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1 Long-Term Resilience and Loss Assessment of Highway Bridges under Multiple
2 Independent Natural Hazards
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4  ABSTRACT

Highway bridges play a significant role in maintaining the safety and functionality of the society.
The immediate damage of highway bridges caused by natural hazards can disrupt transportation
systems, impede rescue and recovery activities. This disruption may result in tremendous financial

and societal losses. Therefore, assessing the vulnerability, recovery capability, potential losses of
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bridges under natural hazards becomes a primary concern to decision-makers to facilitate the
10 emergency response and recovery efforts. Under these concerns, resilience is a paramount
11  performance indicator to evaluate and recover the functionality of structural systems under
12 extreme events. In this paper, an integrated framework for long-term resilience and loss assessment
13  of highway bridges under multiple independent natural hazards is presented. The impacts of
14 extreme events such as earthquakes, hurricanes and floods on the life-cycle performance of bridges
15 are illustrated. A stochastic renewal process model of the random occurrence of hazard events is
16  used to compute the expected long-term resilience and damage loss by considering both time-
17  independent and time varying occurrence characteristics. The proposed approach is applied to a
18 highway bridge, in which the impacts of earthquake and hurricane hazards are considered. This
19  framework can be implemented to the design, maintenance, and retrofit optimization of

20  infrastructure systems under multiple extreme events.
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1 Introduction

Highway bridges are essential infrastructure components to ensure safety and functionality of the
society. During their service life, bridges are exposed to multiple hazards such as earthquakes,
floods, and hurricanes. The resulting structural damage can cause significant disruption to
transportation systems and substantial economic loss to the society. In a long-term perspective, it
is likely that the potential risk and loss are accumulated and aggravated due to uncertainties
throughout the entire life-cycle of civil infrastructure systems. Therefore, risk mitigation for
highway bridges has received an increasing awareness from researchers, policy-makers, and
insurers in terms of the importance of assessing the performance, recovery capability and long-
term loss of bridges under natural hazards. Though the reliability of infrastructure systems with
respect to external disasters has been emphasized in previous studies (Akiyama et al. 2011;
Thanapol et al. 2016), the ability of bridges recovering functionality to acceptable levels under
multiple extreme events has not been explored extensively and more studies are required on
resilience quantification. Therefore, it is necessary to provide a comprehensive resilience and
probabilistic loss assessment of highway bridges under natural hazards to aid the preparation of

emergency response and recovery decisions.

To mitigate the impacts of extreme hazards, structural resilience is expected to be enhanced
towards a desired level by considering structural functionality before, during, and after an extreme
event. Resilience, related to the functionality of structural systems under extreme events and
recovery patterns, is becoming a paramount performance indicator within the hazard management
process (Bruneau et al. 2003; Bocchini and Frangopol 2011; Frangopol 2011; Frangopol and
Soliman 2016; Frangopol et al. 2017; Zheng and Dong 2019). It highlights the evaluation of
capability of civil infrastructure systems to maintain prescribed safety, flexibility, and to recover
from extreme events. Several definitions of resilience were proposed in the literature. One of the
most widely used definitions was provided by Bruneau et al. (2003): “Resilience is defined as the
ability of social units (e.g., organizations, communities) to mitigate hazards, contain the effects of
disasters when they occur, and carry out recovery activities in ways that minimize social disruption
and mitigate the effects of future earthquakes”. Resilience has four properties: robustness, rapidity,
redundancy, and resourcefulness. Robustness is the strength or the ability of units to withstand a

certain level of stress without suffering degradation or loss of function; Redundancy is the ability
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of satisfying functional requirements when disruption, degradation, or loss of functionality occurs;
Resourcefulness is the ability to apply material and human resources to achieve established
priorities, resources mobilization and other goals; Rapidity is the capacity to achieve priorities and
other goals in a timely manner to reduce the losses and avoid future disruption (Bruneau et al.
2003).

The previous studies on resilience were mainly focused on the assessment of bridges
associated with single-hazard analysis. Deco et al. (2013) and Dong and Frangopol (2015) assessed
the resilience of highway bridges under seismic hazard. The resilience of bridges under flood
effects with different return periods was investigated by Dong and Frangopol (2016). There were
a limited number of resilience studies of bridges dealing with multiple hazard effects (Deco and
Frangopol 2011; Pescaroli et al. 2018; Akiyama et al. 2019). Multiple hazards could bring
considerably more disastrous consequences to the society than a single hazard (Padgett et al. 2009;
Jalayer et al. 2011; Dong and Frangopol 2017; Zheng et al. 2018). Gidaris et al. (2017) underlined
that structural vulnerability, loss evaluation, recovery and restoration models were key elements
for accurate quantification of resilience of highway bridges in the multihazard analysis. Bruneau
et al. (2017) reviewed the state of the art of structural performance under multiple hazards by
considering the resilience and hazard interaction effects were highlighted for different structural
systems. This work indicated that further efforts should be implemented to explore the multihazard
performance in a life-cycle context for a variety of hazards and structural portfolios. In the long-
term performance evaluation of highway bridges, uncertainties associated with vulnerability, loss
and resilience can be accumulated due to different occurrence probability of different hazardous
events. Under the multihazard consideration, different indicators may show various performance
characteristics of a range of hazardous events. Thus, it is essential to incorporate consideration of
multiple hazards into performance studies of structures and civil infrastructure systems to identify
the most dominant and costliest hazard scenario to help decision-makers propose the optimal

design and management strategies.

Most of previous studies on the resilience assessment focused on some given hazard scenarios
without considering the stochastic process of the hazard occurrence within the service life of
structures except for a few (Yang and Frangopol 2019a). In this paper, the probabilistic long-term
resilience and loss considering time-dependent interarrival time models are assessed. Though the

concept of long-term resilience was introduced by Yang and Frangopol (2019a), specific physical-
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informed damage models were not taken into account. Pandey and Van der Weide (2017)
introduced the general renewal process to formulate the lifetime damage cost of a structure. This
cost was considered as the only performance indicator in the renewal process without considering
the long-term resilience. Generally, both the resilience and loss are important indicators for
decision-makers to propose the optimal management strategies under multi-hazard considerations.
Although the approach proposed by Pandey and Van der Weide (2017) considered time-dependent
interarrival models, the analytical model was not validated by the numerical simulation. To address
these concerns, this paper aims to present a comprehensive framework to quantify the long-term
resilience and loss of highway bridges under different natural hazards, incorporating both time-
independent and time-varying interarrival models of hazard occurrence using renewal process.
Monte Carlo simulations are conducted to validate results from the proposed renewal-based

approach.

Overall, in this paper, an integrated framework quantifying long-term resilience and loss of
highway bridges under natural hazards is presented. Independent natural hazards are focused. The
proposed framework presents the process of considering multiple hazard impacts into the
resilience and loss assessment, including the stochastic process of hazard occurrence, structural
vulnerability analysis, functionality analysis and life-cycle analysis. Insights and lessons learnt
from past extreme events are outlined to emphasize the significance of resilience and loss
assessment under hazards. Damage assessment of highway bridges associated natural hazards
including earthquakes, hurricanes and floods and structural performance is introduced. An
illustrative example is provided to introduce the evaluation of long-term resilience and loss of a
typical highway bridge under representative hazard scenarios of earthquakes and hurricanes. A
numerical model of the highway bridge is established to evaluate the structural performance under
hurricane hazard. An experimental study is conducted to validate the numerical bridge model.

2 Resilience Assessment

Catastrophic damages caused by recent natural hazards such as Hurricane Katrina and Hurricane
Michael and other natural disasters worldwide raised awareness of the public to the importance of
risk mitigation and resilience assessment on transportation systems (Zhang et al. 2017; Zhang et

al. 2018; Kilanitis and Sextos 2019; Yang and Frangopol 2019b). Resilience, as an important
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structural performance indicator, is defined as the ability of a civil infrastructure system to
maintain its functionality and return to normality after an extreme event. A resilience assessment
establishes a connection between structural performance, post-hazard functionality, and recovery.
Typically, this assessment comprises identification of multi-hazard risks, resilience analysis, and

evaluation of resilience as shown in Figure 1 (ISO 2009).

Risk assessment plays an important role as risk is related to both the consequences caused by
structural failure or loss of functionality associated and probability of structural failure. The
outputs of communication are used to assess the risk and resilience effectively by establishing the
context. Subsequently, cumulative risk and resilience of the given infrastructure system could be
obtained under multiple natural hazards. Once resilience assessment is conducted, evaluation in
terms of resilience parameters and their acceptability and viability should be performed. It is worth
noting that performance parameters and countermeasures may vary in time and space at local scale
due to the interaction between resilience and risk. The proposed framework allows decision-
makers and practitioners to assess and enhance the resilience of structures and to propose rational
actions associated with planning, maintenance and rehabilitation against natural hazards. These
actions generally consist of social measures (e.g., awareness), physical measures (e.g.,
infrastructural preparedness) and corrective measures (e.g., life-cycle assessment of retrofitting
decisions). In addition to analysis, continuous monitoring and periodic review are essential. An
adaptable process of resilience assessment is required to encapsulate changes in contexts and

record continuous evolution of resilience, as indicted in Figure 1.

Resilience has been increasingly implemented to performance-based seismic design of bridges
as a vital performance indicator (Frangopol et al. 2017; Zheng and Dong 2018; Broccardo et al.
2015). Embedding resilience within performance-based design could incorporate more decision
variables (e.g., repair cost, time) within structural design process. For example, additional factors
can be included in the design procedures such as social and financial implications, recovery from

a damage state or collapse, among others.

A probabilistic model that can be used in the performance-based bridge design under multiple
hazards is (Moehle and Deierlein 2004)



151
152
153
154
155
156
157
158
159
160
161
162
163
164
165
166
167
168
169
170
171
172
173
174
175
176
177
178

P(D>dv|IM =im)
. . 1
=[]0 ], Goviow (@1 dm). | dGoy cop (dm ] edp). | dGomy (edp im) .| dGy (im)|

where P indicates the aggregate probability of a structure reaching or exceeding the limit state;
DM indicates the damage measure; EDP indicates the engineering demand parameter; IM indicates
the intensity measure; and DV indicates the decision variables. The Eg. (1) is a significant part of
the PEER framework (PEER 2013) from the Pacific Earthquake Engineering Research Center
(PEER). Broccardo et al. (2015) validated the effectiveness of using the PEER framework to assess
the probabilistic resilience of civil systems. Incorporating the resilience as a decision variable, the
PEER framework satisfied the optimal target under the investigated hazard through accomplishing
of resilience management strategies. Additionally, different decision variables can be implemented
based on this framework. A recent case study of reinforced concrete buildings presented a
systematic analysis integrating resilience, sustainability and loss into the PEER framework
(Hashemi et al. 2019). Apart from seismic hazard, the integrated framework has been applied to
other different hazard types, such as coastal bridges against extreme wave-induced loads. Qeshta
et al. (2019) provided a review of resilience assessment on coastal bridges against extreme wave-
induced loading, in which studies were comprehensively concluded in terms of wave forces, bridge
response, vulnerability analysis, and resilience assessment incorporating with the PEER
framework. Different from earthquakes, the hurricane-induced impact upon bridges is a typical
example of concurrent multi-hazard event, as bridges are affected by wind, storm surge, and waves
simultaneously. Therefore, instead of focusing on the single intensity measure, (e.g., peak ground
acceleration of seismic hazard), the integrated assessment framework under hurricanes requires
multiple independent or correlated intensity measures, such as wave height, wave period, clearance,
and inundation depth. Zhang and Alam (2019) indicated that damage to bridges can be additionally
considered at transportation levels besides the commonly defined structural levels. The structural
level damage comprises the losses arising from bridge repair. Similarly, transportation level
damage accounts for the serviceability of bridges leading to indirect loss such as traffic delays and
detour (Yang and Frangopol 2018). Meanwhile, due to continuous exposure to the traffic, it is
likely that the indirect loss caused by transportation damage would fairly surpass the direct loss
resulted from structural damage. These examples have provided effective approaches for the multi-

hazard considerations. Overall, various metrics can be selected into the performance-based studies
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of structures and civil infrastructure systems in the multi-hazard analysis. The resilience model

provided by Bruneau et al. (2003) gives

to+AL
1 o+Aal

Rees A j Q(t)dt @)

where Q(t) is the functionality of a bridge under recovery function at time t (e.g., days); to is the
initial investigated time; and A¢ is the investigated time interval. The functionality is significant
during the resilience quantification as restoration of structure highly depends on how the repair
and recovery work. Functionality levels can be defined to classify the emergency response and
recovery post-earthquake period. For example, for the planning of emergency response, the
functionality can be considered as the capability of a bridge located on a link transferring resources
to hazard affected areas. With respect to the recovery at post-earthquake phase, the functionality
can be considered in different stages as open, limited use, and closed. The expected functionality
is evaluated from that associated with the investigated damage states. There are several models
available for the functionality quantification. Deco et al. (2013) proposed an effective probabilistic
model to compute the time-dependent functionality of bridge after a seismic event based on six
probabilistic parameters including uncertainties. However, implementation of this comprehensive
approach can be challenging when there is limited information available. Cimellaro et al. (2010)
indicated that the functionality computational process could be classified based on the community
preparation levels, while quantification of these levels might be difficult during the multiple-
hazard analysis. These community preparation levels were classified as prepared community, not
well-prepared community, and well-prepared community, respectively. Another efficient recovery
model was proposed by ATC (1999) to assess the functionality restoration process of bridges based
on lognormal cumulative distributed function (CDF). This method allows quantification of
functionality under the given recovery pattern and requests the least inputs compared to the other

approaches.

The recovery models for earthquakes are widely investigated, whereas there is limited
research on the recovery models of coastal bridges under hurricanes. The majority of recovery
models applied to the hurricane-induced damages are based on the seismic restoration
methodologies and tsunami-based approaches (Gidaris et al. 2017). For instance, Bocchini and
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Frangopol (2012) proposed the functionality recovery model considering various restoration
scenarios using a sinusoidal process. Though different performance stages are evaluated, it is
difficult to calibrate the parameters used in this recovery model, as there is large uncertainty in the
damage collection. When considering the hurricane-induced waves and surge, a HAZUS tsunami
approach (FEMA 2013) can be utilized, which presents a framework based on expert opinion
survey to evaluate the loss being in different damage states. However, the HAZUS approach is a
simplified model as the bridge is assumed to be restored to full performance rather than different
levels. Qeshta et al. (2019) indicated that some seismic restoration models can be applied to the

other types of natural hazard (e.g., damaged bridges by hurricanes).

Another resilience model introduced by Minaie and Moon (2017) focused on the practical
implementation of resilience assessment and proposed a simplified resilience quantification
framework of bridges under extreme events. The bridge resilience is illustrated as the capability
of a bridge to maintain a robustness level and to recover to a target performance level within the
shortest time. Robustness refers to the residual performance subsequent to a natural hazard, which

can be computed by integrating hazard, vulnerability, and uncertainties (Minaie and Moon 2017)

P, =100% — max(9.259x H xV xUF) x| 3)

in which | represents importance factor of the investigated bridge; H is related to the hazard
severity; V refers to the vulnerability, the product H x V depends on each extreme event and
vulnerability category; and UF is the uncertainty factor. Through this equation, the robustness
could represent the worst potential scenario affecting bridge functionality. A simplified model of
recovery is provided considering the recovery time as a function of adjustment factors and
restoration, in which the recovery time is adjusted based on the management practices from agency,
historical records of extreme events in the past year, and bridge types. Accordingly, for a control
time within one year (i.e., 365 days), the bridge resilience can be evaluated as the ratio of the area
of the post-event performance to the area under the desired performance level (e.g., 100% for full

recovery)



231
232
233
234
235

236
237

238
239
240
241
242
243
244
245

246
247
248
249
250
251
252
253
254
255

. P(t)dt
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j P(100%)dt
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0

where P(t) refers to the structural performance and P(100%) is the optimized performance. This
engineering-based resilience quantification method efficiently assesses the resilience capturing
key parts of bridge operation, knowledge of experts, and lessons learnt from past disruptive events.
In addition to the two methods presented in Eqgs. (2) and (4), there are several other effective

models available for the resilience assessment in the literature (e.g., Franchin and Cavalieri 2015).

3 Resilience and Structural Damage Loss Estimation under Hazards on a Long-Term

Vision

This section aims to provide a long-term assessment framework of highway bridges with respect
to resilience and structural damage loss under natural hazards. During the life-cycle analysis, the
large uncertainty related to the frequency and intensity of natural hazards in the life-cycle analysis
can be quantified by the stochastic occurrence model. In literature, although the homogeneous
Poisson process (HPP) has been widely used to model hazard occurrence, the stochastic
characteristics of natural hazards are limited to time-independent property. To incorporate both
time-independent and time-varying occurrence characteristics, this paper adopts a renewal process

(a generalization of HPP) to assess the long-term resilience and loss.

Given the investigated time period (0, tmax], €ach hazard event (e.g., earthquake) occurring
within this period is described using index k. Tk denotes the arrival time of hazard, Lk is the
economic loss, and R refers to the bridge resilience under investigated hazard. Interarrival time is
defined by Wk, where arrival time equals the sum of interarrival times Tk = W1 + Wo + ... + Wk
The hazard occurrence is modeled by the renewal process, where the interarrival time Wk is
independently identically distributed (1ID). The time period tmax can be taken as the lifespan of
infrastructure and the total number of hazard occurrence is N(tmax), With Tk < tmax. An illustrative
diagram illustrating the long-term resilience and loss framework is shown in Figure 2. Based on
the established stochastic model, the long-term resilience RE(tmax) Within investigated period tmax

can be written as
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REIt (tmax) = Z Rk (5)
k=1
in which Ry is the bridge resilience associated with a single hazard and N(tmax) is the total number
of hazard occurrences within investigated service life. The long-term resilience is the sum of
resilience of all the hazard events. In addition to the resilience, the long-term loss can also be
evaluated based on the renewal process. The cumulative long-term damage loss DLit(tmax) Can be

formulated as

N (tmax )

DLIt (tmax) = Z I—ke_er (6)
k=1
where L is the economic repair loss; Tk is the arrival time of the kth hazard; and the financial
discount rate r is used to transform future damage loss into the present within the investigated time

horizon. Long-term loss is discounted to the present value using a constant discount rate r.

The long-term resilience and loss can be quantified by using analytical computation and
numerical Monte Carlo (MC) simulations, but the simulation approach can be expensive.
Analytically, the expected long-term resilience and loss can be quantified analytically using the
properties of renewal theory (Ross 2014). The key to solve Egs. (5) and (6) is to identity the number

of hazard events, which can be expressed as

E[N (tmax )] = i I:W(k) (tmax) = (D(tmax) )

k=L
in which Fw®(tmax) is a k-fold convolution of interarrival time Wi and ®(.) is known as the renewal
function in the renewal process.

The renewal function satisfies an integral equation conditioning on the first arrival timey. The
CDF of interarrival time Fw(t) is assumed to be continuous. Hence, the expected number of events

denoted by a density function yielding at the first renewal dFw(y) can be written as

10
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When the first arrival time is larger than tmax, there is no event within the investigated period,
with E[N(tmax)] = 0. When y < tmax, the renewal process enables the renewals have the same

distribution. Hence,

EIN (te) IW, = Y <t ] =1+ E[N(t 0 — V] =1+ Dt — Y) 9)

Substituting Eq. (9) into the Eq. (8), the expected number of arrivals can be written as

q)(tmax) = I:W (tmax) + J‘;max q)(tmax - y)d I:W (y) (10)

Using the renewal function, the expected long-term resilience and loss can be formulated as
follows

E[REIt (tmax )] = E[R](D(tmax) (ll)
E[DL, (t,.)] = E[LI[ ™ e "d@(t) (12)

in which E[N(tmax)] is the expectation of the number of hazard events within bridge service life.
The derivations of Egs. (11) and (12) are shown in Appendix A. It is assumed that damaged bridge
is repaired to the pre-damage state before the next hazard event.

Given E[N(tmax)] = Afmax based on the Poisson-based renewal process, the expected long-term

resilience and loss associated with Poisson process can be formulated as

E[RE, (t..)] = RAt ., (13)
E[DL ()] = - -¢™) (14)

in which the expected resilience of each hazard event and economic repair loss are defined as E[R]
=Rand E[L] = L.

11



287
288
289
290
291

292
293
294
295
296
297

298

299
300
301
302
303
304
305
306
307
308
309
310
311

In earthquake engineering, there are several other nonstationary renewal processes adopted
with time-varying interarrival time models except exponential models. For instance, a Brownian
model is increasingly used in the long-term seismic analysis and forecasting (Matthews et al. 2002).
The interarrival time follows Brownian passage-time (BPT) distribution with a probability density
function (PDF)

N AR S
()= 2ma’t’ X 2ua’t (15)

where u is the mean and o is coefficient of variation (COV). The long-term resilience and loss
based on the renewal BPT model can be computed using Egs. (10) to (12), where the expected
number of hazards are computed by the integration. The CDF of BPT distribution is provided in
Matthews et al. (2002). Based on the proposed renewal approach, a variety of time-varying
interarrival time models can be applied into the assessment of long-term resilience and loss, such

as Gamma (Hainzl et al. 2006) and lognormal (Michael 2005) distributions.

4 Evaluating Natural Hazards for Bridges

The multi-hazard consideration in risk analysis has been gaining momentum since early 2010 due
to increasing exposure of highway bridges to multiple hazards. Studies of Deco and Frangopol
(2011), Kameshwar and Padgett (2014), Wang et al.(2014), Liao et al. (2018), Akiyama et al.
(2019) incorporated the effects of multiple natural hazards on highway bridges. When considering
the interactive impacts of these extreme events, one key aspect of multi-hazard analysis is to
involve both independent (e.g., an earthquake and environmental-induced corrosion) and
interacting (e.g., an earthquake triggering the subsequent tsunami) hazard scenarios into the
assessment (Akiyama et al. 2019; Gautam and Dong 2018). In order to assess the structural
performance under multiple hazards, an integrated consideration is necessary consisting of the
probability of hazard occurrence, vulnerability of the structural system under hazards, and
consequences of structural failure, as indicated in Figure 3. In this study, the independent natural
hazards are considered. Given more information regarding the interacting effects associated with

multiple hazards (e.g., occurrence probability, vulnerability analysis under multiple hazards), the

12
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dependent hazards could also be assessed. A detailed illustration regarding damages of highway

bridges associated with earthquake, hurricane and floods hazards is provided in this section.

4.1 Earthquakes

Earthquake is a typical hazard for structural systems. In the probabilistic seismic hazard analysis
(PSHA), seismic intensity at the location of structure should be identified at the beginning. The
analysis procedure associated with PSHA using the ground motion prediction equation is
demonstrated in Appendix B. The seismic vulnerability of structural systems could be computed
based on structural analysis. The vulnerability of a structural system could be addressed through
fragility curves that indicate the probability of reaching or exceeding a particular damage state
under the designated intensity measure (IM) level.

The fragility curves can be calculated as (Cornell 2002)

1 exp( [In(edp) —In(a- IM®)J?

LS;
P[DI >LS;[IM]=1-| "
Io N2 'fEDPuM -edp 2(§EDP“M )2

)dedp)  (16)

where LS; represents the ith LS and &eppiv IS the standard deviation of the logarithmic distribution.
The seismic demand assesses the EDP as a function of a chosen ground motion intensity and can
be guantified using appropriate seismic structural responses, such as deformation or ductility of
vulnerable components. For highway bridges, reinforced concrete (RC) columns are key
components susceptible to seismic damage. Sectional curvature ductility, displacement ductility,

and residual displacement are commonly used as the seismic damage indicators for RC columns.

4.2 Hurricanes

The impact of hurricanes upon highway bridges shows a typical example of interacting multi-
hazard effects. For instance, the bridge is threatened by concurrent hazards during a hurricane
event including strong wind, wave and storm surge. In this section, two methods of evaluating

hurricane-induced damage are introduced consisting of analytical and numerical studies.

The effects of hurricanes on highway bridges mainly stem from storm surge and wave-induced
loading. The resulting uplift forces in vertical and horizontal directions produce large

displacements at supports. When the displacements surpass the limitation at supports, the deck

13
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unseating may occur (Mondoro et al. 2017). It is commonly recognized that deck unseating failure
is the most primary damage for simply and continuous supported bridges (Kulicki 2010). Some
bridge spans even with fixed connection using dowelling undergo complete connectivity failure
during the Hurricanes Katrina (Padgett et al. 2008). Wang et al. (2017) recommended a method to
assess hurricane-induced structural damage loss from the perspective of insurers and performed a
hurricane vulnerability analysis considering model uncertainty. This paper presents a probabilistic
life-cycle assessment framework of bridges vulnerable to hurricanes and suggests a new approach
for damage loss assessment under hazards. The hurricane can be considered through the
probability distribution of the wind speed V. The associated CDF with time-variant parameters
u(t) and «(t) is (Wang et al. 2017)

a(t)
F, (v,t)=Pr(V <v) :1—exp{—($j } a7

The vulnerability analysis indicates estimation of the probability of failure of bridges under
the given hurricane scenarios. In structural safety analysis, failure occurs when the demand
surpasses capacity. This paper highlights the deck unseating failure mode for bridges during
hurricanes. Deck unseating occurs when the capacity of bridge superstructure at supports fails to
resist the uplift forces caused by storm wave loadings. These variables can be obtained from either
empirical methods or computational modelling. Both methods can provide relatively accurate
approximations of wave forces upon bridge deck. The empirical method provides the maximum
wave force through time-independent computation, while the computational approach can provide
the time-variant wave forces. However, the latter approach is usually computationally expensive.

The American Association of State Highway and Transportation Officials (AASHTO)
provided guide specifications for bridges vulnerable to coastal hurricanes (AASHTO 2008;
Mondoro et al. 2017). In these specifications, a set of equations assessing maximum vertical force,
maximum horizontal force and the corresponding overturning moment, are formulated. The
vertical loading on bridge superstructure contributes to deck unseating failure. According to

AASHTO (2008), the maximum quasi-static vertical force is defined as
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S (18)
(b, +b1x+b—2+ b,x’ +b—‘;+y+ b,x*)(TAF)
y y y

where yw represents the unit weight of water; Hmax refers to the maximum wave height; ds is the
water depth at or near the bridge; T, is the wave period; W is the defined wetted deck width; £ is a
coefficient associated with the wave crest and bridge deck; x and y are defined as the ratio of
maximum wave height over wave length and the ratio of deck width over wave length, respectively;
bo to be are coefficients associated with bridge deck spans; and TAF is the trapped air factor
considering the effect of trapped air. The significant wave height and wave period are required to
compute the demand of bridge deck. The vulnerability model associated with hurricane wind speed
aims to characterize the probability of bridge deck unseating damage caused by hurricanes.
Subsequently, Monte Carlo simulation and/or other computational analysis methods can be applied

to attain the probability of failure.

In addition to the empirical model, the computational approach, referring to the computational
fluid dynamics (CFD) model, could also be used to compute the forces on the superstructure. It
provides simulations of 2D/3D hydrodynamic modelling. During the dynamic fluid interactions,
the movement of fluid in physical domain depends on various properties. Changes of these
characteristics are commonly examined by the Navier-Stokes equations based on laws of
conservation (Temam 1984). In terms of the structural simulation, the total force along a
designated force vector equals to the sum of dot product of the viscous forces and pressure

horizontally and vertically. This relationship is (Kohnke 1994)

F,=a-F,+aF, (19)

where a is the designated force vector; F, is the pressure force vector; and F, is the viscous force

vector.

4.3 Floods

Highway bridges are particularly susceptible to floods especially in coastal areas. Several historical

events have highlighted that floods can be disastrous to bridge structures (Gautam and Dong 2018).
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For instance, the 2017 central Nepal flash flood washed away a bridge (see Figure 4a) due to
torrential precipitation of four hours. Although the bridge was built recently (completed in June
2015), the debris with the flash flood in the mountainous terrain was particularly destructive and
the bridge disappeared without any signature on site. According to the records of flooding events,
it is found that bridges are extensively damaged due to flash floods. Forensically, it could be
inferred that the damage due to flash floods would surpass the damage due to earthquakes having
moderate ground shaking. Flood impact to bridges can be attributed to scour, deterioration of
bridge components, water pressure, hydrodynamic forces exposed to the bridge/component, and
debris impact and accumulation, among others. Bridge scour, deterioration, and increment of water
pressure due to debris accumulation are considered as the major detrimental factors. Increased
hydrodynamic forces together with debris and sediments usually cause bridge scouring (see Figure
4b), particularly in piers.

Deterioration due to various factors is another notable problem that causes functionality loss
or collapse of bridges. In general, environmental conditions, lack of drainage, load fluctuation
above the capacity, and lack of periodic maintenance can cause deterioration of bridge
components. Occasionally, significant deterioration may lead to serious compromise in the
functionality as well. Bridges built in developing countries are more likely to suffer from
deterioration aggravation compared to those in developed areas due to lack of preventive
maintenance as well as emergency maintenance strategies. Additionally, deteriorated bridges are
more vulnerable than the non-deteriorated counterparts. For instance, the 1988 and 2015
earthquakes in Nepal highlighted that similar type of bridges close to the epicenter performed
better during the 1988 earthquake than the bridges far from the epicenter during the 2015 Gorkha,
Nepal earthquake. Compared to the deficient behavior during the 2015 earthquakes, the
performance of bridges was satisfactory during the 1988 earthquake. This is most likely attributed
to the age of bridges. Aging can lead to decrease of structural capacity and increase in bridge
vulnerability (Gautam 2017).

Corrosion of reinforcement usually occurs due to environmental conditions. Thoft-
Christensen et al. (1997) suggested the reduction in reinforcement area considering a time-

dependent model as
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In Eq. (20), A(t) indicates the effective area of the reinforcement; D is the diameter of
reinforcement; T is the time when corrosion starts; r1 is the rate of corrosion; and D(t) is the
effective reinforcement diameter after t years. Furthermore, D(t) can be calculated using Eq. (21)
as follows

D(t)=D-nrx(t-T) (21)

Due to high velocity of water together with the debris and sediments, increased water pressure
also becomes prevalent to bridges. AASHTO (2000) suggested estimation of water pressure based

on the empirical formula
p, =5.14x107* xC_ xV’ (22)

where pw is the water pressure and Cp is the drag coefficient. The scour depth for a single pier can

be estimated using the empirical formula suggested by (Yanmaz 2001)

0.413
S =1.564x 04 x[ v ] (23)

Jgxd

where S is the scour depth; y refers to the relative approach flow depth; v is the flow velocity; g is
acceleration due to gravity; and d indicates the depth of approach flow. Previous studies (e.g., Kim
et al. 2017) have highlighted the variation of scour depth per geometric shape of the pile, location,
and arrangement. As suggested by Briaud et al. (2007) the deterministic approach of scour depth
prediction can be converted into a probabilistic one considering the future flood risk. Zhu and
Frangopol (2016) and Liao et al. (2018) presented probabilistic approaches to risk assessment of
bridges under scour. Also, a risk-based cost-benefit analysis for the retrofit of bridges exposed to

extreme hydrologic events considering multiple failure modes was presented in Mondoro and
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Frangopol (2019). Chow (1965) has suggested the procedure to estimate the discharges of 100-
year (Q100) and 500-year (Qsoo) flood events using linear regression with the help of historical data.
The scour depth due to flood risk can be estimated using the framework suggested by Briaud et al.
(2007), Guo and Chen (2015), and Guo et al. (2016). Given known Q100 and Qsoo, the Gaussian
parameters (lognormal mean o and standard deviation $) can be estimated by solving Egs. (24)
and (25)

Q100 | _ 2
P(Q>Qu) =1 = [ e % 0Q (24)
1 %1 ((InQ-af
P(Q>Qu) =1~ | Gop| = [Q (25)

Subsequently, the expected future stream flow (Qf) can be computed as (Briaud et al. 2011)

Q; =exp(a+xp) (26)

in which x is the standard normal variable. Thereafter, a relationship between discharge and water

velocity as well as the relationship between discharge and water depth is obtained using Q.

5 Illustrative Example

An illustrative example is provided to assess the performance indicators associated with structural
vulnerability, long-term resilience and loss. For illustration purpose, it is assumed that the bridge
is located at a location exposed to earthquakes and hurricanes over its service life. The selected
bridge is a two-span simply supported steel girder bridge with a total length of 40 m. The
superstructure of bridge has a width of 10.45 m, consisting of a deck and six girders. The girder is
1.05 m high and the deck is 0.3 m thick. A 2D numerical model of bridge is established to evaluate
the structural performance under hurricanes. The cross section of the superstructure of this bridge
is simplified as shown in Figure 5(a). All the six girders are simplified as rectangles, each of which
has a width of 0.3 m and is evenly distributed along the deck. The still water depth is 8m and

vertical clearance is set as 4.5 m.
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5.1 Vulnerability assessment under natural hazards

5.1.1 Structural performance under Hurricanes

Under the hurricane hazard, the deck unseating failure is considered for this bridge. The wave
height and surge elevation are adopted as the IMs for the vulnerability analysis. Structural
vulnerability is assessed by computing the demand and capacity under hurricanes. The demand of
bridge is the total uplift force acting upon the bridge caused by surge and waves, determined by a
Finite Element Model (FEM). A 2D model of bridge superstructure under the impact of a
hurricane-induced solitary wave is established by CFD software ANSYS Fluent 17.2 Package
(ANSYS 2016). The numerical diagram of computation domain of the FEM bridge model is
illustrated in Figure 5(b).

To verify the numerical results from the ANSYS software, an experimental study at scale 1:30
was conducted at the Hydraulics Laboratory of Hong Kong Polytechnic University, aiming at
measuring hurricane loading acting upon the bridge superstructure. This experiment was
conducted in an open channel of 27 m in length, 1.5 m in width, and 1.5 m in depth. Waves were
generated by a piston-type wavemaker located at one end of the channel. The water elevation was
captured by using capacitive wave height gauges. The bridge model was suspended at a certain
level according to the surge elevation. The wave forces on the bridge model were measured by a
multi-axis load cell. To compare the results to the numerical model, experimental measurements
were computed based on the Froude scale model. At the certain surge elevation, the uplift force
increases along the growing wave height. Generally, the FEM results were validated by the
experiments with acceptable differences. A series of the maximum total uplift forces on bridge
superstructure changing over different wave heights were selected to compare them with the
numerical results at the surge elevation of 2.2 m. The comparison between the FEM results and

the experimental results is shown in Figure 6.

The capacity is the vertical resistance of the superstructure, which can be calculated by the
sum of static weight and the connection strength between superstructure and substructure. The
dead weight of each bridge span is assessed by considering the uncertainties in the density of
construction materials and construction and workmanship errors. A normal distribution for
concrete and steel density is selected based on data from JCSS (2001). The mean density of

reinforced concrete is 2,400 kg/m?, with a COV of 0.04., while these parameters for steel are 7,850
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kg/m® and 0.01, respectively. To account for workmanship and construction errors, a uniform PDF
for deck thickness is considered with lower and upper limits of 95 and 105% of the as-built plan.

The weight of each span per unit length is calculated using Eq. (27) (Ataei and Padgett 2013)
W, = (dW + A, xn, Jy 7)

where Ws is span weight per unit length; db is deck thickness; W is deck width; Ag is the cross-
sectional area of the girders; ng is the number of girders; and y is unit weight of the material. The
connection strength can be determined by comparing the pullout strength and yield strength of the
dowel bars. A normal distribution is adopted for concrete strength with a COV of 0.11 (Ellingwood
and Hwang 1985).

According to the above structural analyses, the total uplift force and vertical resistance are
obtained. Subsequently, the probability of deck unseating is computed by assessing the probability
of demand exceeding capacity through MC simulations. Two hurricane scenarios with 100-year
(Hurricane scenario one denoted as Hi) and 200-year (Hurricane scenarios two denoted as Hz)
return periods are considered. The estimated storm surge for Hi (100-year) and H2 (200-year) is
1.74 m and 2.18 m, respectively, according to the surge models of ADCIRC and SLOSH
simulations (Lin 2010). The possible storm tide is considered, which is approximately 0.3 to 0.5
m higher than the storm surge level (Lin 2012). Hence, the total surge elevation is evaluated as
2.05 m for Hi and 2.45 m for Hz, respectively. The wave height for Hi is 4.60 m and that for Hz
equals 5.35 m using the model demonstrated by Lin (2010). Given these inputs, the probability of
deck unseating failure under the investigated two hurricane scenarios Hi and H2 are 0.1982 and
0.9013, respectively.

5.1.2 Structural performance under Earthquakes

The structural performance of bridge under seismic impacts is assessed. The associated damage
caused by earthquakes is independent on that resulted from hurricanes. In this example, the hazard
inputs of the selected hazard scenarios are directly provided for the vulnerability analysis. Given
more information, the hazard analysis can be conducted using the probabilistic seismic hazard
analysis (PSHA) framework, to quantify the uncertainties associated with frequency and seismic
magnitude at a given site. The procedures of hazard analysis using the ground motion prediction
equation is demonstrated in Appendix B.
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Two seismic scenarios with earthquake return period of 75-year (Earthquake scenario one
denoted as E1) and 120-year (Earthquake scenario two denoted as E2) are considered for the
investigated bridge. The associated return period of hazard scenario is the mean of the BPT
distribution in the long-term seismic analysis, as shown in Eq. (15). The COV of the BPT
distribution is set to 1 (Matthews et al. 2002). Given the return periods of earthquake, the PGA
values for E1 and E: are determined as 0.1605g and 0.2152g, respectively. The fragility curves can
be generated by identifying the seismic demand and capacity selected for the bridge. In this
example, a fragility curve for the multi-span simply supported concrete bridges conducted by
Nielson and DesRoches (2007) is adopted to assess the system-level vulnerability of bridge. The
system fragility is obtained through evaluating the correlated joint probability distribution based
on the individual components, consisting of the concrete columns, elastomeric bearing, and
abutments in both transverse and longitudinal directions. Using the damage states provided by
Nielson and DesRoches (2007), the fragility curves for slight, moderate, major, and complete
damage states of the bridge are shown in Figure 7. Thus, the probability of failure of the bridge for
scenario E1 under slight, moderate, major, and complete damage states is 0.3675, 0.0256, 0.0057,
and 0.0011, respectively. For scenario Ez, the probability of failure under slight, moderate, major
and complete damage states is 0.5449, 0.0670, 0.0189, and 0.0046, respectively.

5.2 Long-Term Resilience and Loss Quantification

Given the defined hazard scenarios and fragility inputs, the long-term resilience and loss of the
bridge under earthquakes and hurricanes are assessed in this section. The arrivals of earthquakes
are modeled by the renewal process with BPT distribution, while a classical Poisson process is
used to model the hurricane arrivals. The occurrence rate is taken as the inverse of return period
(e.g., the occurrence rate of a 100-year hurricane is 0.01). Two significant inputs for Egs. (11) and

(12) are the resilience and economic repair loss.

In this example, the resilience is assessed by Eq. (2) and the recovery model is based on the
model developed by ATC (1999), while any other approaches could also be incorporated during
the computational process. By providing recovery actions, the bridge functionality is recovered to
a satisfactory level. A similar repair scheme is utilized for bridge under the hurricane induced
damage but only the collapse damage is included. The same recovery time from earthquake

analysis is utilized for the hurricane damages. The functionality related to the four hazard scenarios
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is shown in Figure 8. Under the same type of hazard, the bridge under higher level of hazard
intensity has a smaller residual functionality, which means the structure requires additional efforts
for the recovery. Given the investigated time interval At = 400 days, the resilience can be
calculated using Eq. (2). The bridge resilience under two earthquake hazards E1 and E2 is 0.9958
and 0.9918, respectively. With the same investigated time interval, the bridge resilience under the
hurricane scenarios Hi and Hz is computed as 0.9204 and 0.6467, respectively. These four
resilience values are considered as the mean resilience inputs for the long-term assessment.
Consequently, the expected long-term resilience for earthquakes and hurricanes are computed
using Eq. (11), associated with stochastic BPT renewal process and Poisson process, respectively.
In a 100-year service life, the expected long-term resilience for the hazard scenarios E1, E2, Hu,
and Hzis 1.2835, 0.7536, 0.9204, and 0.3233, respectively. Figure 9 shows the expected long-term
resilience under the four scenarios changing over the investigated service life. It is found that the
long-term resilience of bridge of scenarios E: is the lowest in the first 30 years, while the lowest
scenario turns to Hz in the remaining service life. As a result, decision-makers are required to make
appropriate management strategies for the bridge according to the changes of total resilience at
different ages.

The economic repair loss caused by natural hazard can be computed as the product of
rebuilding cost and the probability of failure under the investigated scenario. In this example, the
rebuilding cost of bridge is computed as USD 963,908, based on the consequence evaluation
parameters provided by Zheng et al. (2018). For bridge damaged by deck unseating during
hurricanes, the rebuilding cost is mainly due to the repair of superstructure, taken as 40% of the
rebuilding cost (Mondoro et al. 2017). The expectation of long-term loss of the bridge under
earthquake and hurricane is computed using Eq. (12), including inputs of the occurrence rate of
investigated hazard, service life, hazard intensity, and financial discount rate. The economic repair
loss for the hazard scenarios E1, E2, H1, and Hz is USD 0.1909 x 10°, 0.4019 x 10°, 7.6419 x 10°,
and 3.4751 x 10°, respectively. The service life remains 100 years and a financial discount rate of
3% is used. Based on the renewal model, the expected long-term damage loss under the hazard
scenarios E1, E2, Hi, and Hz is USD 0.629 x 10% 0.679 x 10% 2.420 x 10% and 5.503 x 10%,
respectively. Figure 10(a) shows the expected long-term damage loss changing over investigated

period under the four scenarios.
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It is identified from the long-term damage loss that the bridge is exposed to dominated
hurricane hazard scenario Hz, which leads to the highest expected long-term loss throughout the
investigated period. This outcome is reasonable since the bridge has the largest probability of
failure and a relatively high repair cost under the hazard scenario Hz. On the contrary, the hazard
scenario E1 and E2 can cause the lowest long-term loss of the bridge. Due to the stochastic time-
independent HPP model, the expected long-term damage loss of hurricane scenario Hz is
consistently higher than that of scenario Hi, as shown in Figure 10(a). However, the changing
pattern of long-term damage loss under two earthquake scenarios is different, as shown in Figure
10(b), due to the time-varying occurrence rate in the BPT renewal process. When the service life
is smaller than 55 years, the total damage loss of scenario E: is larger than E2 but the situation is
opposite in the remaining 45 years. Therefore, the decision-makers should consider both the long-
term resilience and damage loss, as only focusing on the long-term loss may lead to inappropriate
decisions. For instance, though the long-term loss of scenario Hz is the highest throughout the
investigated period, the long-term resilience of Ez is the lowest when the bridge service life is

smaller than 30 years.

The above results obtained through the analytical renewal-based approach is validated by the
MC simulations. The stochastic renewal process is constructed by modelling the interarrival times
according to the given probability distribution. The interarrival times having BPT distribution are
modeled using the inverse transform sampling. Consequently, the expected long-term loss and
resilience are computed using the Egs. (5) and (6). Through the MC approach, the expected long-
term resilience for the hazard scenarios E1, E2, Hi, and Hz is 1.2819, 0.7531, 0.9208, and 0.3233,
respectively, for a 100-year service life. The associated expected long-term damage loss under the
hazard scenarios E1, E2, H1, and Hz is USD 0.637 x 10% 0.699 x 10% 2.461 x 10* and 5.595 x
10*, respectively. Overall, these numerical results have an acceptable agreement on the analytical

outcomes.

For the dominant scenario Ha, the expected long-term loss is sensitive to the change of
financial discount rate and the economic repair loss as shown in Figure 11(a) and 11(b),
respectively. The long-term loss with a discount rate at 1% is nearly three times larger than that
with a discount rate at 4%. Therefore, identifying the appropriate value for discount rate is essential
for the long-term loss evaluation. In addition, the long-term loss can be significantly enlarged by

the increase of economic repair loss. By defining the original economic repair loss for scenario Hz
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as Lo, the expectation of long-term loss affected by triple, double, a half and a third of Lo is shown
in Figure 11(b). Since the economic repair loss highly depends on the vulnerability analysis in
terms of the probability of failure, it indicates the large uncertainty related to fragility curves during
the long-term loss estimation. Based on the outcomes, decision-makers can further decide the risk

mitigation strategies associated with this dominated scenario.

6 Conclusions

This paper provides an elaborate framework for the long-term resilience and long-term loss
assessment of highway bridges under multiple hazards. The independent natural hazards are
focused. The common approach of resilience assessment, the resilience quantification based on
practical engineering considerations, and the long-term resilience and loss estimation according to
the stochastic renewal process are introduced. Time-independent and time-varying hazard
occurrence characteristics are incorporated in the analysis using the stochastic renewal process.
Uncertainties arising from the occurrence of extreme events, structural vulnerability and the
resulting consequences caused by the hazards are considered. Several typical natural hazards (i.e.
earthquakes, hurricanes and floods) are outlined and the corresponding performance scenarios are
discussed. The proposed approach is illustrated on a typical highway bridge. A numerical model
is constructed to assess the structural performance of bridge under hurricane hazard, which is
validated by the experimental tests. The time-dependent functionalities under recovery patterns for
four different hazard scenarios are calculated. The bridge resilience under each hazard scenario is

evaluated.

In addition, the presented approach allows successful estimation of the long-term resilience
and loss by identifying the major distribution characteristics of damage cost of existing bridges. A
stochastic renewal process is applied to derive the expectation of long-term resilience and damage
loss. Different stochastic models are applied to model the hazard occurrence, in which the BPT
renewal process and Poisson process are adopted for earthquake and hurricane, respectively. The

long-term resilience and loss are quantified for the four selected hazard scenarios.

The results reveal that the hurricane with a 200-year return period is the costliest hazard for

the bridge. Though the long-term loss caused by the 200-year hurricane is the highest throughout
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the investigated 100-year service life, the long-term resilience of the earthquake with a 120-year
return period is the lowest in the first 30 years. Thus, decision-makers are expected to consider
both the long-term resilience and damage loss. The long-term loss significantly depends on
occurrence and intensity of the hazard, remaining service life and financial discount rate. Careful
evaluations on the financial discount rate and the structural fragility analysis are important. Based
on the results presented, decision makers can decide the risk mitigation strategies associated with
various hazard scenarios. The approach presented can benefit insurers and policy-makers to
manage bridges against the impacts of multiple hazards in a life-cycle context. Further studies are
expected to consider the interdependencies and interactions of hazardous events. The life-cycle
management can be further incorporated into the proposed framework by considering the
intervention actions (e.g., inspection, maintenance, and repair) to deliver the optimal solution for

decision-makers.
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Appendix A. Expected long-term resilience and loss

The derivation of long-term resilience and loss in Eqgs. (11) and (12) are provided. The expected
long-term resilience can be determined by the properties of compound stochastic process (Ross

2014), which equals the sum of number of arrivals times the expected resilience

E[REIt (tmax)] = E[Rk]E[N (tmax)] = E[Rk]q)(tmax) (Al)
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For the discounted long-term loss, the expectation can be written into two parts by conditioning

on the first renewal time y

E[DLy, (t )1 = E | E[e™ Ly + € Dl (b — Y Wo = V1 |

(tmax _y) (A2)

= E[L] TX e "dR, (y)+E[L] TX eWE{ e }dFW(y)
0 0

k=1

in which the CDF of interarrival time Fw in a finite time domain is a defective distribution for
interarrival time, denoted as w/(tmax) (Léveillé and Garrido 2001; Rolski et al. 2009). In an infinite

time horizon, the defective distribution is the Laplace transform of Fw, denoted as y ().

tmax —-rs tmax —-rs
wt,,)= jo e £, (s)ds = jo e "*dF,, (s) (A3)

Using this notation, the expected long-term loss is expressed as

N() ©
E [ DLy, (tpe)] = E[L (ta) + ELIE {Zem }*Wam) =ELD v ) (A4)
k=1 k=1

To connect Eq. (A4) with the expected number of arrivals of hazards in the renewal process, the

convolution power of y(tmax) is computed

tmax

tmax tmax —S
v D () = [ €W —9)dRy (5)= [ [ e MdR, O W)y (5)
0 0

’ (AS5)

© tmax
= [e™104,,3 )R, P (s) = [ edR, M (s)
0 0

where lIa (-) represents the indicator function of a set A. It equals to one only if A is true but equals
to zero otherwise: e.g., l{o, tmax3(S) equals to one if 0 < s < tmax. Since the renewal function is the k-

fold convolution of the PDF of interarrival time, the Eq. (A5) is rearranged as follows

0 tmax o0 tmax
D v ltm) = [ edY R W)= [ e da(s) (A6)
k=1 0 k=1 0

Substituting Eq. (A6) into the Eq. (A4), the expected long-term loss is
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Appendix B. Probabilistic seismic hazard analysis

The probabilistic seismic hazard analysis framework quantifies various uncertainties from location,
size and intensity of an earthquake, among others to present an explicit distribution of future

ground motions. The process of computing the rate of earthquake occurrence is presented.

Gutenberg and Richter (1944) provided the recurrence relationship between earthquake

frequency and magnitude based on
log,, 4, =a—bm (B1)

where An is the rate of earthquakes with magnitudes greater than m; and a and b are coefficients.
Considering the minimum and maximum magnitudes associated with a finite fault, a bounded

CDF for the magnitudes of earthquakes can be derived as

1_10’b(m’mmin)
1— 10*b(mmax ~Mpin)

Fy (M) = My, <m<m,_ (B2)
where Fm(m) is the CDF for magnitude; mmax is the maximum magnitude that a given source can

produce; and mmin is the minimum magnitude considered in the analysis.

Depending on the characteristics of earthquakes, the ground motion prediction models
(GMPM) can predict the expected levels of ground motion intensity. Boore et al. (2014) provided
a ground motion prediction model, given by

InIM = F. (M, mech) + F,(Ry, M, region) + F (Vgz, Ris . M, 2,) +6,0(M,Ry5 Vo) (B3)

where InIM is the natural logarithm of a ground motion intensity measure; Fg, Fp, and Fs are
functions for source, path, and site parameters, respectively; en is the fractional number of standard
deviations of a single predicted value of InIM away from the mean; and o is the total standard
deviation of the model.
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The total standard deviation is given by

G(M'RJB’VSSO):\/¢2(M’RJB’VS30)+T2(M) (B4)

where 7 is the M-dependent between-event standard deviation; and ¢ is the M-, Rsg- and Vszo-

dependent within-event standard deviation.

With the mean and standard deviation from this GMPM model, the exceedance probability of
a PGA level can be computed under the given magnitude and site conditions

PIM > x| m,r) =1- (X~ M, (B5)

Olniv

where @ (.) is the standard normal CDF; In/M is the mean of InIM; and o is the standard

deviation of InIM. The normal distribution parameters are output from the GMPM.

Consequently, the annual rate of exceeding a given intensity measure can be derived using the
total probability theorem
Nsource mmax rmax

AIM >x)= 37 AM, >m,,.) [ ] PaM > x[m,r)f,(m) fy, (r)drdm (B6)

i=1 mmm 0

where A(Mi > mmin) is the rate of occurrence of earthquakes greater than mmin from source i; A(IM >
X) is the annual rate of intensity measure greater than Xx; nsource IS the number of sources considered;
fmi(m) is the PDF for magnitude from source i; and fri(r) is the PDF of distance for source i. The
inverse of the annual probability of exceedance is known as the return period. The seismic intensity

measure values for different return periods can be determined accordingly.
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