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ABSTRACT 4 

Highway bridges play a significant role in maintaining the safety and functionality of the society. 5 

The immediate damage of highway bridges caused by natural hazards can disrupt transportation 6 

systems, impede rescue and recovery activities. This disruption may result in tremendous financial 7 

and societal losses. Therefore, assessing the vulnerability, recovery capability, potential losses of 8 

bridges under natural hazards becomes a primary concern to decision-makers to facilitate the 9 

emergency response and recovery efforts. Under these concerns, resilience is a paramount 10 

performance indicator to evaluate and recover the functionality of structural systems under 11 

extreme events. In this paper, an integrated framework for long-term resilience and loss assessment 12 

of highway bridges under multiple independent natural hazards is presented. The impacts of 13 

extreme events such as earthquakes, hurricanes and floods on the life-cycle performance of bridges 14 

are illustrated. A stochastic renewal process model of the random occurrence of hazard events is 15 

used to compute the expected long-term resilience and damage loss by considering both time-16 

independent and time varying occurrence characteristics. The proposed approach is applied to a 17 

highway bridge, in which the impacts of earthquake and hurricane hazards are considered. This 18 

framework can be implemented to the design, maintenance, and retrofit optimization of 19 

infrastructure systems under multiple extreme events. 20 
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1 Introduction 33 

Highway bridges are essential infrastructure components to ensure safety and functionality of the 34 

society. During their service life, bridges are exposed to multiple hazards such as earthquakes, 35 

floods, and hurricanes. The resulting structural damage can cause significant disruption to 36 

transportation systems and substantial economic loss to the society. In a long-term perspective, it 37 

is likely that the potential risk and loss are accumulated and aggravated due to uncertainties 38 

throughout the entire life-cycle of civil infrastructure systems. Therefore, risk mitigation for 39 

highway bridges has received an increasing awareness from researchers, policy-makers, and 40 

insurers in terms of the importance of assessing the performance, recovery capability and long-41 

term loss of bridges under natural hazards. Though the reliability of infrastructure systems with 42 

respect to external disasters has been emphasized in previous studies (Akiyama et al. 2011; 43 

Thanapol et al. 2016), the ability of bridges recovering functionality to acceptable levels under 44 

multiple extreme events has not been explored extensively and more studies are required on 45 

resilience quantification. Therefore, it is necessary to provide a comprehensive resilience and 46 

probabilistic loss assessment of highway bridges under natural hazards to aid the preparation of 47 

emergency response and recovery decisions.  48 

To mitigate the impacts of extreme hazards, structural resilience is expected to be enhanced 49 

towards a desired level by considering structural functionality before, during, and after an extreme 50 

event. Resilience, related to the functionality of structural systems under extreme events and 51 

recovery patterns, is becoming a paramount performance indicator within the hazard management 52 

process (Bruneau et al. 2003; Bocchini and Frangopol 2011; Frangopol 2011; Frangopol and 53 

Soliman 2016; Frangopol et al. 2017; Zheng and Dong 2019). It highlights the evaluation of 54 

capability of civil infrastructure systems to maintain prescribed safety, flexibility, and to recover 55 

from extreme events. Several definitions of resilience were proposed in the literature. One of the 56 

most widely used definitions was provided by Bruneau et al. (2003): “Resilience is defined as the 57 

ability of social units (e.g., organizations, communities) to mitigate hazards, contain the effects of 58 

disasters when they occur, and carry out recovery activities in ways that minimize social disruption 59 

and mitigate the effects of future earthquakes”. Resilience has four properties: robustness, rapidity, 60 

redundancy, and resourcefulness. Robustness is the strength or the ability of units to withstand a 61 

certain level of stress without suffering degradation or loss of function; Redundancy is the ability 62 
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of satisfying functional requirements when disruption, degradation, or loss of functionality occurs; 63 

Resourcefulness is the ability to apply material and human resources to achieve established 64 

priorities, resources mobilization and other goals; Rapidity is the capacity to achieve priorities and 65 

other goals in a timely manner to reduce the losses and avoid future disruption (Bruneau et al. 66 

2003). 67 

The previous studies on resilience were mainly focused on the assessment of bridges 68 

associated with single-hazard analysis. Decò et al. (2013) and Dong and Frangopol (2015) assessed 69 

the resilience of highway bridges under seismic hazard. The resilience of bridges under flood 70 

effects with different return periods was investigated by Dong and Frangopol (2016). There were 71 

a limited number of resilience studies of bridges dealing with multiple hazard effects (Decò and 72 

Frangopol 2011; Pescaroli et al. 2018; Akiyama et al. 2019). Multiple hazards could bring 73 

considerably more disastrous consequences to the society than a single hazard (Padgett et al. 2009; 74 

Jalayer et al. 2011; Dong and Frangopol 2017; Zheng et al. 2018). Gidaris et al. (2017) underlined 75 

that structural vulnerability, loss evaluation, recovery and restoration models were key elements 76 

for accurate quantification of resilience of highway bridges in the multihazard analysis. Bruneau 77 

et al. (2017) reviewed the state of the art of structural performance under multiple hazards by 78 

considering the resilience and hazard interaction effects were highlighted for different structural 79 

systems. This work indicated that further efforts should be implemented to explore the multihazard 80 

performance in a life-cycle context for a variety of hazards and structural portfolios. In the long-81 

term performance evaluation of highway bridges, uncertainties associated with vulnerability, loss 82 

and resilience can be accumulated due to different occurrence probability of different hazardous 83 

events. Under the multihazard consideration, different indicators may show various performance 84 

characteristics of a range of hazardous events. Thus, it is essential to incorporate consideration of 85 

multiple hazards into performance studies of structures and civil infrastructure systems to identify 86 

the most dominant and costliest hazard scenario to help decision-makers propose the optimal 87 

design and management strategies. 88 

Most of previous studies on the resilience assessment focused on some given hazard scenarios 89 

without considering the stochastic process of the hazard occurrence within the service life of 90 

structures except for a few (Yang and Frangopol 2019a). In this paper, the probabilistic long-term 91 

resilience and loss considering time-dependent interarrival time models are assessed. Though the 92 

concept of long-term resilience was introduced by Yang and Frangopol (2019a), specific physical-93 
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informed damage models were not taken into account. Pandey and Van der Weide (2017) 94 

introduced the general renewal process to formulate the lifetime damage cost of a structure. This 95 

cost was considered as the only performance indicator in the renewal process without considering 96 

the long-term resilience. Generally, both the resilience and loss are important indicators for 97 

decision-makers to propose the optimal management strategies under multi-hazard considerations. 98 

Although the approach proposed by Pandey and Van der Weide (2017) considered time-dependent 99 

interarrival models, the analytical model was not validated by the numerical simulation. To address 100 

these concerns, this paper aims to present a comprehensive framework to quantify the long-term 101 

resilience and loss of highway bridges under different natural hazards, incorporating both time-102 

independent and time-varying interarrival models of hazard occurrence using renewal process. 103 

Monte Carlo simulations are conducted to validate results from the proposed renewal-based 104 

approach. 105 

Overall, in this paper, an integrated framework quantifying long-term resilience and loss of 106 

highway bridges under natural hazards is presented. Independent natural hazards are focused. The 107 

proposed framework presents the process of considering multiple hazard impacts into the 108 

resilience and loss assessment, including the stochastic process of hazard occurrence, structural 109 

vulnerability analysis, functionality analysis and life-cycle analysis. Insights and lessons learnt 110 

from past extreme events are outlined to emphasize the significance of resilience and loss 111 

assessment under hazards. Damage assessment of highway bridges associated natural hazards 112 

including earthquakes, hurricanes and floods and structural performance is introduced. An 113 

illustrative example is provided to introduce the evaluation of long-term resilience and loss of a 114 

typical highway bridge under representative hazard scenarios of earthquakes and hurricanes. A 115 

numerical model of the highway bridge is established to evaluate the structural performance under 116 

hurricane hazard. An experimental study is conducted to validate the numerical bridge model. 117 

2 Resilience Assessment 118 

Catastrophic damages caused by recent natural hazards such as Hurricane Katrina and Hurricane 119 

Michael and other natural disasters worldwide raised awareness of the public to the importance of 120 

risk mitigation and resilience assessment on transportation systems (Zhang et al. 2017; Zhang et 121 

al. 2018; Kilanitis and Sextos 2019; Yang and Frangopol 2019b). Resilience, as an important 122 
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structural performance indicator, is defined as the ability of a civil infrastructure system to 123 

maintain its functionality and return to normality after an extreme event. A resilience assessment 124 

establishes a connection between structural performance, post-hazard functionality, and recovery. 125 

Typically, this assessment comprises identification of multi-hazard risks, resilience analysis, and 126 

evaluation of resilience as shown in Figure 1 (ISO 2009). 127 

Risk assessment plays an important role as risk is related to both the consequences caused by 128 

structural failure or loss of functionality associated and probability of structural failure. The 129 

outputs of communication are used to assess the risk and resilience effectively by establishing the 130 

context. Subsequently, cumulative risk and resilience of the given infrastructure system could be 131 

obtained under multiple natural hazards. Once resilience assessment is conducted, evaluation in 132 

terms of resilience parameters and their acceptability and viability should be performed. It is worth 133 

noting that performance parameters and countermeasures may vary in time and space at local scale 134 

due to the interaction between resilience and risk. The proposed framework allows decision-135 

makers and practitioners to assess and enhance the resilience of structures and to propose rational 136 

actions associated with planning, maintenance and rehabilitation against natural hazards. These 137 

actions generally consist of social measures (e.g., awareness), physical measures (e.g., 138 

infrastructural preparedness) and corrective measures (e.g., life-cycle assessment of retrofitting 139 

decisions). In addition to analysis, continuous monitoring and periodic review are essential. An 140 

adaptable process of resilience assessment is required to encapsulate changes in contexts and 141 

record continuous evolution of resilience, as indicted in Figure 1.  142 

Resilience has been increasingly implemented to performance-based seismic design of bridges 143 

as a vital performance indicator (Frangopol et al. 2017; Zheng and Dong 2018; Broccardo et al. 144 

2015). Embedding resilience within performance-based design could incorporate more decision 145 

variables (e.g., repair cost, time) within structural design process. For example, additional factors 146 

can be included in the design procedures such as social and financial implications, recovery from 147 

a damage state or collapse, among others. 148 

A probabilistic model that can be used in the performance-based bridge design under multiple 149 

hazards is (Moehle and Deierlein 2004) 150 
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where Р indicates the aggregate probability of a structure reaching or exceeding the limit state; 151 

DM indicates the damage measure; EDP indicates the engineering demand parameter; IM indicates 152 

the intensity measure; and DV indicates the decision variables. The Eq. (1) is a significant part of 153 

the PEER framework (PEER 2013) from the Pacific Earthquake Engineering Research Center 154 

(PEER). Broccardo et al. (2015) validated the effectiveness of using the PEER framework to assess 155 

the probabilistic resilience of civil systems. Incorporating the resilience as a decision variable, the 156 

PEER framework satisfied the optimal target under the investigated hazard through accomplishing 157 

of resilience management strategies. Additionally, different decision variables can be implemented 158 

based on this framework. A recent case study of reinforced concrete buildings presented a 159 

systematic analysis integrating resilience, sustainability and loss into the PEER framework 160 

(Hashemi et al. 2019). Apart from seismic hazard, the integrated framework has been applied to 161 

other different hazard types, such as coastal bridges against extreme wave-induced loads. Qeshta 162 

et al. (2019) provided a review of resilience assessment on coastal bridges against extreme wave-163 

induced loading, in which studies were comprehensively concluded in terms of wave forces, bridge 164 

response, vulnerability analysis, and resilience assessment incorporating with the PEER 165 

framework. Different from earthquakes, the hurricane-induced impact upon bridges is a typical 166 

example of concurrent multi-hazard event, as bridges are affected by wind, storm surge, and waves 167 

simultaneously. Therefore, instead of focusing on the single intensity measure, (e.g., peak ground 168 

acceleration of seismic hazard), the integrated assessment framework under hurricanes requires 169 

multiple independent or correlated intensity measures, such as wave height, wave period, clearance, 170 

and inundation depth. Zhang and Alam (2019) indicated that damage to bridges can be additionally 171 

considered at transportation levels besides the commonly defined structural levels. The structural 172 

level damage comprises the losses arising from bridge repair. Similarly, transportation level 173 

damage accounts for the serviceability of bridges leading to indirect loss such as traffic delays and 174 

detour (Yang and Frangopol 2018). Meanwhile, due to continuous exposure to the traffic, it is 175 

likely that the indirect loss caused by transportation damage would fairly surpass the direct loss 176 

resulted from structural damage. These examples have provided effective approaches for the multi-177 

hazard considerations. Overall, various metrics can be selected into the performance-based studies 178 
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of structures and civil infrastructure systems in the multi-hazard analysis. The resilience model 179 

provided by Bruneau et al. (2003) gives 180 
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where Q(t) is the functionality of a bridge under recovery function at time t (e.g., days); t0 is the 181 

initial investigated time; and Δtr is the investigated time interval. The functionality is significant 182 

during the resilience quantification as restoration of structure highly depends on how the repair 183 

and recovery work. Functionality levels can be defined to classify the emergency response and 184 

recovery post-earthquake period. For example, for the planning of emergency response, the 185 

functionality can be considered as the capability of a bridge located on a link transferring resources 186 

to hazard affected areas. With respect to the recovery at post-earthquake phase, the functionality 187 

can be considered in different stages as open, limited use, and closed. The expected functionality 188 

is evaluated from that associated with the investigated damage states. There are several models 189 

available for the functionality quantification. Decò et al. (2013) proposed an effective probabilistic 190 

model to compute the time-dependent functionality of bridge after a seismic event based on six 191 

probabilistic parameters including uncertainties. However, implementation of this comprehensive 192 

approach can be challenging when there is limited information available. Cimellaro et al. (2010) 193 

indicated that the functionality computational process could be classified based on the community 194 

preparation levels, while quantification of these levels might be difficult during the multiple-195 

hazard analysis. These community preparation levels were classified as prepared community, not 196 

well-prepared community, and well-prepared community, respectively. Another efficient recovery 197 

model was proposed by ATC (1999) to assess the functionality restoration process of bridges based 198 

on lognormal cumulative distributed function (CDF). This method allows quantification of 199 

functionality under the given recovery pattern and requests the least inputs compared to the other 200 

approaches.  201 

The recovery models for earthquakes are widely investigated, whereas there is limited 202 

research on the recovery models of coastal bridges under hurricanes. The majority of recovery 203 

models applied to the hurricane-induced damages are based on the seismic restoration 204 

methodologies and tsunami-based approaches (Gidaris et al. 2017). For instance, Bocchini and 205 
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Frangopol (2012) proposed the functionality recovery model considering various restoration 206 

scenarios using a sinusoidal process. Though different performance stages are evaluated, it is 207 

difficult to calibrate the parameters used in this recovery model, as there is large uncertainty in the 208 

damage collection. When considering the hurricane-induced waves and surge, a HAZUS tsunami 209 

approach (FEMA 2013) can be utilized, which presents a framework based on expert opinion 210 

survey to evaluate the loss being in different damage states. However, the HAZUS approach is a 211 

simplified model as the bridge is assumed to be restored to full performance rather than different 212 

levels. Qeshta et al. (2019) indicated that some seismic restoration models can be applied to the 213 

other types of natural hazard (e.g., damaged bridges by hurricanes). 214 

Another resilience model introduced by Minaie and Moon (2017) focused on the practical 215 

implementation of resilience assessment and proposed a simplified resilience quantification 216 

framework of bridges under extreme events. The bridge resilience is illustrated as the capability 217 

of a bridge to maintain a robustness level and to recover to a target performance level within the 218 

shortest time. Robustness refers to the residual performance subsequent to a natural hazard, which 219 

can be computed by integrating hazard, vulnerability, and uncertainties (Minaie and Moon 2017) 220 

 100% max(9.259 )RP H V UF I       (3) 

in which I represents importance factor of the investigated bridge; H is related to the hazard 221 

severity; V refers to the vulnerability, the product H × V depends on each extreme event and 222 

vulnerability category; and UF is the uncertainty factor. Through this equation, the robustness 223 

could represent the worst potential scenario affecting bridge functionality. A simplified model of 224 

recovery is provided considering the recovery time as a function of adjustment factors and 225 

restoration, in which the recovery time is adjusted based on the management practices from agency, 226 

historical records of extreme events in the past year, and bridge types. Accordingly, for a control 227 

time within one year (i.e., 365 days), the bridge resilience can be evaluated as the ratio of the area 228 

of the post-event performance to the area under the desired performance level (e.g., 100% for full 229 

recovery) 230 
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where P(t) refers to the structural performance and P(100%) is the optimized performance. This 231 

engineering-based resilience quantification method efficiently assesses the resilience capturing 232 

key parts of bridge operation, knowledge of experts, and lessons learnt from past disruptive events. 233 

In addition to the two methods presented in Eqs. (2) and (4), there are several other effective 234 

models available for the resilience assessment in the literature (e.g., Franchin and Cavalieri 2015). 235 

3 Resilience and Structural Damage Loss Estimation under Hazards on a Long-Term 236 

Vision 237 

This section aims to provide a long-term assessment framework of highway bridges with respect 238 

to resilience and structural damage loss under natural hazards. During the life-cycle analysis, the 239 

large uncertainty related to the frequency and intensity of natural hazards in the life-cycle analysis 240 

can be quantified by the stochastic occurrence model. In literature, although the homogeneous 241 

Poisson process (HPP) has been widely used to model hazard occurrence, the stochastic 242 

characteristics of natural hazards are limited to time-independent property. To incorporate both 243 

time-independent and time-varying occurrence characteristics, this paper adopts a renewal process 244 

(a generalization of HPP) to assess the long-term resilience and loss. 245 

Given the investigated time period (0, tmax], each hazard event (e.g., earthquake) occurring 246 

within this period is described using index k. Tk denotes the arrival time of hazard, Lk is the 247 

economic loss, and Rk refers to the bridge resilience under investigated hazard. Interarrival time is 248 

defined by Wk, where arrival time equals the sum of interarrival times Tk = W1 + W2 + … + Wk. 249 

The hazard occurrence is modeled by the renewal process, where the interarrival time Wk is 250 

independently identically distributed (IID). The time period tmax can be taken as the lifespan of 251 

infrastructure and the total number of hazard occurrence is N(tmax), with Tk ≤ tmax. An illustrative 252 

diagram illustrating the long-term resilience and loss framework is shown in Figure 2. Based on 253 

the established stochastic model, the long-term resilience RElt(tmax) within investigated period tmax 254 

can be written as 255 
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in which Rk is the bridge resilience associated with a single hazard and N(tmax) is the total number 256 

of hazard occurrences within investigated service life. The long-term resilience is the sum of 257 

resilience of all the hazard events. In addition to the resilience, the long-term loss can also be 258 

evaluated based on the renewal process. The cumulative long-term damage loss DLlt(tmax) can be 259 

formulated as  260 

where Lk is the economic repair loss; Tk is the arrival time of the kth hazard; and the financial 261 

discount rate r is used to transform future damage loss into the present within the investigated time 262 

horizon. Long-term loss is discounted to the present value using a constant discount rate r. 263 

The long-term resilience and loss can be quantified by using analytical computation and 264 

numerical Monte Carlo (MC) simulations, but the simulation approach can be expensive. 265 

Analytically, the expected long-term resilience and loss can be quantified analytically using the 266 

properties of renewal theory (Ross 2014). The key to solve Eqs. (5) and (6) is to identity the number 267 

of hazard events, which can be expressed as  268 

in which FW
(k)(tmax) is a k-fold convolution of interarrival time Wk and Φ(.) is known as the renewal 269 

function in the renewal process. 270 

The renewal function satisfies an integral equation conditioning on the first arrival time y. The 271 

CDF of interarrival time FW(t) is assumed to be continuous. Hence, the expected number of events 272 

denoted by a density function yielding at the first renewal dFW(y) can be written as  273 
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When the first arrival time is larger than tmax, there is no event within the investigated period, 274 

with E[N(tmax)] = 0. When y ≤ tmax, the renewal process enables the renewals have the same 275 

distribution. Hence,  276 

Substituting Eq. (9) into the Eq. (8), the expected number of arrivals can be written as 277 

Using the renewal function, the expected long-term resilience and loss can be formulated as 278 

follows 279 

 max max[ ( )] [ ] ( )ltE RE t E R t   (11) 

 max

max
0

[ ( )] [ ] ( )
t

rt

ltE DL t E L e d t   (12) 

in which E[N(tmax)] is the expectation of the number of hazard events within bridge service life. 280 

The derivations of Eqs. (11) and (12) are shown in Appendix A. It is assumed that damaged bridge 281 

is repaired to the pre-damage state before the next hazard event. 282 

Given E[N(tmax)] = λtmax based on the Poisson-based renewal process, the expected long-term 283 

resilience and loss associated with Poisson process can be formulated as 284 

 max max[ ( )]ltE RE t R t  (13) 
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max[ ( )] (1 )
rt

lt

L
E DL t e

r

 
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in which the expected resilience of each hazard event and economic repair loss are defined as E[R] 285 

= R and E[L] = L.  286 
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In earthquake engineering, there are several other nonstationary renewal processes adopted 287 

with time-varying interarrival time models except exponential models. For instance, a Brownian 288 

model is increasingly used in the long-term seismic analysis and forecasting (Matthews et al. 2002). 289 

The interarrival time follows Brownian passage-time (BPT) distribution with a probability density 290 

function (PDF) 291 

where μ is the mean and α is coefficient of variation (COV). The long-term resilience and loss 292 

based on the renewal BPT model can be computed using Eqs. (10) to (12), where the expected 293 

number of hazards are computed by the integration. The CDF of BPT distribution is provided in 294 

Matthews et al. (2002). Based on the proposed renewal approach, a variety of time-varying 295 

interarrival time models can be applied into the assessment of long-term resilience and loss, such 296 

as Gamma (Hainzl et al. 2006) and lognormal (Michael 2005) distributions. 297 

4 Evaluating Natural Hazards for Bridges 298 

The multi-hazard consideration in risk analysis has been gaining momentum since early 2010 due 299 

to increasing exposure of highway bridges to multiple hazards. Studies of Decò and Frangopol 300 

(2011), Kameshwar and Padgett (2014), Wang et al.(2014), Liao et al. (2018), Akiyama et al. 301 

(2019) incorporated the effects of multiple natural hazards on highway bridges. When considering 302 

the interactive impacts of these extreme events, one key aspect of multi-hazard analysis is to 303 

involve both independent (e.g., an earthquake and environmental-induced corrosion) and 304 

interacting (e.g., an earthquake triggering the subsequent tsunami) hazard scenarios into the 305 

assessment (Akiyama et al. 2019; Gautam and Dong 2018). In order to assess the structural 306 

performance under multiple hazards, an integrated consideration is necessary consisting of the 307 

probability of hazard occurrence, vulnerability of the structural system under hazards, and 308 

consequences of structural failure, as indicated in Figure 3. In this study, the independent natural 309 

hazards are considered. Given more information regarding the interacting effects associated with 310 

multiple hazards (e.g., occurrence probability, vulnerability analysis under multiple hazards), the 311 

 1/2 2

2 3 2

( )
( ) exp

2 2
W

t
f t

t t

 

 

  
   
   

 (15) 
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dependent hazards could also be assessed. A detailed illustration regarding damages of highway 312 

bridges associated with earthquake, hurricane and floods hazards is provided in this section. 313 

4.1 Earthquakes 314 

Earthquake is a typical hazard for structural systems. In the probabilistic seismic hazard analysis 315 

(PSHA), seismic intensity at the location of structure should be identified at the beginning. The 316 

analysis procedure associated with PSHA using the ground motion prediction equation is 317 

demonstrated in Appendix B. The seismic vulnerability of structural systems could be computed 318 

based on structural analysis. The vulnerability of a structural system could be addressed through 319 

fragility curves that indicate the probability of reaching or exceeding a particular damage state 320 

under the designated intensity measure (IM) level. 321 

The fragility curves can be calculated as (Cornell 2002) 322 

 2

20
||

1 [ln( ) ln( )]
P[ | ] 1 exp( ) ( )

2( )2

i
b

LS

i

EDP IMEDP IM

edp a IM
DI LS IM d edp

edp  

 
    

 
  (16) 

where LSi represents the ith LS and ξEDP|IM is the standard deviation of the logarithmic distribution. 323 

The seismic demand assesses the EDP as a function of a chosen ground motion intensity and can 324 

be quantified using appropriate seismic structural responses, such as deformation or ductility of 325 

vulnerable components. For highway bridges, reinforced concrete (RC) columns are key 326 

components susceptible to seismic damage. Sectional curvature ductility, displacement ductility, 327 

and residual displacement are commonly used as the seismic damage indicators for RC columns. 328 

4.2 Hurricanes 329 

The impact of hurricanes upon highway bridges shows a typical example of interacting multi-330 

hazard effects. For instance, the bridge is threatened by concurrent hazards during a hurricane 331 

event including strong wind, wave and storm surge. In this section, two methods of evaluating 332 

hurricane-induced damage are introduced consisting of analytical and numerical studies. 333 

The effects of hurricanes on highway bridges mainly stem from storm surge and wave-induced 334 

loading. The resulting uplift forces in vertical and horizontal directions produce large 335 

displacements at supports. When the displacements surpass the limitation at supports, the deck 336 
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unseating may occur (Mondoro et al. 2017). It is commonly recognized that deck unseating failure 337 

is the most primary damage for simply and continuous supported bridges (Kulicki 2010). Some 338 

bridge spans even with fixed connection using dowelling undergo complete connectivity failure 339 

during the Hurricanes Katrina (Padgett et al. 2008). Wang et al. (2017) recommended a method to 340 

assess hurricane-induced structural damage loss from the perspective of insurers and performed a 341 

hurricane vulnerability analysis considering model uncertainty. This paper presents a probabilistic 342 

life-cycle assessment framework of bridges vulnerable to hurricanes and suggests a new approach 343 

for damage loss assessment under hazards. The hurricane can be considered through the 344 

probability distribution of the wind speed V. The associated CDF with time-variant parameters 345 

( )u t  and ( )t  is (Wang et al. 2017) 346 
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The vulnerability analysis indicates estimation of the probability of failure of bridges under 347 

the given hurricane scenarios. In structural safety analysis, failure occurs when the demand 348 

surpasses capacity. This paper highlights the deck unseating failure mode for bridges during 349 

hurricanes. Deck unseating occurs when the capacity of bridge superstructure at supports fails to 350 

resist the uplift forces caused by storm wave loadings. These variables can be obtained from either 351 

empirical methods or computational modelling. Both methods can provide relatively accurate 352 

approximations of wave forces upon bridge deck. The empirical method provides the maximum 353 

wave force through time-independent computation, while the computational approach can provide 354 

the time-variant wave forces. However, the latter approach is usually computationally expensive.  355 

The American Association of State Highway and Transportation Officials (AASHTO) 356 

provided guide specifications for bridges vulnerable to coastal hurricanes (AASHTO 2008; 357 

Mondoro et al. 2017). In these specifications, a set of equations assessing maximum vertical force, 358 

maximum horizontal force and the corresponding overturning moment, are formulated. The 359 

vertical loading on bridge superstructure contributes to deck unseating failure. According to 360 

AASHTO (2008), the maximum quasi-static vertical force is defined as 361 
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(18) 

where γw represents the unit weight of water; Hmax refers to the maximum wave height; ds is the 362 

water depth at or near the bridge; Tp is the wave period; W is the defined wetted deck width; β is a 363 

coefficient associated with the wave crest and bridge deck; x and y are defined as the ratio of 364 

maximum wave height over wave length and the ratio of deck width over wave length, respectively; 365 

b0 to b6 are coefficients associated with bridge deck spans; and TAF is the trapped air factor 366 

considering the effect of trapped air. The significant wave height and wave period are required to 367 

compute the demand of bridge deck. The vulnerability model associated with hurricane wind speed 368 

aims to characterize the probability of bridge deck unseating damage caused by hurricanes. 369 

Subsequently, Monte Carlo simulation and/or other computational analysis methods can be applied 370 

to attain the probability of failure.  371 

In addition to the empirical model, the computational approach, referring to the computational 372 

fluid dynamics (CFD) model, could also be used to compute the forces on the superstructure. It 373 

provides simulations of 2D/3D hydrodynamic modelling. During the dynamic fluid interactions, 374 

the movement of fluid in physical domain depends on various properties. Changes of these 375 

characteristics are commonly examined by the Navier-Stokes equations based on laws of 376 

conservation (Temam 1984). In terms of the structural simulation, the total force along a 377 

designated force vector equals to the sum of dot product of the viscous forces and pressure 378 

horizontally and vertically. This relationship is (Kohnke 1994) 379 

 
a p vF a F a F   

 
(19) 

where a  is the designated force vector; 
pF is the pressure force vector; and 

vF  is the viscous force 380 

vector. 381 

4.3 Floods 382 

Highway bridges are particularly susceptible to floods especially in coastal areas. Several historical 383 

events have highlighted that floods can be disastrous to bridge structures (Gautam and Dong 2018). 384 
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For instance, the 2017 central Nepal flash flood washed away a bridge (see Figure 4a) due to 385 

torrential precipitation of four hours. Although the bridge was built recently (completed in June 386 

2015), the debris with the flash flood in the mountainous terrain was particularly destructive and 387 

the bridge disappeared without any signature on site. According to the records of flooding events, 388 

it is found that bridges are extensively damaged due to flash floods. Forensically, it could be 389 

inferred that the damage due to flash floods would surpass the damage due to earthquakes having 390 

moderate ground shaking. Flood impact to bridges can be attributed to scour, deterioration of 391 

bridge components, water pressure, hydrodynamic forces exposed to the bridge/component, and 392 

debris impact and accumulation, among others. Bridge scour, deterioration, and increment of water 393 

pressure due to debris accumulation are considered as the major detrimental factors. Increased 394 

hydrodynamic forces together with debris and sediments usually cause bridge scouring (see Figure 395 

4b), particularly in piers.  396 

Deterioration due to various factors is another notable problem that causes functionality loss 397 

or collapse of bridges. In general, environmental conditions, lack of drainage, load fluctuation 398 

above the capacity, and lack of periodic maintenance can cause deterioration of bridge 399 

components. Occasionally, significant deterioration may lead to serious compromise in the 400 

functionality as well. Bridges built in developing countries are more likely to suffer from 401 

deterioration aggravation compared to those in developed areas due to lack of preventive 402 

maintenance as well as emergency maintenance strategies. Additionally, deteriorated bridges are 403 

more vulnerable than the non-deteriorated counterparts. For instance, the 1988 and 2015 404 

earthquakes in Nepal highlighted that similar type of bridges close to the epicenter performed 405 

better during the 1988 earthquake than the bridges far from the epicenter during the 2015 Gorkha, 406 

Nepal earthquake. Compared to the deficient behavior during the 2015 earthquakes, the 407 

performance of bridges was satisfactory during the 1988 earthquake. This is most likely attributed 408 

to the age of bridges. Aging can lead to decrease of structural capacity and increase in bridge 409 

vulnerability (Gautam 2017). 410 

Corrosion of reinforcement usually occurs due to environmental conditions. Thoft-411 

Christensen et al. (1997) suggested the reduction in reinforcement area considering a time-412 

dependent model as 413 
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(20) 

In Eq. (20), A(t) indicates the effective area of the reinforcement; D is the diameter of 414 

reinforcement; T is the time when corrosion starts; r1 is the rate of corrosion; and D(t) is the 415 

effective reinforcement diameter after t years. Furthermore, D(t) can be calculated using Eq. (21) 416 

as follows 417 

    1D t D r t T     (21) 

Due to high velocity of water together with the debris and sediments, increased water pressure 418 

also becomes prevalent to bridges. AASHTO (2000) suggested estimation of water pressure based 419 

on the empirical formula 420 

 4 25.14 10w Dp C v     (22) 

where pw is the water pressure and CD is the drag coefficient. The scour depth for a single pier can 421 

be estimated using the empirical formula suggested by (Yanmaz 2001) 422 

 0.413
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where S is the scour depth; χ refers to the relative approach flow depth; v is the flow velocity; g is 423 

acceleration due to gravity; and d indicates the depth of approach flow. Previous studies (e.g., Kim 424 

et al. 2017) have highlighted the variation of scour depth per geometric shape of the pile, location, 425 

and arrangement. As suggested by Briaud et al. (2007) the deterministic approach of scour depth 426 

prediction can be converted into a probabilistic one considering the future flood risk. Zhu and 427 

Frangopol (2016) and Liao et al. (2018) presented probabilistic approaches to risk assessment of 428 

bridges under scour. Also, a risk-based cost-benefit analysis for the retrofit of bridges exposed to 429 

extreme hydrologic events considering multiple failure modes was presented in Mondoro and 430 



18 

Frangopol (2019). Chow (1965) has suggested the procedure to estimate the discharges of 100-431 

year (Q100) and 500-year (Q500) flood events using linear regression with the help of historical data. 432 

The scour depth due to flood risk can be estimated using the framework suggested by Briaud et al. 433 

(2007), Guo and Chen (2015), and Guo et al. (2016). Given known Q100 and Q500, the Gaussian 434 

parameters (lognormal mean α and standard deviation β) can be estimated by solving Eqs. (24) 435 

and (25) 436 
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Subsequently, the expected future stream flow (Qf) can be computed as (Briaud et al. 2011)  437 

  expfQ x    (26) 

in which x is the standard normal variable. Thereafter, a relationship between discharge and water 438 

velocity as well as the relationship between discharge and water depth is obtained using Qf.  439 

5 Illustrative Example 440 

An illustrative example is provided to assess the performance indicators associated with structural 441 

vulnerability, long-term resilience and loss. For illustration purpose, it is assumed that the bridge 442 

is located at a location exposed to earthquakes and hurricanes over its service life. The selected 443 

bridge is a two-span simply supported steel girder bridge with a total length of 40 m. The 444 

superstructure of bridge has a width of 10.45 m, consisting of a deck and six girders. The girder is 445 

1.05 m high and the deck is 0.3 m thick. A 2D numerical model of bridge is established to evaluate 446 

the structural performance under hurricanes. The cross section of the superstructure of this bridge 447 

is simplified as shown in Figure 5(a). All the six girders are simplified as rectangles, each of which 448 

has a width of 0.3 m and is evenly distributed along the deck. The still water depth is 8m and 449 

vertical clearance is set as 4.5 m. 450 
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5.1 Vulnerability assessment under natural hazards 451 

5.1.1 Structural performance under Hurricanes 452 

Under the hurricane hazard, the deck unseating failure is considered for this bridge. The wave 453 

height and surge elevation are adopted as the IMs for the vulnerability analysis. Structural 454 

vulnerability is assessed by computing the demand and capacity under hurricanes. The demand of 455 

bridge is the total uplift force acting upon the bridge caused by surge and waves, determined by a 456 

Finite Element Model (FEM). A 2D model of bridge superstructure under the impact of a 457 

hurricane-induced solitary wave is established by CFD software ANSYS Fluent 17.2 Package 458 

(ANSYS 2016). The numerical diagram of computation domain of the FEM bridge model is 459 

illustrated in Figure 5(b). 460 

To verify the numerical results from the ANSYS software, an experimental study at scale 1:30 461 

was conducted at the Hydraulics Laboratory of Hong Kong Polytechnic University, aiming at 462 

measuring hurricane loading acting upon the bridge superstructure. This experiment was 463 

conducted in an open channel of 27 m in length, 1.5 m in width, and 1.5 m in depth. Waves were 464 

generated by a piston-type wavemaker located at one end of the channel. The water elevation was 465 

captured by using capacitive wave height gauges. The bridge model was suspended at a certain 466 

level according to the surge elevation. The wave forces on the bridge model were measured by a 467 

multi-axis load cell. To compare the results to the numerical model, experimental measurements 468 

were computed based on the Froude scale model. At the certain surge elevation, the uplift force 469 

increases along the growing wave height. Generally, the FEM results were validated by the 470 

experiments with acceptable differences. A series of the maximum total uplift forces on bridge 471 

superstructure changing over different wave heights were selected to compare them with the 472 

numerical results at the surge elevation of 2.2 m. The comparison between the FEM results and 473 

the experimental results is shown in Figure 6. 474 

The capacity is the vertical resistance of the superstructure, which can be calculated by the 475 

sum of static weight and the connection strength between superstructure and substructure. The 476 

dead weight of each bridge span is assessed by considering the uncertainties in the density of 477 

construction materials and construction and workmanship errors. A normal distribution for 478 

concrete and steel density is selected based on data from JCSS (2001). The mean density of 479 

reinforced concrete is 2,400 kg/m3, with a COV of 0.04., while these parameters for steel are 7,850 480 
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kg/m3 and 0.01, respectively. To account for workmanship and construction errors, a uniform PDF 481 

for deck thickness is considered with lower and upper limits of 95 and 105% of the as-built plan. 482 

The weight of each span per unit length is calculated using Eq. (27) (Ataei and Padgett 2013) 483 

  ggbs nAWdW   (27) 

where Ws is span weight per unit length; db is deck thickness; W is deck width; Ag is the cross-484 

sectional area of the girders; ng is the number of girders; and γ is unit weight of the material. The 485 

connection strength can be determined by comparing the pullout strength and yield strength of the 486 

dowel bars. A normal distribution is adopted for concrete strength with a COV of 0.11 (Ellingwood 487 

and Hwang 1985).  488 

According to the above structural analyses, the total uplift force and vertical resistance are 489 

obtained. Subsequently, the probability of deck unseating is computed by assessing the probability 490 

of demand exceeding capacity through MC simulations. Two hurricane scenarios with 100-year 491 

(Hurricane scenario one denoted as H1) and 200-year (Hurricane scenarios two denoted as H2) 492 

return periods are considered. The estimated storm surge for H1 (100-year) and H2 (200-year) is 493 

1.74 m and 2.18 m, respectively, according to the surge models of ADCIRC and SLOSH 494 

simulations (Lin 2010). The possible storm tide is considered, which is approximately 0.3 to 0.5 495 

m higher than the storm surge level (Lin 2012). Hence, the total surge elevation is evaluated as 496 

2.05 m for H1 and 2.45 m for H2, respectively. The wave height for H1 is 4.60 m and that for H2 497 

equals 5.35 m using the model demonstrated by Lin (2010). Given these inputs, the probability of 498 

deck unseating failure under the investigated two hurricane scenarios H1 and H2 are 0.1982 and 499 

0.9013, respectively. 500 

5.1.2 Structural performance under Earthquakes  501 

The structural performance of bridge under seismic impacts is assessed. The associated damage 502 

caused by earthquakes is independent on that resulted from hurricanes. In this example, the hazard 503 

inputs of the selected hazard scenarios are directly provided for the vulnerability analysis. Given 504 

more information, the hazard analysis can be conducted using the probabilistic seismic hazard 505 

analysis (PSHA) framework, to quantify the uncertainties associated with frequency and seismic 506 

magnitude at a given site. The procedures of hazard analysis using the ground motion prediction 507 

equation is demonstrated in Appendix B. 508 
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Two seismic scenarios with earthquake return period of 75-year (Earthquake scenario one 509 

denoted as E1) and 120-year (Earthquake scenario two denoted as E2) are considered for the 510 

investigated bridge. The associated return period of hazard scenario is the mean of the BPT 511 

distribution in the long-term seismic analysis, as shown in Eq. (15). The COV of the BPT 512 

distribution is set to 1 (Matthews et al. 2002). Given the return periods of earthquake, the PGA 513 

values for E1 and E2 are determined as 0.1605g and 0.2152g, respectively. The fragility curves can 514 

be generated by identifying the seismic demand and capacity selected for the bridge. In this 515 

example, a fragility curve for the multi-span simply supported concrete bridges conducted by 516 

Nielson and DesRoches (2007) is adopted to assess the system-level vulnerability of bridge. The 517 

system fragility is obtained through evaluating the correlated joint probability distribution based 518 

on the individual components, consisting of the concrete columns, elastomeric bearing, and 519 

abutments in both transverse and longitudinal directions. Using the damage states provided by 520 

Nielson and DesRoches (2007), the fragility curves for slight, moderate, major, and complete 521 

damage states of the bridge are shown in Figure 7. Thus, the probability of failure of the bridge for 522 

scenario E1 under slight, moderate, major, and complete damage states is 0.3675, 0.0256, 0.0057, 523 

and 0.0011, respectively. For scenario E2, the probability of failure under slight, moderate, major 524 

and complete damage states is 0.5449, 0.0670, 0.0189, and 0.0046, respectively. 525 

5.2 Long-Term Resilience and Loss Quantification 526 

Given the defined hazard scenarios and fragility inputs, the long-term resilience and loss of the 527 

bridge under earthquakes and hurricanes are assessed in this section. The arrivals of earthquakes 528 

are modeled by the renewal process with BPT distribution, while a classical Poisson process is 529 

used to model the hurricane arrivals. The occurrence rate is taken as the inverse of return period 530 

(e.g., the occurrence rate of a 100-year hurricane is 0.01). Two significant inputs for Eqs. (11) and 531 

(12) are the resilience and economic repair loss.  532 

In this example, the resilience is assessed by Eq. (2) and the recovery model is based on the 533 

model developed by ATC (1999), while any other approaches could also be incorporated during 534 

the computational process. By providing recovery actions, the bridge functionality is recovered to 535 

a satisfactory level. A similar repair scheme is utilized for bridge under the hurricane induced 536 

damage but only the collapse damage is included. The same recovery time from earthquake 537 

analysis is utilized for the hurricane damages. The functionality related to the four hazard scenarios 538 
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is shown in Figure 8. Under the same type of hazard, the bridge under higher level of hazard 539 

intensity has a smaller residual functionality, which means the structure requires additional efforts 540 

for the recovery. Given the investigated time interval Δtr = 400 days, the resilience can be 541 

calculated using Eq. (2). The bridge resilience under two earthquake hazards E1 and E2 is 0.9958 542 

and 0.9918, respectively. With the same investigated time interval, the bridge resilience under the 543 

hurricane scenarios H1 and H2 is computed as 0.9204 and 0.6467, respectively. These four 544 

resilience values are considered as the mean resilience inputs for the long-term assessment. 545 

Consequently, the expected long-term resilience for earthquakes and hurricanes are computed 546 

using Eq. (11), associated with stochastic BPT renewal process and Poisson process, respectively. 547 

In a 100-year service life, the expected long-term resilience for the hazard scenarios E1, E2, H1, 548 

and H2 is 1.2835, 0.7536, 0.9204, and 0.3233, respectively. Figure 9 shows the expected long-term 549 

resilience under the four scenarios changing over the investigated service life. It is found that the 550 

long-term resilience of bridge of scenarios E2 is the lowest in the first 30 years, while the lowest 551 

scenario turns to H2 in the remaining service life. As a result, decision-makers are required to make 552 

appropriate management strategies for the bridge according to the changes of total resilience at 553 

different ages. 554 

The economic repair loss caused by natural hazard can be computed as the product of 555 

rebuilding cost and the probability of failure under the investigated scenario. In this example, the 556 

rebuilding cost of bridge is computed as USD 963,908, based on the consequence evaluation 557 

parameters provided by Zheng et al. (2018). For bridge damaged by deck unseating during 558 

hurricanes, the rebuilding cost is mainly due to the repair of superstructure, taken as 40% of the 559 

rebuilding cost (Mondoro et al. 2017). The expectation of long-term loss of the bridge under 560 

earthquake and hurricane is computed using Eq. (12), including inputs of the occurrence rate of 561 

investigated hazard, service life, hazard intensity, and financial discount rate. The economic repair 562 

loss for the hazard scenarios E1, E2, H1, and H2 is USD 0.1909 × 105, 0.4019 × 105, 7.6419 × 105, 563 

and 3.4751 × 105, respectively. The service life remains 100 years and a financial discount rate of 564 

3% is used. Based on the renewal model, the expected long-term damage loss under the hazard 565 

scenarios E1, E2, H1, and H2 is USD 0.629 × 104, 0.679 × 104, 2.420 × 104, and 5.503 × 104, 566 

respectively. Figure 10(a) shows the expected long-term damage loss changing over investigated 567 

period under the four scenarios. 568 
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It is identified from the long-term damage loss that the bridge is exposed to dominated 569 

hurricane hazard scenario H2, which leads to the highest expected long-term loss throughout the 570 

investigated period. This outcome is reasonable since the bridge has the largest probability of 571 

failure and a relatively high repair cost under the hazard scenario H2. On the contrary, the hazard 572 

scenario E1 and E2 can cause the lowest long-term loss of the bridge. Due to the stochastic time-573 

independent HPP model, the expected long-term damage loss of hurricane scenario H2 is 574 

consistently higher than that of scenario H1, as shown in Figure 10(a). However, the changing 575 

pattern of long-term damage loss under two earthquake scenarios is different, as shown in Figure 576 

10(b), due to the time-varying occurrence rate in the BPT renewal process. When the service life 577 

is smaller than 55 years, the total damage loss of scenario E1 is larger than E2 but the situation is 578 

opposite in the remaining 45 years. Therefore, the decision-makers should consider both the long-579 

term resilience and damage loss, as only focusing on the long-term loss may lead to inappropriate 580 

decisions. For instance, though the long-term loss of scenario H2 is the highest throughout the 581 

investigated period, the long-term resilience of E2 is the lowest when the bridge service life is 582 

smaller than 30 years. 583 

The above results obtained through the analytical renewal-based approach is validated by the 584 

MC simulations. The stochastic renewal process is constructed by modelling the interarrival times 585 

according to the given probability distribution. The interarrival times having BPT distribution are 586 

modeled using the inverse transform sampling. Consequently, the expected long-term loss and 587 

resilience are computed using the Eqs. (5) and (6). Through the MC approach, the expected long-588 

term resilience for the hazard scenarios E1, E2, H1, and H2 is 1.2819, 0.7531, 0.9208, and 0.3233, 589 

respectively, for a 100-year service life. The associated expected long-term damage loss under the 590 

hazard scenarios E1, E2, H1, and H2 is USD 0.637 × 104, 0.699 × 104, 2.461 × 104, and 5.595 × 591 

104, respectively. Overall, these numerical results have an acceptable agreement on the analytical 592 

outcomes. 593 

For the dominant scenario H2, the expected long-term loss is sensitive to the change of 594 

financial discount rate and the economic repair loss as shown in Figure 11(a) and 11(b), 595 

respectively. The long-term loss with a discount rate at 1% is nearly three times larger than that 596 

with a discount rate at 4%. Therefore, identifying the appropriate value for discount rate is essential 597 

for the long-term loss evaluation. In addition, the long-term loss can be significantly enlarged by 598 

the increase of economic repair loss. By defining the original economic repair loss for scenario H2 599 
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as L0, the expectation of long-term loss affected by triple, double, a half and a third of L0 is shown 600 

in Figure 11(b). Since the economic repair loss highly depends on the vulnerability analysis in 601 

terms of the probability of failure, it indicates the large uncertainty related to fragility curves during 602 

the long-term loss estimation. Based on the outcomes, decision-makers can further decide the risk 603 

mitigation strategies associated with this dominated scenario. 604 

6 Conclusions 605 

This paper provides an elaborate framework for the long-term resilience and long-term loss 606 

assessment of highway bridges under multiple hazards. The independent natural hazards are 607 

focused. The common approach of resilience assessment, the resilience quantification based on 608 

practical engineering considerations, and the long-term resilience and loss estimation according to 609 

the stochastic renewal process are introduced. Time-independent and time-varying hazard 610 

occurrence characteristics are incorporated in the analysis using the stochastic renewal process. 611 

Uncertainties arising from the occurrence of extreme events, structural vulnerability and the 612 

resulting consequences caused by the hazards are considered. Several typical natural hazards (i.e. 613 

earthquakes, hurricanes and floods) are outlined and the corresponding performance scenarios are 614 

discussed. The proposed approach is illustrated on a typical highway bridge. A numerical model 615 

is constructed to assess the structural performance of bridge under hurricane hazard, which is 616 

validated by the experimental tests. The time-dependent functionalities under recovery patterns for 617 

four different hazard scenarios are calculated. The bridge resilience under each hazard scenario is 618 

evaluated. 619 

In addition, the presented approach allows successful estimation of the long-term resilience 620 

and loss by identifying the major distribution characteristics of damage cost of existing bridges. A 621 

stochastic renewal process is applied to derive the expectation of long-term resilience and damage 622 

loss. Different stochastic models are applied to model the hazard occurrence, in which the BPT 623 

renewal process and Poisson process are adopted for earthquake and hurricane, respectively. The 624 

long-term resilience and loss are quantified for the four selected hazard scenarios.  625 

The results reveal that the hurricane with a 200-year return period is the costliest hazard for 626 

the bridge. Though the long-term loss caused by the 200-year hurricane is the highest throughout 627 
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the investigated 100-year service life, the long-term resilience of the earthquake with a 120-year 628 

return period is the lowest in the first 30 years. Thus, decision-makers are expected to consider 629 

both the long-term resilience and damage loss. The long-term loss significantly depends on 630 

occurrence and intensity of the hazard, remaining service life and financial discount rate. Careful 631 

evaluations on the financial discount rate and the structural fragility analysis are important. Based 632 

on the results presented, decision makers can decide the risk mitigation strategies associated with 633 

various hazard scenarios. The approach presented can benefit insurers and policy-makers to 634 

manage bridges against the impacts of multiple hazards in a life-cycle context. Further studies are 635 

expected to consider the interdependencies and interactions of hazardous events. The life-cycle 636 

management can be further incorporated into the proposed framework by considering the 637 

intervention actions (e.g., inspection, maintenance, and repair) to deliver the optimal solution for 638 

decision-makers. 639 

Acknowledgements 640 

The study has been supported by The Hong Kong Polytechnic University under Start-Up Fund 1-641 

ZE7Q, the National Natural Science Foundation of China (Grant No. 51808476), the Research 642 

Grant Council of Hong Kong (ECS project No. PolyU 252161/18E), and the U.S. National Science 643 

Foundation through grant CMMI-1537926. The support is gratefully acknowledged. The authors 644 

gratefully acknowledge Mr. Deming Zhu for the sketch of CFD model and Mr. Jing Qian for the 645 

support in terms of resilience computation. The opinions and conclusions presented in this paper 646 

are those of the authors and do not necessarily reflect the views of the sponsoring organizations. 647 

Appendix A. Expected long-term resilience and loss 648 

The derivation of long-term resilience and loss in Eqs. (11) and (12) are provided. The expected 649 

long-term resilience can be determined by the properties of compound stochastic process (Ross 650 

2014), which equals the sum of number of arrivals times the expected resilience 651 
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For the discounted long-term loss, the expectation can be written into two parts by conditioning 652 

on the first renewal time y  653 
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in which the CDF of interarrival time FW in a finite time domain is a defective distribution for 654 

interarrival time, denoted as ψ(tmax) (Léveillé and Garrido 2001; Rolski et al. 2009). In an infinite 655 

time horizon, the defective distribution is the Laplace transform of FW, denoted as ψr (∞).  656 
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Using this notation, the expected long-term loss is expressed as  657 
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To connect Eq. (A4) with the expected number of arrivals of hazards in the renewal process, the 658 

convolution power of ψ(tmax) is computed 659 
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where IA (∙) represents the indicator function of a set A. It equals to one only if A is true but equals 660 

to zero otherwise: e.g., I{0, tmax}(s) equals to one if 0 ≤ s ≤ tmax. Since the renewal function is the k-661 

fold convolution of the PDF of interarrival time, the Eq. (A5) is rearranged as follows 662 
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Substituting Eq. (A6) into the Eq. (A4), the expected long-term loss is 663 
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Appendix B. Probabilistic seismic hazard analysis 664 

The probabilistic seismic hazard analysis framework quantifies various uncertainties from location, 665 

size and intensity of an earthquake, among others to present an explicit distribution of future 666 

ground motions. The process of computing the rate of earthquake occurrence is presented. 667 

Gutenberg and Richter (1944) provided the recurrence relationship between earthquake 668 

frequency and magnitude based on 669 

 
10log m a bm    (B1) 

where λm is the rate of earthquakes with magnitudes greater than m; and a and b are coefficients. 670 

Considering the minimum and maximum magnitudes associated with a finite fault, a bounded 671 

CDF for the magnitudes of earthquakes can be derived as 672 
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where FM(m) is the CDF for magnitude; mmax is the maximum magnitude that a given source can 673 

produce; and mmin is the minimum magnitude considered in the analysis.  674 

Depending on the characteristics of earthquakes, the ground motion prediction models 675 

(GMPM) can predict the expected levels of ground motion intensity. Boore et al. (2014) provided 676 

a ground motion prediction model, given by  677 

 
30 1 30ln ( , ) ( , , ) ( , , , ) ( , , )E P JB S S JB n JB SIM F M mech F R M region F V R M z M R V      (B3) 

where lnIM is the natural logarithm of a ground motion intensity measure; FE, FP, and FS are 678 

functions for source, path, and site parameters, respectively; εn is the fractional number of standard 679 

deviations of a single predicted value of lnIM away from the mean; and σ is the total standard 680 

deviation of the model.  681 
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The total standard deviation is given by 682 

 2 2

30 30( , , ) ( , , ) ( )JB S JB SM R V M R V M     (B4) 

where τ is the M-dependent between-event standard deviation; and ϕ is the M-, RJB- and VS30- 683 

dependent within-event standard deviation. 684 

With the mean and standard deviation from this GMPM model, the exceedance probability of 685 

a PGA level can be computed under the given magnitude and site conditions 686 
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where Ф (.) is the standard normal CDF;  ln𝐼𝑀 ̅̅ ̅̅ ̅̅ ̅̅ is the mean of lnIM; and σlnIM is the standard 687 

deviation of lnIM. The normal distribution parameters are output from the GMPM. 688 

Consequently, the annual rate of exceeding a given intensity measure can be derived using the 689 

total probability theorem 690 

 max max

min

min

1 0

( ) ( ) ( | , ) ( ) ( )
source

m rn

i Mi Ri

i m

IM x M m P IM x m r f m f r drdm 


       (B6) 

where (Mi > mmin) is the rate of occurrence of earthquakes greater than mmin from source i; (IM > 691 

x) is the annual rate of intensity measure greater than x; nsource is the number of sources considered; 692 

fMi(m) is the PDF for magnitude from source i; and fRi(r) is the PDF of distance for source i. The 693 

inverse of the annual probability of exceedance is known as the return period. The seismic intensity 694 

measure values for different return periods can be determined accordingly.  695 
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 886 

 887 

Figure 1. Resilience assessment framework (adapted from ISO 2009). 888 

 889 

 890 

Figure 2. The long-term resilience and loss framework based on stochastic renewal process. 891 
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 893 

Figure 3. Computational framework integrating resilience and loss assessment. 894 

 895 

   896 

(a)       (b) 897 

Figure 4. (a) Collapsed and washed away bridge due to 2017 flood in Nepal and (b) scouring 898 

observed in a bridge in Nepal after the 2017 central Nepal flash flood (two photos taken by the 899 

fourth author). 900 
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 903 

(a) 904 

 905 

(b) 906 

Figure 5. (a) Geometry of bridge superstructure and (b) numerical diagram of computation 907 

domain of the FEM model. 908 

 909 

 910 

Figure 6. Comparison between numerical and experimental results of the maximum total uplift 911 

force acting on the bridge superstructure. 912 
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 914 

Figure 7. System-level fragility curves for the bridge at different damage stages (adapted from 915 

Nielson and DesRoches 2007). 916 

 917 

(a) Earthquake scenario E1 

 

(b) Earthquake scenario E2 

 

(c) Hurricane scenario H1 

 

(d) Hurricane scenario H2 

 

Figure 8. Time-dependent functionality of four investigated hazard scenarios (E1, E2, H1, and 918 

H2). 919 
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 921 

Figure 9. Long-term resilience for the investigated bridge under earthquake and hurricane 922 

hazards using renewal method.  923 

 924 

 925 

(a)      (b) 926 

Figure 10. Long-term damage loss estimation for the investigated bridge under earthquake and 927 

hurricane hazards using renewal method (a) for four hazard scenarios (b) for seismic scenario E1 928 

and E2. 929 
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 932 

(a)      (b) 933 

Figure 11. Expected long-term damage loss affected by (a) financial discount ratio and (b) 934 

economic repair loss. 935 
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