Among these two preferred mitigation measures, WR dominates
WS by AFSD with ε = 0.36. This ε value may not be small enough to choose WR over WS
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for most decision-makers, which is consistent with the expected utility analysis described
in Section 7.4.2.2 that WS would be preferred to WR by a considerable portion of riskaverse decision-makers. RF and IW would not be selected because BAU dominants RF and
IW by FSD (i.e. BAU is always preferred to RF by decision-makers with any non-decreasing
utility functions) and AFSD (ε = 0.09 is sufficiently small in the current decision context),
respectively. For Brisbane houses with a design wind classification of N3, WS is the only
alternative that dominates BAU by AFSD with ε = 0.35, however, this ε value may not be
sufficiently small to choose WS over BAU as shown in the expected utility analysis
described in Section 7.4.2.2 that BAU would be preferred to WS for a considerable portion
of convex utility functions (i.e. risk-seeking attitudes). For Melbourne houses with a design
wind classification of N1, no mitigation measures would be selected over BAU because
BAU dominants the other alternatives either by FSD or AFSD with a small ε value. For
Melbourne houses with a design wind classification of N2, WR dominates BAU by AFSD
with ε = 0.10 and thus WR would be preferred to BAU by most decision-makers which is
shown in the expected utility analysis described in Section 7.4.2.2 that WR is preferred to
BAU for a wide range of risk attitudes.
Table 7.2. AFSD relationships of the decision alternatives.
Brisbane house (N2)

Brisbane house (N3)

Melbourne house (N1)

Melbourne house (N2)

WR AFSD BAU
(ε = 0.02)

WS AFSD BAU
(ε = 0.35)

BAU AFSD WR
(ε = 0.02)

WR AFSD BAU
(ε = 0.10)

WS AFSD BAU
(ε = 0.22)

BAU AFSD WR
(ε = 0.17)

BAU AFSD WS
(ε = 0.06)

BAU AFSD WS
(ε = 0.12)

BAU FSD RF

BAU FSD RF

BAU FSD RF

BAU FSD RF

BAU AFSD IW
(ε = 0.09)

BAU AFSD IW
(ε = 0.01)

BAU AFSD IW
(ε = 0.01)

BAU AFSD IW
(ε = 0.01)

WR AFSD WS
(ε = 0.36)

By specifying a threshold for ε value (i.e. the maximum ε value), the AFSD can be used
to identify mitigation measures that would be preferred to BAU or to screen out mitigation
measures that would not be selected over BAU for most decision-makers if the
corresponding ε value does not exceed the threshold. This threshold value is determined by
subjective judgement and can vary depending on the decision problem of interest. In the
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current decision context, a threshold value around 0.25 might be appropriate according to
the discussions in this section.

7.5 Incentive for Homeowners with Insurance
The decision analysis results in this chapter and Chapter 6 suggest that installing window
shutters (WS) is the most effective mitigation measure that provides the highest risk
reduction, and significantly decreases both the magnitude and likelihood of severe
consequences. The homeowner can install window shutters to retrofit an as-built house at
any time. Installing window shutters is therefore ideal for homeowners to protect their
homes against wind hazard, despite its cost is the highest among the four mitigation
measures proposed in this study. In light of this, the use of economic incentives is helpful
to motivate homeowners to install window shutters. The incentives considered in this study
are (i) a discount in insurance premium, and (ii) a government rebate to reduce cost for
shutter installation.
7.5.1 Devise of incentive based on MELC
The life-cycle cost for a homeowner who purchases insurance, LCCHO, is calculated
using Eq. (7.3). In Eq. (7.3), the mitigation cost CM for installing window shutters is treated
as deterministic and a one-off expense in 2020 (i.e. shutters are installed in 2020). The
annual insurance premium INP for windstorms is loosely assumed to be deterministic and
time-invariant as the prediction of premium in the future is unlikely due to many unknown
factors involved as described in Section 7.2. The premium in a future year is converted to
the present value in 2020 dollars by a discount rate of 4%. The average annual premium for
home and contents insurance considering all perils is estimated to be $1,300 and $800 for
homeowners in Brisbane and Melbourne, respectively (Canstar 2016). This estimation is
consistent with the data in AGA (2014) that the premium rate (i.e. premium charged per
$1,000 sum insured value) in Melbourne is about 60% of that in Brisbane. As inferred from
AGA (2014), non-cyclonic windstorms accounts for approximately 32% and 27% of the
total annual insurance loss in Brisbane and Melbourne, respectively. Then the annual
insurance premium for windstorms is estimated to be INP = $416 and $216 for homeowners
in Brisbane and Melbourne, respectively. Note that such estimation doesn’t account for
other factors such as business goals and market competition that can vary greatly among
different insurers.
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The random samples of the annual loss due to non-cyclonic windstorm in year t, CA(t),
can be evaluated from the PRA using MCS as described in Chapter 5, and the annual
insurance loss in year t, I[CA(t)], is calculated using Eq. (7.4) by assuming homeowners are
fully insured. The total insurance losses, LINS, during the 50-year building service life are
calculated by Eq. (7.5). Assuming the excess fee is $600, the expected values of LCCHO and
LINS associated with WS and BAU for Brisbane and Melbourne houses with different design
wind classifications are given in Table 7.3. For homeowners who keep business as usual
(BAU), LCCHO includes the insurance premium paid to the insurer, small losses less than
the excess fee, and excess fee paid for any claims. For homeowners who install window
shutters (WS), LCCHO also includes the mitigation cost. Note that the co-benefits associated
with window shutters (e.g. noise reduction, home security, light control, etc.) are not
included in the quantification.
Table 7.3 suggests that the expected LCCHO is larger than the expected LCC for
homeowners without purchasing insurance as shown in Fig. 7.5. This is anticipated as the
premium paid by homeowners not only transfers most financial risks to the insurer, but also
covers insurer’s business cost and profit. As shown in Table 7.3, installing window shutters
significantly reduce the expected insurance losses for the insurer. However, the expected
LCCHO for homeowners who install shutters will increase if no incentives are offered. Note
that there might be other insurance losses associated with windstorms, for example,
windborne debris, hail and fallen tree damage, which are not taken into account in this study.
Based on the MELC criteria, Table 7.4 shows the minimum discount in annual insurance
premium (INP) and the minimum rebate for shutter installation that ensure the expected
LCCHO associated with WS is no greater than that of BAU. Table 7.4 implies that it is worth
for the insurer to offer a 30-40% or other reasonably higher discounts (e.g. 50%) in the
annual premium to encourage homeowners in Brisbane to install window shutters, which
can significantly reduce insurance losses for the insurer. The discounts in Table 7.4 may be
too high for the insurer to offer to homeowners in Melbourne because the other losses
associated with windstorms (e.g. windborne debris, hail and fallen tree damage) are not
quantified in this study and it is necessary to make sure the premium charged for windstorm
accounts for all storm-related losses as well as insurer’s costs and profits. Government may
also offer rebates for shutter installation. Table 7.4 suggest that, for homeowners in Brisbane
and Melbourne, government may respectively offer a more than 47% and 68% rebate for
the shutter cost as an incentive.
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Table 7.3. Expected value of life-cycle cost for fully insured homeowners and insurance losses.
Design wind
classification

LCCHO

LINS

BAU

WS

BAU

WS

Brisbane N2

$12,556

$15,371

$5,335

$89

Brisbane N3

$11,586

$15,362

$4,338

$68

Melbourne N1

$6,428

$10,860

$1,698

$2

Melbourne N2

$6,783

$10,864

$2,256

$5

Table 7.4. The minimum discount in annual insurance premium and rebate for shutter installation
based on MELC.
Design wind classification

Discount (%) in annual
insurance premium

Rebate (%) for shutter
installation

Brisbane N2

30%

47%

Brisbane N3

40%

63%

Melbourne N1

93%

74%

Melbourne N2

81%

68%

7.5.2 Devise of incentive based on descriptive decision models
Homeowners generally dislike severe damage occurring to their home and contents due
to psychological and emotional factors as well as disruptions and inconvenience incurred
by the damage. In addition, homeowners still need to pay the excess fee if they make claims,
which increases the life-cycle cost LCCHO for homeowners. Moreover, an adverse claim
history may increase the premium or cause the cancellation and refusal of policy, which is
not explicitly quantified in this study. Installing window shutters can reduce the likelihood
of severe storm-rated losses and the number of claims for homeowners during the 50-year
building service life. In real life, many homeowners have misperceptions about the
likelihood of home and contents damage caused by windstorms due to, for example,
previous unpleasant experience with severe storm damage, overly exposed to media
coverage of wind hazard and unawareness of risks from windstorm. It is more likely for
homeowners who overestimate the occurrence rate of severe storm damage and the
likelihood of making claims to install shutters, whereas those insensitive or unaware of
storm risks may need more incentives for them to install shutters.
The minimum discount and rebate based on MELC in Table 7.4 are for homeowners who
are risk-neutral, and behave rationally to achieve economic efficiency. The descriptive
151

models given in Section 7.3.4 are further employed to model the decisional behaviour of
homeowners under bounded rationality, and the minimum discount in premium and rebate
for shutter installation are then re-estimated based on the predicted preferences of
homeowners. In particular, the rank-dependent utility theory (RDUT) is adopted in this
section, which is a special case of the cumulative prospect theory (CPT) given one-sided
utility/value functions (i.e. the life-cycle cost for homeowners with insurance is framed as a
loss, x = − LCCHO). A linear utility function, i.e. u(x) = x, is considered in Eq. (7.10) for
homeowners because severe losses would be mostly covered by the insurer. The probability
weighting function w(p) given by Eq. (7.11) is used to model homeowners’ misperceptions
about the likelihood of severe damage by windstorms. The selected φ values in Eq. (7.11)
are 0.6 for homeowners who overestimate the occurrence rate of severe damage and claims,
and 1.4 for homeowners who underestimate such likelihood. A w(p) with φ < 1.0 as shown
in Fig. 7.4 implies that the high LCCHO with small probability would be overweighed in the
assessment of rank-dependent expected utility (RDEU) as described in Section 7.3.4. A high
LCCHO with small probability is very likely associated with large storm damage and a high
number of claims. This is illustrated in Fig. 7.8, which shows the histogram of LCCHO
associated with BAU and WS for Brisbane house (N3). As shown in Fig. 7.8(a), high LCCHO
has low frequency, whereas high frequency is associated with relatively small and moderate
LCCHO that are mostly comprised of some small losses and the insurance premium paid
during the building service life. Installing window shutters significantly reduces the
frequency of high LCCHO implying the potential reduction of large storm damage and the
number of claims, though the overall LCCHO increases for homeowners due to the mitigation
cost spent if no incentive is offered (see Fig. 7.8(b)). The moderate LCCHO containing some
small losses less than the excess fee can also be significantly reduced by installing shutters
as shown in Fig. 7.8(b).
Given the random samples of x = − LCCHO in a non-descending order, the RDEU of x
associated with BAU and WS are then calculated by Eq. (7.10), where the decision weights
in Eq. (7.10) is evaluated using the cumulative probabilities of x and the probability
weighting function as described in Section 7.3.4. Table 7.5 shows the calculated RDEU of
x associated with BAU and WS for homeowners in Brisbane and Melbourne. If no incentive
offered, WS would not be preferred by homeowners given a lower RDEU suggested by
Table 7.5. Table 7.6 shows the minimum discount in annual insurance premium and the
minimum rebate for shutter installation that ensure the RDEU associated with WS is no
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smaller than that of BAU. It is suggested that offering discount in premium to homeowners
in Melbourne is still not a viable option for the insurer. For homeowners in Brisbane who
are considered as risk-averse (i.e. overestimate the likelihood of severe damage and making
claims), less discount in annual insurance premium would be needed to motivate them to
install window shutters as compared with those in Table 7.4. On the other hand, more
discount in premium would be needed for homeowners in Brisbane who underestimate
storm damage probability to install window shutters. Similar findings are also suggested by
Table 7.6 for rebates to reduce cost of window shutters that less rebate would be needed for
homeowners who overestimate the likelihood of severe storm damage and the number of
claims. Note that this study uses φ = 0.6 and 1.4 just to illustrate the effect of different types
of judgemental distortion or misperception on the devise of incentives for homeowners to
implement mitigation measures. In real applications, quantitative surveys are needed to
select appropriate probability weighting functions for different groups of homeowners.
Proper risk communication is also needed to inform homeowners about the storm damage
risks and the benefits of installing window shutters. This is left for future research. The
adoption of economic incentives in practice is related to policy-making and involves
multiple stakeholders, which is a complex issue and out of the scope of this study.

Frequency

(a) Business as usual (BAU)

LCCHO (AUD)
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Frequency

(b) Install window shutters (WS)

LCCHO (AUD)
Figure 7.8. Histogram of LCCHO.
Table 7.5. RDEU for homeowners with misperceptions about objective probabilities.
Design wind classification

Overestimate likelihood of severe
damage (φ = 0.6)

Underestimate likelihood of
severe damage (φ = 1.4)

BAU

WS

BAU

WS

Brisbane N2

−13,202

−15,449

−12,577

−15,364

Brisbane N3

−12,306

−15,481

−11,638

−15,365

Melbourne N1

−6,901

−10,900

−6,487

−10,859

Melbourne N2

−7,171

−10,906

−6,860

−10,861

Table 7.6. The minimum discount in annual insurance premium and rebate for shutter installation
based on RDEU.
Design wind
classification

Discount (%) in annual
insurance premium

Rebate (%) to reduce shutter cost

φ = 0.6

φ = 1.4

φ = 0.6

φ = 1.4

Brisbane N2

24%

33%

41%

49%

Brisbane N3

34%

45%

53%

66%

Melbourne N1

81%

95%

67%

77%

Melbourne N2

77%

83%

62%

70%
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7.5.3 Time horizon
The analyses in Section 7.5.1 and 7.5.2 are based on a time horizon of 50 years. In this
section, time horizons of 10 and 30 years are further taken into account. As the time horizon
becomes shorter, the risk reduction provided by window shutters decreases, which indicates
higher incentives would be needed for homeowners to install shutters. This section considers
that discount in annual insurance premium and rebate to reduce shutter cost are both offered
to homeowners in Brisbane. Figure 7.9 shows several pairs of discount and rebate for 10and 30-year time horizons which are minimal incentives that ensure WS and BAU would
be equally preferred based on MELC and RDEU. Figure 7.9 suggests that higher incentives
are needed to motivate homeowners in Brisbane to install window shutters if a shorter time
horizon (i.e. 10 years) is considered. Lower incentives are needed for risk-averse
homeowners who overestimate the likelihood of severe damage events (modelled by
probability weighting function with φ = 0.6), whereas higher incentives are needed to
motivate homeowners who are unaware or insensitive to storm damage risks to install
window shutters (modelled by probability weighting function with φ = 1.4).
(a) Brisbane house (N2)

90%

10-year time horizon

Rebate for window shutter installation

80%

MELC
RDEU (φ = 0.6)

70%

RDEU (φ = 1.4)

60%
50%
40%

30-year time horizon

30%
20%
10%
0%

0%

10%

20%

30%

40%

Discount in annual insurance premium
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50%

60%

(b) Brisbane house (N3)

100%

10-year time horizon

Rebate for window shutter installation

90%

MELC
RDEU (φ = 0.6)

80%

RDEU (φ = 1.4)

70%
60%
50%
40%
30%
20%

30-year time horizon

10%
0%

0%

10%

20%

30%

40%

50%

60%

Discount in annual insurance premium

Figure 7.9. Minimal incentives for 10- and 30-year time horizon based on MELC and RDEU.

7.6 Conclusions
This chapter presents a variety of decision models to account for risk preferences in civil
engineering decision-making under uncertainty. The superquantile, utility theory (UT) and
almost stochastic dominance (ASD) were employed to provide decision support in selecting
alternatives for housing mitigation under extreme winds. The superquantile offers an
effective risk index for risk-averse decision-makers, which well captures the extreme tails
of life-cycle cost distributions. The UT was applied to fully rank mitigation alternatives for
decision-makers with different risk attitudes that are encoded in utility functions. The ASD
does not require the explicit elicitation of utility functions, and therefore it can be used prior
to a detailed expected utility analysis to identify preferred or screen out disliked mitigation
measures for most decision-makers who are expected utility maximizers. The decision
analysis using UT and ASD reveals that, in general, the higher the degree of risk aversion,
the more willingness of decision-makers to implement mitigation measures. Strengthening
roof cladding would always not be preferred even for extremely risk-averse decisionmakers. Installing window shutters for Brisbane houses would be preferred by risk-neutral
and risk-averse decision-makers as well as a considerable portion of risk-seeking decisionmakers. The descriptive decision models aim to predict the decisional behaviour under
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bounded rationality. This study proposes a potential application of descriptive decision
models in devising incentives that can motivate homeowners to install window shutters for
the protection of their home against storm damage. The storm-related losses can be
significantly reduced if homeowners are encouraged to install window shutters. It was found
that, lower discount in annual insurance premium and rebate for shutter installation would
be needed to motivate risk-averse homeowners who overestimate the occurrence rate of
severe storm damage and the likelihood of making claims.
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CHAPTER 8. CONCLUSIONS AND FUTURE WORK
8.1 Summary and Conclusions
This thesis presents a probabilistic risk assessment (PRA) framework to evaluate
economic losses for individual houses subjected to non-cyclonic windstorms. The PRA
framework includes (i) a hazard model accounting for the simultaneous occurrence of
extreme wind and associated rainfall, (ii) a reliability-based wind damage assessment for a
roof system and windows, (iii) a semi-empirical model for rainwater intrusion, and (iv) a
loss estimation model. The developed PRA framework was illustrated on representative
metal-clad contemporary houses in Brisbane and Melbourne − capital cities of Queensland
and Victoria within non-cyclonic regions of Australia. The economic risks are considered to
result from (i) damage to metal roof cladding, timber roof trusses and windward windows
by high wind pressure, (ii) damage to building interior and contents by rainwater entering
from damaged roof and windows as well as gaps around undamaged windows, and (iii) loss
of use and additional living costs. A probabilistic construction defect model for the roof was
also developed, which can be readily integrated into the PRA framework to account for the
reduced roof reliability and performance due to construction defects. The climate change
impact on extreme wind speed and associated rainfall can also be accounted for by the PRA
through a scenario-based approach.
Risk-based decision analyses were further conducted in this thesis to identify costeffective measures for risk mitigation and climate adaptation. Based on the outputs of the
PRA, i.e. economic risks, decision variables such as net present value (NPV) and life-cycle
cost were calculated for different mitigation/adaptation alternatives. The cost-benefit
analysis based on mean NPV was conducted to evaluate the cost-effectiveness of the
mitigation/adaptation measures for risk-neutral decision-makers aiming to achieve
economic efficiency. A sets of decision models were also employed to capture the magnitude
of uncertainty and decision-makers’ risk preferences (i.e. risk aversion, risk-neutrality and
risk proneness) in decision-making. The implications for mitigation/adaptation decisions
with the consideration of insurance and economic incentives were also discussed in this
thesis.
The specific methods and models for the proposed PRA and decision support framework
in this thesis are summarized in the following:
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1) Probabilistic models for extreme wind speed and associated rainfall are described in
Chapter 5. Statistical inferences for the model parameters were conducted using
historical wind speed and rainfall records in Brisbane and Melbourne.
2) Wind damage/fragility assessment for metal roof cladding, timber roof trusses and
windward windows for representative contemporary houses in Brisbane and
Melbourne is described in Chapter 3. Overloading of roof connections was
considered to cause roof cladding and truss failures. A Monte Carlo Simulation
analysis in conjunction with a finite element method were developed to conduct the
fragility assessment for roof cladding and trusses, which enables the probabilistic
characterization of spatially variable wind loads, structural resistances, structural
response, load redistribution and failure progression. Damage to windward windows
by high wind pressure was also considered, and exceedance probabilities of ultimate
strength and water penetration resistances of windows were calculated.
3) Probabilistic modelling for construction defects in roof connections is described in
Chapter 4. A Bayesian approach integrating engineering judgement, human reliability
analysis technique and limited defect data was developed to model the occurrence
rate for five types of construction defects. The uplift capacities for defective roof
connections were also probabilistically modelled based on engineering judgement
and experimental data. The effect of construction defects on wind fragility for metal
roof cladding and timber roof trusses was examined.
4) A semi-empirical rainwater intrusion model is described in Chapter 5 to estimate the
amount of rainwater entering roof and window breaches as well as gaps around
undamaged windows. The volumetric rate of rainwater intrusion was assessed based
on wind speed, rainfall intensity, and the damage states of roof cladding and
windows. The effect of construction defects in roof connections on rainwater
intrusion was also examined in Chapter 5.
5) Assembly-based loss estimation is described in Chapter 5. Cost ratios of housing
components/subassemblies were estimated according to Australian construction cost
guides. Empirical loss functions are presented in Chapter 5 to calculate the loss given
a specific damage state for each housing component.
6) A Monte Carlo simulation (MCS) approach was employed for the PRA that integrates
the hazard analysis, wind damage analysis, rainwater intrusion evaluation and loss
estimation. The output of the PRA is the random samples of annual economic loss
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yielded by the MCS. The construction defect model can be readily incorporated in
the simulation-based PRA framework. The annual economic loss in a future year can
be evaluated by incorporating projected or hypothetical climate change scenarios for
wind and rainfall.
7) Four risk mitigation and climate adaptation measures for the representative
contemporary house were proposed in Chapter 6, including (i) strengthening
connections for metal roof cladding, (ii) installing shutters for windows, (iii)
improving window resistance, and (iv) using water-resistant materials for the
building interior. These measures aim to reduce wind and rainfall losses by either
reinforcing the building envelope or improving water resistance of building interior.
The cumulative economic losses associated with ‘business as usual’ and different
mitigation/adaptation measures were evaluated for a 50-year time horizon based on
the annual losses obtained from the PRA. Decision variables such as NPV and lifecycle cost were then obtained for decision-making. A cost-benefit analysis based on
mean NPV were conducted in Chapter 6 to assess the cost-effectiveness of the
proposed mitigation/adaptation measures for risk-neutral decision-makers.
8) A set of decision models are described and employed in Chapter 7 to account for
different risk preferences and the magnitude of uncertainty involved in the wind
hazard mitigation decisions. These decision models have different features, and can
address various issues in the current decision context (e.g. risk attitudes, extreme tail
of life-cycle cost distribution, elicitation of utility functions, the role of behaviour
economics and bounded rationality, etc) to better inform and support decisionmaking.
9) The descriptive decision models in behaviour economics were adopted in Chapter 7
to predict individual homeowners’ preferred choices for window shutter installation.
A potential application based on the predicted decisional behaviour was proposed in
Chapter 7 to devise economic incentives to motivate homeowners to install window
shutters.
The main conclusions and findings of this PhD study are summarized in the following:
1) The statistical analysis for extreme wind and associated rainfall suggests that
Brisbane tends to have shorter windstorms with more intense rainfall (e.g. severe
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thunderstorms), whereas windstorms in Melbourne are generally longer with lower
average rainfall intensity.
2) Wind fragility of the roof system significantly increases given the presence of
windward dominant openings (e.g. broken windows). Metal roof cladding is more
susceptible to wind damage than roof trusses.
3) The probability of window breakage (i.e. exceedance of ultimate strength) is
considerably lower than that of exceeding the water penetration resistance at a given
wind speed.
4) Rainwater intrusion via window breaches or gaps around undamaged windows is
higher than that through roof openings for relatively lower wind speeds. With an
increasing wind speed, more roof openings tend to occur due to increasing metal
roof sheeting loss, which results in more rainwater intrusion via roof openings.
5) Construction defects in roof connections considerably increase the wind fragility of
metal roof cladding, whereas such effect on roof truss fragility is lower. When
construction defects in roof connections are taken into account, there are more
rainwater entering via roof breaches due to increased metal roof sheeting failures.
6) Annual economic losses for Australian contemporary houses are mainly attributed
to rainwater damage to building interior and contents. Brisbane houses are generally
subjected to higher losses than Melbourne houses. The annual expected losses for
the representative contemporary house in Brisbane with construction defects are
considerably higher than that without considering construction defects, whereas the
effect of construction defects on the calculated expected losses is slight for the
Melbourne house. Construction defects have a much higher influence on severe
storm losses (i.e. damage events with low probability but high consequences).
7) The cost-benefit analysis based on mean NPV or expected life-cycle cost for riskneutral decision-makers suggests that strengthening windows by increasing window
ratings (e.g. N1 to N2, N2 to N3) is cost-effective for Brisbane houses and
Melbourne houses. Installing window shutters significantly reduces economic risks
incurred by wind and rainfall damage, and is cost-effective for houses in Brisbane.
The adverse effects of construction defects can be largely counter-balanced by
installing window shutters. Climate change impact on the cost-benefit analysis is
marginal.
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8) The decision analysis based on mean NPV or expected life-cycle cost fails to capture
the magnitude of uncertainty and risk preferences involved in the wind mitigation
decisions for housing. The superquantile, utility theory and almost stochastic
dominance can serve as decision support tools to explicitly account for risk
preferences in decision-making under uncertainty. The decision analysis using these
decision models reveals that, in general, the higher the degree of risk aversion, the
more willingness of decision-makers to implement mitigation measures.
Strengthening roof cladding would always not be preferred even for extremely riskaverse decision-makers. Installing window shutters for Brisbane houses would be
preferred by risk-neutral and risk-averse decision-makers as well as a considerable
portion of risk-seeking decision-makers.
9) The incentives devised based on the predicted homeowners’ preferences have the
potential to motivate homeowners to install window shutters for the protection of
their houses against storm damage. The storm-related losses can be significantly
reduced if homeowners are encouraged to install window shutters. Lower discounts
in annual insurance premiums and rebates for shutter installation would be needed
to motivate risk-averse homeowners who overestimate the occurrence rate of severe
storm damage and the likelihood of making claims.

8.2 Recommendations for Future Work
Many parameters in the probabilistic and statistical models developed in this study were
estimated based on limited observed data and evidence that are available publicly.
Subjective engineering judgement was inevitably used to give the best estimates of these
parameters. Therefore, more numerical studies, experimental tests and field observations
may be further introduced to improve the accuracy of the models and methods developed in
this PhD study. The PRA and decision support framework developed in this PhD study are
for individual houses. The major extension of this study is to further assess economic risks
for multiple houses in a residential community.
Specific suggestions for the improvement and extension of this PhD study are given as
follows:
1) Wind and rain data in Brisbane and Melbourne from more weather stations can be
further incorporated in statistical analysis for the hazard models by accounting for
spatial variations and patterns of rainfall across the entire urban areas.
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2) Damage accumulation during a windstorm with varying wind directions or from
multiple windstorms need to be further incorporated in the wind damage assessment.
This may require event-based wind hazard modelling and detailed analyses for
structural response such as fatigue and permanent deformation of structural
components beyond the elastic stage.
3) Wind Damage/fragility assessment can be extended to account for other vulnerable
housing components during windstorms (e.g. garage doors, gutters, flashings, etc).
This requires more information regarding the spatially varying wind loading on these
components and the corresponding structural resistances.
4) Although the effect of correlation between defects is practically examined in a
sensitivity analysis in Chapter 4, further inclusion of the defect dependence in the
theoretical model formulation is needed. This requires modified mathematical
models and more statistical information about the correlations.
5) A challenging task is to collect more construction defect data and corresponding
information regarding working contexts, which is essential for the improvement of
the damage and risk assessment for housing. It is challenging due to many reasons
such as restrictive access to construction sites, privacy issues (e.g. people do not like
to disclose their mistakes and/or to be monitored while working), etc. It might be
beneficial if authorized or permitted professional inspectors were introduced in some
stages of the construction process to have detailed inspections on the construction
quality and obtain the statistics for the occurrence rate of construction defects.
6) The parameters of the semi-empirical rainwater intrusion model need a revisit when
more experimental evidence and computational fluid dynamics (CFD) studies are
available. Full-scale and wind tunnel testing for rainwater intrusion may be
conducted for buildings with generic geometries. Corresponding CFD models can be
calibrated using the test data and then extended to a wider range of building
geometries.
7) The threshold of water depth leading to a total loss of building interior and contents
used in the empirical loss functions can be further modified when more field
observations and insurance data are available.
8) Further validations of the wind damage and risk assessment results using postdamage observations and insurance data, if available, are needed.
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9) The proposed application of descriptive decision models in devising incentives for
homeowners to install window shutters is illustrated in Chapter 7 based on assumed
risk perceptions of homeowners. Quantitative surveys are needed to identify different
homeowners’ attitudes and preferences as well as the associated influencing factors
(e.g. socioeconomic status). Proper risk communication is also needed to inform
different groups of homeowners about the storm damage risks and the benefits of
installing window shutters.
10) The PRA and decision support framework can be extended to consider a residential
community. Different types of houses in a community need to be further considered
(e.g. houses with tile roof). Interactions and correlations between multiple houses
need to be taken into account. This may require the explicit modelling of shielding
effects and windborne debris.
11) There is a need to account for other perils associated with windstorms that may cause
housing damage such as hail, windborne debris, flood and fallen tree damage.
12) The climate change projections for compound events (e.g. simultaneous occurrence
of extreme wind and rainfall) in Australia are not available. Thus, the climate change
impact on wind and rainfall losses needs a revisit when consistent and accurate
projections become available for the change in extreme wind speed and associated
rainfall, which requires further inputs from climate scientists.
13) The proposed risk assessment and mitigation framework can be extended to other
metal-roofed buildings such as warehouses and residential buildings with multiple
storeys. When applied to a different type of building, detailed wind loads, building
geometries and structural resistances need to be adapted to the new application
accordingly.
14) The proposed risk assessment and mitigation framework can also be extended to
houses in cyclonic regions of Australia. The wind and rainfall modelling is subjected
to change for cyclonic winds. The wind loads, structural design and resistances also
need to change accordingly for houses under cyclonic winds. The cost-effectiveness
of relevant mitigation measures to reduce damage risks from tropical cyclones also
needs to be examined based on an engineering and reliability-based approach, which
is currently absence in the literature for Australian housing subjected to cyclonic
winds. Such future study may provide unique recommendations for mitigating
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Australian houses in cyclonic regions compared with the recommendations made in
this study for housing in non-cyclonic regions.
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