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 31 

Abstract 32 

This paper presents a methodology to evaluate life safety risk of coastal communities vulnerable to 33 

seismic and tsunami hazards. The work explicitly incorporates two important aspects in tsunami 34 

evacuation modeling: (1) the effect of earthquake-induced damage to buildings on building egress 35 

time, (2) the effect of earthquake-induced debris on horizontal evacuation time. The city of Seaside, 36 

Oregon, is selected as a testbed community. The hazard is based on a megathrust earthquake and 37 

tsunami from the Cascadia Subduction Zone that was defined in a previous study. The built 38 

environment consists of buildings and the transportation network for the city. Fragility analysis is 39 

used to estimate the seismic damage to buildings and resulting debris that covers portions of the road 40 

network. The horizontal evacuation time is determined based on the shortest path to shelters, 41 

including the increased travel time due to the earthquake-generated debris. The effects of different 42 

mitigation strategies are quantified. Results indicate the fatality and life safety risk of a near-field 43 

tsunami increases by 4.2 to 8.3 times when the effects of building egress and earthquake-induced 44 

debris are considered. The choice of population layer affects the life safety risk and thus the 45 

maximum risk is obtained when daytime populations are considered. Use of mitigation strategies 46 

result in a significant decrease in the number of fatalities. For hazards with recurrence intervals larger 47 

than 500-years, the vertical evacuation is the most effective strategy in reducing fatalities and 48 

associated risks. Implementing all mitigation strategies reduces the life safety risk by 90%.    49 

 50 

Author keywords:  tsunami evacuation, building egress, earthquake-induced debris, life safety risk, 51 

vertical evacuation, disaster mitigation, risk reduction  52 

 53 

 54 

 55 

 56 

 57 
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1. Introduction 58 

Tsunamis are devastating natural disasters primarily triggered by major earthquakes, which not only 59 

impose direct and indirect economic losses, but also result in a remarkable loss of life. Tsunamis can 60 

be low-probability and high-consequence events that have greatly threatened many coastal 61 

communities throughout the world (Ritchie and Roser 2014). For example, the 2010 Chile tsunami 62 

caused about $30 million in economic losses and nearly 645 deaths (Fritz et al. 2011; Salazar and 63 

Marcia 2011). The 2004 Indian Ocean and the 2011 East Japan tsunamis are estimated to have caused 64 

a loss of life of over 225,000 and 24,000 people, respectively (Mimura et al. 2011; Okal 2015; Shuto 65 

and Fujima 2009; Suppasri et al. 2013). Off the western coast of the United States and Canada, the 66 

Cascadia Subduction Zone (CSZ) is a major source that has the potential to generate strong ground 67 

shaking and tsunami inundation in many coastal communities of the Pacific Northwest and Northern 68 

California regions (Goldfinger et al. 2012; Heaton and Hartzell 1987; Wood 2007; Wood et al. 2013) 69 

with the probability of occurrence of earthquake ranging from 10% to 14% in the next 50 years 70 

(Petersen et al. 2002; Witter et al. 2013). In addition, the risk is expected to increase in the future 71 

due to the population and urban growth in coastal areas (Cremen et al. 2022; Neumann et al. 2015). 72 

For communities affected by near-field events that have both strong seismic ground motion and 73 

subsequent tsunami inundation, the number of casualties can be still devastating due to uncertainties 74 

in both tsunami inundation and human behavior, particularly during the evacuation process. 75 

Therefore, understanding potential challenges in the tsunami evacuation plan and corresponding 76 

mitigation strategies can significantly reduce the number casualties in coastal communities.   77 

Unlike a far-field tsunami, a near-field tsunami is likely to reach the onshore within 20-40 minutes 78 

after the initial earthquake, which can impose a greater risk and threaten the life safety in coastal 79 

communities (Henry et al. 2017; Katada et al. 2006). Due to short arrival time of the near-field 80 

tsunami, a rapid evacuation that is more likely to be on foot can considerably increase the probability 81 

of surviving (Fraser et al. 2014; Katada et al. 2006). Due to the pressing need to mitigate the life 82 

safety risk, several researchers and state agencies have focused their studies on the impact of near-83 

field tsunamis on life safety to develop effective tsunami evacuation plans that minimize the 84 

casualties (e.g., Makinoshima et al. 2020; Priest et al. 2016; Wilson and Miller 2014). While the 85 

findings have revealed that an efficient evacuation plan is essential to minimize casualties, there 86 

remains a lack of sufficient understanding of the life safety risk for coastal communities vulnerable 87 
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to seismic and tsunami events (Mas et al. 2015; Wang et al. 2016; Xie and Muraki 2017) due to lack 88 

of integration of impacts of debris due to the damage infrastructure and buildings on the evacuation 89 

modeling (Castro et al. 2019; Kameshwar et al. 2021; Mostafizi et al. 2017).    90 

This paper presents a methodology to simulate tsunami evacuation of people, estimate casualties, 91 

and ultimately assess the life safety risk due to seismic and subsequent tsunami hazards at the 92 

community level. The city of Seaside, Oregon, vulnerable to the seismic and near-field tsunami due 93 

to the CSZ, is selected as an example community to illustrate the application of the methodology. 94 

The methodology explicitly incorporates two important aspects in the tsunami evacuation modeling: 95 

(1) the effect of earthquake-induced damage to buildings on building egress time, (2) the effect of 96 

earthquake-induced debris on horizontal evacuation time. The population layers account for 97 

residents, workers that commute to the city, and tourists at the parcel level. The casualty rates are 98 

calculated for each parcel considering different community preparedness levels as well as daytime 99 

and nighttime population layers. The horizontal evacuation time is determined based on the shortest 100 

path to safety. The results are compared in terms of the number of casualties and associated risks to 101 

quantify the effect of different mitigation strategies, namely improving tsunami readiness, using 102 

vertical evacuation shelters, and seismic retrofitting methods on the life safety. Finally, a sensitivity 103 

analysis is performed to evaluate the effect of different levels of tsunami preparedness and debris 104 

models on the tsunami casualty results. The open-source Interdependent Networked Community 105 

Resilience Modeling Environment (IN-CORE) developed by Center for Risk-Based Community 106 

Resilience Planning is utilized for the building damage analyses in this study. All other models were 107 

implemented in python on a Jupyter notebook. 108 

The paper is organized as follows. In Section 2, the background about earthquake and tsunami 109 

evacuation models are presented. In Section 3, the proposed methodology is presented. In Section 110 

4, the proposed methodology is applied to the testbed community. In Section 5, results and 111 

comparisons, including earthquake and tsunami casualties, mitigation strategies, and the sensitivity 112 

analysis are provided. In Section 6, discussion, limitations, and future research suggestions are 113 

discussed. Finally, in Section 7, conclusions are presented.  114 

 115 
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2. Background  116 

In this section we review casualty models for both earthquakes and tsunamis. Observations from 117 

earthquake events demonstrate that direct seismic damage to the infrastructure such as buildings is 118 

responsible for almost 75% of casualties (Rahman 2018; Zuccaro and Cacace 2011). There are 119 

primarily two types of earthquake casualty models (Chaoxu et al. 2022). In this first model, damage 120 

to buildings is not considered, and casualties are estimated based on earthquake parameters such as 121 

the magnitude and intensity. Based on various earthquake parameters, there are different models 122 

(e.g., Badal et al. 2005; Christoskov and Samardjieva 1984; Liu and Lin 2012), of which the US 123 

Geology Survey (USGS) is the most well-known model. In the second model, casualties are 124 

estimated based on different levels of damage to buildings and corresponding casualty rates (e.g., 125 

Furukawa et al. 2010; Ma and Xie 2000; Urrutia et al. 2014). In this regard, HAZUS earthquake 126 

casualty model has been extensively adopted to assess the earthquake casualty in vulnerable 127 

communities (e.g., Levi et al. 2015; Nastev and Todorov 2013; Shapira et al. 2018). Apart from that, 128 

historical seismic data has been utilized to validate casualty models (e.g., Aguirre et al. 2022; Remo 129 

and Pinter 2012; Rozelle 2018). It should be noted that although earthquake casualty models do not 130 

include human interaction at the same level of complexity as tsunami casualty models, earthquake 131 

evacuation remains critical to life safety (Spence and Scawthorn 2011).  132 

Early studies about the tsunami evacuation have been carried out in Japan due to its extensive 133 

experience with tsunamis, and then later expanded to other vulnerable communities (Pishief 2007; 134 

Shuto and Fujima 2009). Tsunami evacuation models are mainly classified into macroscopic or 135 

microscopic models (e.g., Hamacher and Tjandra 2002; Pidd et al. 1996). Modeling is 136 

straightforward and computationally efficient in macroscopic models that include static and dynamic 137 

networks (e.g., least-cost distance, shortest distance, and quickest flow models); however, these 138 

models are not able to fully describe the decision-making behavior and interaction between evacuees 139 

(Fraser et al. 2014; Lammel 2011; Muhammad et al. 2017; Priest et al. 2016; Wood and Schmidtlein 140 

2012). On the other hand, microscopic models, such as agent-based models (ABM) integrated with 141 

network analyses can simulate the interaction between evacuees but require expensive 142 

computational resources, particularly when large populations and their temporal (daily and/or 143 

seasonal) fluctuations are considered (Macal and North 2010; Na and Banerjee 2019; Wang et al. 144 

2016; Wang and Jia 2021; Wijerathne et al. 2013). Although several studies have shown that 145 



Manuscript submitted to Natural Hazards special issue on “Multi-hazard Risk Assessment for Urban Areas” 

 6 

neglecting the evacuees decision-making behavior underestimates the evacuation time (Lammel 146 

2011; Mas et al. 2012; Muhammad et al. 2021; Wang et al. 2016), the ABM requires critical inputs 147 

to fully consider evacuee’s behavior resulting in several levels of complexity, particularly for 148 

emergency planners who often require information for a variety of potential events. Therefore, given 149 

the scope of this paper, the literature review mainly focuses on macroscopic models for the near-150 

field tsunami evacuation.  151 

Sugimoto et al. (2003) assessed the effect of early evacuation on the number of casualties in coastal 152 

regions of Shikoku Island, Japan. They concluded that early evacuation significantly reduces the 153 

number casualties. Katada et al. (2006) developed an integrated GIS-based tsunami evacuation 154 

model to systematicity evaluate the vulnerability of coastal communities. Freire et al. (2013) 155 

conducted a tsunami risk assessment based on the cost-weighted distance model to evaluate the 156 

effect of daytime and nighttime populations on tsunami evacuation modelling in the Lisbon 157 

Metropolitan Area. The results showed the population at risk can significantly increase from 158 

nighttime to daytime populations. Fraser et al. (2014) developed a tsunami evacuation framework 159 

based on a hypothetical near-field tsunami scenario utilizing the least-cost distance model to evaluate 160 

the vulnerability of coastal communities in Napier City, New Zealand. The results highlighted the 161 

significance of considering the uncertainty in population exposure characteristics such as evacuation 162 

preparation time and pedestrian walking speed. Wood and Schmidtlein (2012) assessed the 163 

sensitivity of the least-cost distance model to various input variables for pedestrian tsunami 164 

evacuation in Long Beach Peninsula, Washington. The results showed that several factors can affect 165 

the evacuation travel time, including the anisotropic path assumption, land-cover resolution, and 166 

initial walking speeds. Wood and Schmidtlein (2013) conducted a vulnerability assessment to 167 

understand how variations in population exposure to a given tsunami can affect the pedestrian travel 168 

time. They focused on multiple coastal communities in Grays Harbor and Pacific Counties, WA, 169 

which are threatened by CSZ near-field tsunamis. The results demonstrated that communities face a 170 

wide range of vulnerabilities so that people in several communities are unable to successfully 171 

evacuate on foot due to short tsunami arrival time and large distances to safety zones. Similar studies 172 

have been carried out for multiple coastal communities in the Northern California region (Wood et 173 

al. 2017; Wood et al. 2020a). Frucht et al. (2021) developed a tsunami risk assessment based on a 174 

worst-case scenario for a vulnerable community in Haifa, Israel. They utilized the HAZUS Tsunami 175 

Model to estimate the casualty losses considering the resident population with different preparedness 176 
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levels, where the transportation mode was only horizontal evacuation on foot. They concluded that 177 

increasing the community preparedness level and seismic retrofitting of existing structures are two 178 

main effective mitigation strategies, which can significantly decrease the casualty. In this regard, 179 

Bernardini and Ferreira (2022) showed that implementing a targeted seismic retrofitting plan for 180 

vulnerable historical buildings in urban regions is an effective mitigation strategy to reduce the 181 

building damage, facilitate the evacuation process, and improve the community’s safety. Recently 182 

Wood et al. (2020b) incorporated a probabilistic tsunami hazard model in the tsunami evacuation 183 

model to understand the effect of uncertainties in hazards on evacuation variables such as wave-184 

arrival time, inundated lands, and ultimately life safety. The results indicated that given the 185 

pedestrian evacuation modelling, increasing the tsunami recurrence interval results in a significant 186 

increase in the number of parcels with insufficient evacuation time.  187 

As mentioned earlier, since the CSZ is a major source of the earthquake and near-field tsunami, 188 

several studies have been carried out to assess life safety for vulnerable coastal communities, 189 

particularly the city of Seaside, Oregon, located in the vicinity of the CSZ that has the highest 190 

vulnerability to tsunami hazards among Oregon coastal communities (Priest et al. 2015; Wood 191 

2007). Priest et al. (2016) utilized the worst-case scenario for tsunami hazards along with least-cost 192 

distance model to evaluate the pedestrian evacuation for tsunamis and its potential challenges. The 193 

results indicated that the pedestrian evacuation in Seaside strongly depends on the functionality of 194 

bridges that are already vulnerable to seismic damage. Wang et al. (2016) developed an ABM 195 

framework to investigate the effect of various decision-making variables on the tsunami evacuation 196 

in Seaside. They considered a peak summer weekend as a worse-case scenario with total 2500 197 

evacuees impacted by a scenario-based tsunami inundation with the 500-year recurrence interval. 198 

The results of study lead to the conclusion that the fatality rate is significantly sensitive to different 199 

factors, including the mode of transportation (walking versus car), departure time (immediate versus 200 

delayed evacuation), evacuation speed (slow walk versus fast walk), choice of the evacuation route, 201 

and the evacuation mode (horizontal versus vertical shelters). Capozzo et al. (2019) implemented 202 

the HAZUS methodology to assess direct losses, including the casualty for Seaside with a population 203 

layer of 6500 people due to 1000-year seismic and tsunami recurrence intervals. The results indicated 204 

that the joint seismic and tsunami hazards dramatically increases the number of fatalities mainly due 205 

to seismic damage to bridges, which can adversely affect the tsunami evacuation. One step further, 206 

Mostafizi et al. (2017) developed an ABM framework to assess the network vulnerability and 207 
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identify critical links during the tsunami evacuation in Seaside. They concluded that alternative 208 

approaches to allocate resources for bridge retrofitting can significantly affect life safety outcomes. 209 

Furthermore, Mostafizi et al. (2019) extended the framework to evaluate the vertical evacuation 210 

strategies for a scenario-based near-field tsunami in Seaside. The results indicated that while the 211 

logical location of the vertical shelter is at the city center with the high density of population, the 212 

fatality rate is significantly sensitive to other factors such as walking speed, preparation time, and 213 

the percentage of people who intend to evacuate using the vertical shelter. Given the high 214 

vulnerability of Seaside, although several studies have been performed to estimate seismic damage 215 

to the infrastructure (e.g., Park et al. 2017b; Sanderson et al. 2021; Wiebe and Cox 2014) and 216 

associated debris (Kameshwar et al. 2021; Park and Cox 2019), additional efforts are needed to 217 

consider the effect of such damage and associated debris on the tsunami evacuation modeling.  218 

The above literature review has identified several research gaps, particularly in assessing the 219 

earthquake and tsunami life safety within coastal communities. First, to the authors' knowledge, 220 

there is no study investigating the impacts of earthquake on the tsunami evacuation, including the 221 

earthquake-induced damage to buildings on building egress time and associated debris on horizontal 222 

evacuation time. Second, most studies reviewed here adopted a deterministic approach in their 223 

earthquake and tsunami hazard characterization, focusing on simulations considering historical or 224 

hypothetical worst-case scenarios, which do not lend themselves to compute the life safety risk, 225 

which incorporates both the probability of occurrence of the hazards and their consequences. Third, 226 

most studies to date have focused on the census derived population characteristics; thus, resident, 227 

employee, and tourist populations as well as their daytime and nighttime variations have not been 228 

considered. Therefore, this paper proposes a methodology to address these research gaps and assess 229 

the life safety risk due to earthquake and tsunami hazards at the community scale. The results could 230 

assist stakeholders, decision makers, and urban planners to better understand the tsunami evacuation 231 

plan and estimate the associated life safety risk.  232 

 233 

 234 

 235 

 236 
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3. Methodology  237 

Fig. 1 shows the overall methodology utilized in this study to evaluate life safety for near-field 238 

earthquakes and tsunamis, and to investigate various mitigation strategies. The methodology is 239 

adapted based on the decision-support framework proposed by Kameshwar et al. (2019) for the 240 

community resilience assessment. As shown in Fig. 1,  the first component, “decision support 241 

options” proposes several decision criteria, namely hazards and severity, infrastructure systems, 242 

social systems, resources, ex-ante strategies (mitigation), and ex-post (response) that can be adopted 243 

by stakeholders, decision makers, and urban planners. The second component, “hazard description” 244 

includes probabilistic seismic and tsunami hazards for several recurrence intervals. The third 245 

component, “built environment” includes data and information about infrastructure systems, such as 246 

buildings, the transportation network (roadways and bridges), as well as other lifeline systems such 247 

as water, power, gas, and telecommunication. In addition, mitigation strategies such as using a 248 

vertical evacuation shelter can directly impact the built environment. The fourth component, “social 249 

environment” consists of population layers, including resident, employee, and tourist with different 250 

spatial and temporal distributions (e.g., daytime versus nighttime). The fifth component, 251 

“probabilistic simulation” consists of four main modules, namely building damage model, debris 252 

model, earthquake and tsunami casualty models. The damage model estimates ground shaking-253 

induced damage to buildings, through the application of appropriate structural and non-structural 254 

fragility curves. The debris model estimates the earthquake-induce debris due to both structural and 255 

non-structural damage to buildings. The earthquake casualty model employs the outputs from 256 

earthquake-induced damage to buildings along with indoor/outdoor casualty rates to estimate the 257 

total casualty. The tsunami casualty model explicitly incorporates the effect of two important 258 

variables, namely ground shaking induce damage to buildings on building egress time and 259 

earthquake-induced debris on horizontal evacuation time. Finally, the total number of casualties and 260 

associated annualized risks are calculated under different policy alternatives resulting in selected 261 

decisions for the community. Noted that although response and mitigation measures are often 262 

constrained by the availability of financial resources, this is not considered here as indicated by the 263 

dash decision box. 264 
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 265 

Fig. 1. Proposed methodology for the life safety risk assessment of near-field earthquake and tsunami 266 

According to Modarres et al. (2016), the risk analysis consists of three main components: (1) 267 

selecting the hazardous event (2) determining likelihood or the probability of the occurrence of the 268 

event, (3) evaluating consequences or losses. As a result, in this study, the life safety risk is defined 269 

as the number of casualties multiplied by the probability of occurrence calculated as the inverse of 270 

the recurrence interval. The risk provides insight into events that result in both significant losses and 271 

have a high probability of occurrence. In this study, the tsunami evacuation is developed based on 272 

the macroscopic model utilizing the shortest distance to tsunami shelters. Therefore, interactions 273 

among evacuees such as social and phycological factors are not considered. The proposed 274 

methodology is designed to be implemented within the Interdependent Networked Community 275 

Resilience Modeling Environment (IN-CORE), but for this paper the earthquake casualty, debris, 276 

and tsunami casualty algorithms were external to IN-CORE. IN-CORE is a robust, open-source 277 

computational platform developed by Center for Risk-Based Community Resilience Planning to 278 

integrate engineering and socioeconomic algorithms and model the impact of natural hazards to 279 

communities as well as their recovery, evaluate community resilience, and ultimately optimize 280 

resilience strategies (Gardoni et al. 2018; van de Lindt et al. 2019). IN-CORE is freely available 281 
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online and a Python library (pyIncore) is available for a variety of researchers from different 282 

disciplines.  283 

4. Description of the example testbed 284 

In this study, the city of Seaside, Oregon, is selected as an example community to illustrate the 285 

application of the methodology. Seaside is a city in Clatsop County, Oregon, located in the vicinity 286 

of CSZ and vulnerable to both seismic and tsunami hazards (Goldfinger et al. 2012; Oregon Seismic 287 

Safety Policy Advisory Commission 2013; Wood 2007). Previous studies have shown that Seaside 288 

has the highest vulnerability to tsunami hazards among Oregon coastal communities (Wood 2007; 289 

Wood et al. 2010). According to the 2020 US Census (2020), the total population of Seaside is 290 

estimated as 7,115 people. However, similar to other coastal communities, since the tourism industry 291 

is the mainstay of the economy, the tourist population can be substantial in a single day, especially 292 

during the peak of summer hours (Connor 2005; Venturato 2005). Thus, in such circumstances, the 293 

tourist population fluctuation must be taken into account to achieve a realistic life safety risk 294 

assessment (Kellen et al. 2012; Mostafizi et al. 2017).  295 

Historically, before there were records or inhabitants, Seaside undoubtedly experienced near-field 296 

tsunamis. There are quite a few historically recorded tsunamis with the earthquake origin being in 297 

Alaska (1952 and 1964), Chile (1960), and Japan (2011). While there were no substantial human 298 

losses, the city has experienced economic losses. For example, the Alaska (1964) earthquake and 299 

tsunami caused $276K damage to the city and private sectors (NHMP 2015). Recently, an official 300 

evacuation warning was issued in Seaside in 2011 due to the Japan (2011) earthquake that led to a 301 

mandatory city evacuation (Buylova et al. 2020). Following the 2011 Seaside evacuation warning, 302 

the Oregon Department of Geology and Mineral Industries (DOGAMI) has conducted extensive 303 

studies on the evacuation planning in Seaside leading to the tsunami evacuation map for the 304 

community (Priest et al. 2015). Seaside has a fairly flat topography, and the existing evacuation plan 305 

for areas inside the tsunami inundation zone requires the horizontal evacuation on foot to minimize 306 

the potential traffic congestion, and alternative options such as the vertical evacuation has only 307 

recently been discussed (Chen et al. 2020; Wang et al. 2016). This can be a major issue since most 308 

residents live on the west side of the Necanicum River, where they need to travel up to 1.5 km, 309 

passing one or more bridges to surpass the tsunami inundation zone. Fig. 2 shows the geographic 310 

location of Seaside with tsunami shelters (eight horizontal and one vertical shelters), transportation 311 
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network (roads and bridges), and buildings at the parcel level. It should be noted that while the 312 

existing tsunami evacuation plan for Seaside does not include the vertical evacuation, in this study, 313 

one vertical shelter located in the downtown area is considered among other mitigation strategies. 314 

 315 

 316 

                            317 
Fig. 2. Relative Location of Seaside, OR: (a) transportation network and tsunami shelters; (b) downtown (building type 318 

and corresponding code level). 319 

4.1 Decision support options 320 

The first step in decision and support options is to identify hazards and severity that threaten the 321 

community (Fig. 1, Step 1). As the recurrence interval and severity of the hazard increases, the 322 

annual probability of occurrence decreases. The next step is to select the infrastructure systems that 323 

are important to the community and have considerable impacts on the selected resilience metrics. In 324 

this study, the building and transportation network are selected as the vulnerable infrastructures that 325 

have considerable impacts on the life safety risk. Similarly, the social system is used to define the 326 

population at risk due to the earthquake and tsunami. Resident and tourist populations with different 327 

spatial distributions, namely, daytime and nighttime are considered. Finally, to reduce the casualty 328 

results and associated risks, several mitigation strategies can be evaluated. In this study, three 329 

mitigation strategies, namely seismic retrofitting, tsunami readiness, and vertical evacuation shelters 330 

are considered.  331 

a b 
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4.2 Hazard description 332 

Probabilistic seismic and tsunami hazards are required to conduct risk assessment, estimate the 333 

number of casualties and associated risks. In this study, the results of the Probabilistic Seismic and 334 

Tsunami Hazard Analysis (PSTHA) performed in Park et al. (2017a) for the city of Seaside, Oregon 335 

are utilized. The PSTHA used a logic-tree based approach to consider a full-rupture of the CSZ, and 336 

consisted of three main models, including the earthquake source model, earthquake simulation 337 

model, and tsunami model. The earthquake fault source models and their characteristics were 338 

obtained using a tapered Gutenberg-Richer distribution (Rong et al. 2014). The seismic intensity 339 

measures were obtained through the earthquake simulation model using ground motion prediction 340 

equations (Abrahamson et al. 2016). Finally, given the earthquake source modeling, the tsunami 341 

hazards were obtained by solving the non-linear shallow water equations (Lynett et al. 2002; Titov 342 

et al. 2011). The annual exceedance probabilities of both earthquake and tsunami hazards, such as 343 

peak ground acceleration (PGA), elastic spectral acceleration, maximum flow depth, and tsunami 344 

momentum flux were computed at the specific location. This analysis resulted in seismic and 345 

tsunami hazard maps associated with seven recurrence intervals, namely 100-, 250-, 500-, 1000-, 346 

2500-, 5000-, and 10,000-years. Table 1 shows seven recurrence intervals and certain hazard 347 

information at the coast.  348 

Table 1. Recurrence intervals and corresponding hazard information  349 

RI AEP (%) 
Seismic Tsunami 

PGA (g) 𝑆𝐴 (g) 𝑇0  (min) 𝑇𝑀𝑎𝑥  (min) 𝐻𝑚𝑎𝑥 (m) 

100 1 0.10 0.17 39.0 40.0 3.0 

250 0.4 0.43 0.87 38.5 41.5 4.4 

500 0.2 0.60 1.25 38.0 45.0 7.3 

1000 0.1 0.72 1.45 38.0 48.0 10.2 

2500 0.04 0.9 1.8 37.2 46.0 12.2 

5000 0.02 1.0 2.0 37.0 45.5 13.6 

10000 0.01 1.15 5.7 36.3 43.0 14.5 

RI: Recurrence Interval; AEP: Annual Exceedance Probability (1/RI); PGA: Peak Ground 350 

Acceleration; 𝑆𝐴: Spectral Acceleration for W1 buildings (period = 0.35);  𝑇0: Arrival 351 

Time (at the shoreline); 𝑇𝑀𝑎𝑥: Max Runup Time (at the center line); 𝐻𝑚𝑎𝑥: Maximum 352 

Flow Depth 353 
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4.3 Built environment  354 

The built environment for Seaside consists of four infrastructure systems, including buildings, 355 

transportation network, electric power network, and water supply network (e.g., Kameshwar et al, 356 

2021; Sanderson et al. 2022). In this study, buildings and transportation network (e.g., roads and 357 

bridges) were considered, and additional complications due to the other networks (e.g., loss of 358 

power, water leaks, potential for fire following earthquake) were not included. The building 359 

characteristics such as construction material, design level (e.g., pre-code, low-code, moderate-code, 360 

and high-code), year of construction, and number of stories were primarily identified using tax lot 361 

data from Clatsop County. Secondary means of verification were done through a field survey of 362 

limited number of buildings and by spot-checking using Google Street view (Cox et al. 2022; Park 363 

et al. 2017b). A total of 4,679 buildings were identified and classified as light frame wood buildings 364 

with the floor area less than 5,000 sq. ft. (W1: 2446 parcels), any wood buildings with the floor area 365 

greater than 5,000 sq. ft. (W2: 731 parcels), low-rise concrete moment frame buildings (C1L: 1039 366 

parcels), and mid-rise concrete moment frame buildings (C1M: 465 parcels). Fig. 3 shows the layout 367 

of building types at the parcel level in Seaside, Oregon.  368 

 369 

Fig. 3.  Layout of building types at Seaside, Oregon (W1 is light framed wood buildings with the floor area less than 370 
5,000 sq. ft., W2 is any wood buildings with the floor area greater than 5,000 sq. ft., C1L is low-rise concrete moment 371 

frame buildings, and C1M is mid-rise concrete moment frame buildings) 372 
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4.4 Social environment  373 

In this study, nighttime and daytime population layers consisted of three population-related 374 

variables, including (1) residents, (2) employees, and (3) tourists. The resident population of Seaside 375 

was estimated as 6457 people according to the 2010 US Census. The method developed by 376 

Rosenheim et al. (2019) was adopted to assign demographic characteristics such as the number of 377 

people, tenure status, and race to individual household units, although not all characteristics were 378 

incorporated for this study. The process is based on the probabilistic housing unit allocation 379 

algorithm using US Census data at the block level to inform housing unit characteristics at the parcel 380 

level. The results consist of the number of people in housing units and information about the land 381 

use types, namely vacant, residential, commercial, and seasonal rental (Rosenheim 2021). The 382 

employee population was estimated using Data Axle USA Database (2020). These data are based on 383 

North American Industry Classification System (NAICS) codes for all businesses in Seaside to 384 

estimate the number of employees at the parcel level.  385 

The tourist population was estimated from combination of three sources: the Hatfield Marine 386 

Science Center (HMSC), Oregon State Parks (OSP), and overnight visitors (Dean Runyan 387 

Associates 2021). The HMSC, located in Newport, Oregon, operates a visitor center for public 388 

outreach on marine science and attracts a large number of tourists, particularly in summer months 389 

and on weekends between late Spring and early Fall. We assume that that the seasonal (e.g., higher 390 

visitor counts in summer) and weekly (e.g., higher visitor counts on weekends) variation of daytime 391 

visitors is qualitatively similar to Seaside. The HMSC Visitor Center is closed on some occasions, 392 

and the average value of adjacent days was utilized to fill in the gaps. Weekly and daily ratios of 393 

visitors were calculated based on revised temporal data. The total number of daily visitors for 394 

Seaside was calculated based on the monthly OSP data for that area, which provided a means to 395 

scale the HMSC data.  Finally, using the total monthly visitors from OSP combined with weekly and 396 

daily ratios from HMSC, the temporal fluctuation of visitors for daytime population was estimated.  397 

Regarding nighttime population, Dean Runyan Associates (2021) provides a total estimate of 398 

overnight visitors for the Clatsop County in 2018, from which the monthly overnight visitors for 399 

Seaside was calculated based on its population compared to other cities in the county such as Astoria, 400 

Cannon Beach, Gearhart, and Warrenton. Finally, given similar weekly and daily ratios of visitors 401 

obtained from HMSC, the daily temporal fluctuation of overnight visitors for Seaside was estimated. 402 
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Fig. 4 shows the results in terms of the temporal fluctuation of visitors for daytime and nighttime 403 

population in Seaside. The maximum daytime and nighttime tourist population were estimated about 404 

20,000 and 10,000, respectively, which appear to be reasonable based on previous studies (e.g., 405 

Connor 2005; Venturato 2005; Wang and Jia 2021; Wojahn 1976). Moreover, while the estimates 406 

could be refined in future studies, we emphasize that the intention of this work is to understand the 407 

overall life safety risk considering the addition of a realistic tourist population for a typical coastal 408 

city. We note that other cities for which tourism is a major industry may have different trends. 409 

Arrighi et al. (2022), for example, studied the flood risk for Florence, Italy, and assumed a constant 410 

annual influx of tourists.   411 

 412 

 413 
Fig. 4. The estimation of the temporal fluctuation of visitors for Seaside: (a) daytime population; (b) nighttime 414 
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To develop the high-resolution population layer for daytime and nighttime, certain allocation 416 

strategies were considered. For the daytime population, we assumed that 20% of residents would 417 

remain at home (Rosenheim et al. 2019; Rosenheim 2021). Second, according to Data Axle USA 418 

Database (2020), there were 5103 employees who were allocated to target parcels. Finally, tourists 419 

were allocated in hotels with an occupancy rate of 45%, and the remaining tourist population was 420 

randomly distributed with 40% placed near the beach distributed normally around the centroid of 421 

the downtown area, 30% in the downtown area, and 30% in seasonal rentals. Regarding the nighttime 422 

population, firstly, it assumed that 100% of residents would remain at home. Secondly, the tourists 423 

were randomly allocated in hotels (hotel occupancy = 90%), and seasonal rentals identified by the 424 

housing unit allocation method (Rosenheim 2021). Online data was used to determine the 425 

approximate number of rooms in 40 hotels and vacation homes in Seaside. Regarding the hotel 426 

capacity, it was assumed that there were on average 3 persons in each room. Fig. 5 shows the 427 

heatmap for daytime and nighttime population including numbers of residents, employees, and 428 

tourists (peak summer weekend). As shown in Fig. 5(a), the downtown area has a higher population 429 

during the daytime, which the maximum of density is 1.8 person m2⁄ . As shown in Fig. 5(b), during 430 

the nighttime, the population layer is more uniform, and the maximum of density is 0.4 person m2⁄  431 

driven by multi-story hotels and seasonal rentals.  432 

                                  433 
Fig. 5.  The heatmap for the population distribution (residents, employees, and tourists) for city of Seaside, Oregon: (a) 434 

daytime population, (b) nighttime population 435 

a b 
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4.5 Probabilistic simulations  436 

The probabilistic simulation consisted of four main modules (Fig. 1, Step 5), namely the building 437 

damage model, debris model, earthquake and tsunami casualty models. In this study, building 438 

damage due to earthquake and the subsequent debris were estimated and then utilized as the input 439 

for casualty models. Therefore, for the sake of brevity, these models are included in the scope of the 440 

casualty model and are not discussed individually. The earthquake casualty model was developed 441 

based on the HAZUS methodology, in which indoor and outdoor casualties were estimated only due 442 

to direct physical damage to buildings and bridges (Federal Emergency Management Agency 2015). 443 

The model excluded casualties due to other factors such as heart attack, car accidents, fire, and post-444 

earthquake activities. In this study, only buildings with associated indoor casualties were considered 445 

for the earthquake casualty model due to its higher vulnerability compared to bridges. Second, the 446 

tsunami casualty model was also initially adopted from the HAZUS methodology (Federal 447 

Emergency Management Agency 2013), but then was extended to explicitly incorporate (1) the 448 

effect of earthquake-induced damage to the building on the tsunami preparation time, and (2) the 449 

effect of earthquake-induced debris on the evacuation speed. The output of this study consists of the 450 

number of casualties (fatality and injury) for the selected population layer (daytime and nighttime) 451 

due to earthquake and tsunami hazards at the parcel level. The results were also compared to quantify 452 

the effect of different mitigation strategies on the resilience metrics for the community. 453 

4.5.1 Earthquake casualty model 454 

The HAZUS earthquake casualty model applies an event tree model to estimate the number of 455 

casualties due to only direct physical damage to buildings and bridges. The casualty is estimated 456 

based on four severity levels of injuries, namely light injuries (Severity 1), hospitalized injuries 457 

(Severity 2), life threatening injuries (Severity 3), and deaths (Severity 4). Given the severity level, 458 

the casualty is calculated from two inputs, including damage state probabilities and associated 459 

indoor/outdoor casualty rates. The direct physical damage is determined using HAZUS seismic 460 

fragility curves representing the probability of exceeding different damage states for a given hazard 461 

intensity (Federal Emergency Management Agency 2015). Similarly, casualty rates are assigned 462 

based on severity levels, building types, and damage states. HAZUS classifies damage states into 463 

five categories: none, slight, moderate, extensive, and complete; however, IN-CORE is used for the 464 

damage analysis herein and is limited to four damage states: none/insignificant (DS0), moderate 465 

(DS1), extensive (DS2), and complete (DS3). Fig. 6 shows an example of probabilities of exceeding 466 
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DS0 and DS1 for the 500-year earthquake hazard corresponding to limit states LS0 and LS1, 467 

respectively. In this study, the casualties are estimated due to only direct physical damage to 468 

buildings in terms of the number of injury (Severity 1 and Severity2) and fatality (Severity 3 and 469 

Severity 4) at the parcel level and then aggregated in the study region. It should be noted that 470 

considering both Severity 3 and Severity 4 as the fatality is a conservative assumption, and it 471 

presumes that immediate treatment would not be available after the earthquake. Additional details 472 

about the earthquake casualty model are provided in the HAZUS earthquake technical manual 473 

(Federal Emergency Management Agency 2015).  474 

        475 

Fig. 6. Probability of exceeding specific damage state for the 500-year earthquake hazard: (a) DS0, (b) DS1 476 

4.5.2 Tsunami casualty model 477 

The HAZUS tsunami casualty model estimates the number of casualties (fatalities and injuries) due 478 

to only tsunami hazards, in which fatality rates were determined based on several parameters, 479 

including hazards, warning time, preparation time, travel time, and fatality boundary. The hazard 480 

includes information such as maximum inundation, tsunami arrival time, and maximum runup time. 481 

The preparation time is determined based on the level of community preparedness (Good, Poor, and 482 

Fair) depending on factors such as shore-protection structures, emergency loudspeakers, evacuation 483 

signs, and the education level for tsunami awareness (Federal Emergency Management Agency 484 

2013). According to previous studies, the preparation time for tourists is more likely to be less than 485 

residents (Carlos-Arce et al. 2017; Takabatake et al. 2018). Regarding fatalities, the HAZUS model 486 

distinguishes between travel time to safety (regions with no inundation) and travel time to partially 487 

a b 
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safety (regions where the inundation depth is less than or equal to 2 m). The travel time is calculated 488 

based on macroscopic models using the transportation network and the selected evacuee speed. The 489 

model assumes that there is a 50% chance of fatality and 50% of injury for the partially safety 490 

regions. The fatality rate increases to 99%, and the injury rate decreases to 1% where the inundation 491 

is greater than 2 m. Additional details on the tsunami casualty model are provide in the HAZUS 492 

tsunami technical manual (Federal Emergency Management Agency 2013). 493 

In this study, the HAZUS model was initially adopted as a baseline to evaluate the life safety risk 494 

due to tsunami hazards. The critical time (𝑇𝑐𝑟𝑖𝑡)  represents the time difference between the 495 

evacuation time and the available time to evacuate at the parcel level. Therefore, 𝑇𝑐𝑟𝑖𝑡 is calculated 496 

as: 497 𝑇𝑐𝑟𝑖𝑡 = 𝑇𝑎𝑣𝑎𝑖𝑙𝑎𝑏𝑙𝑒 − 𝑇𝑒𝑣𝑎𝑐𝑢𝑎𝑡𝑖𝑜𝑛  (1) 

 498 𝑇𝑐𝑟𝑖𝑡 = (𝑇𝑚𝑎𝑥 − 𝑇𝑤) − (𝑇𝑝𝑟𝑒𝑝 + 𝑇𝑡𝑟𝑎𝑣𝑒𝑙 + 𝑇𝑏𝑒) (2) 

where 𝑇𝑚𝑎𝑥 = maximum runup time; 𝑇𝑤 = time to issue warning; 𝑇𝑝𝑟𝑒𝑝 = estimated preparation 499 

time; 𝑇𝑡𝑟𝑎𝑣𝑒𝑙 = travel time to safety; and 𝑇𝑏𝑒 = building egress time. The variable 𝑇𝑏𝑒 was added to 500 

the baseline model to account for the effect of earthquake-induced damage on building egress time. 501 

Liu et al. (2016) developed an agent-based model to study the effect of building damage due to the 502 

earthquake on human evacuation behavior during the evacuation. As a result, building egress time 503 

for each building type (normal and overcrowded buildings) and damage scenario was estimated. In 504 

this study, the results of the model developed by Liu et al. (2016) was used to estimate the 𝑇𝑏𝑒 for 505 

buildings impacted by earthquake during the tsunami evacuation at the parcel level. To estimate 𝑇𝑏𝑒 506 

as a random variable, the lognormal distribution was used as the probability distribution. Table 2 507 

shows results of building evacuation time (minute per story) for two types of structure, including 508 

residential/seasonal rentals and hotels/commercial buildings. The variable 𝑇𝑏𝑒 is determined for 509 

buildings based on the expected value utilizing the probability of being in each damage state (Fig. 510 

6) multiplied by corresponding building evacuation time (Table 2).  511 

 512 
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Table 2. Building egress time (minute per story) for residential/seasonal rental and hotels/commercial buildings.  513 

 Residential and seasonal rental buildings Hotels and commercial buildings 

Damage State Mean (min) Standard deviation (min) Mean (min) Standard deviation (min) 

DS0 (slight) 1.56 0.09 2.44 0.15 

DS1 (moderate) 1.59 0.25 2.48 0.21 

DS2 (extensive) 3.28 1.6 4.61 1.47 

DS3 (complete) 3.28 1.6 4.61 1.47 

 514 

The reduction coefficients affecting the walking speed were calculated from debris generated from 515 

damaged buildings. The debris weight (in tons) generated from each building due to the earthquake 516 

was calculated based the HAZUS earthquake manual. According to this model, the total debris 517 

weight stems from both structural and non-structural damage for various building types, which 518 

results in both heavy debris (steel and reinforced concrete members) and light debris (brick, wood, 519 

and other materials). The model requires several inputs, including unit weight of 520 

structural/nonstructural elements, damage state probabilities for both structural and nonstructural 521 

elements, square footage of each building, and debris generated from different damage states (% of 522 

unit weight of element). Fig. 7 shows debris weights for 500- and 5000-year earthquake at the parcel 523 

level. As shown in Fig. 7, the concrete moment frame buildings that are densely located in the 524 

downtown area are responsible for most of the debris weight (larger than 300 tons).  525 

                                    526 
Fig. 7. Debris weight for selected recurrence intervals at the parcel level: (a) 500-year earthquake; (b) 5000-year 527 

earthquake 528 

As the next step, given the debris weight, the total debris volume was calculated at the parcel level 529 

utilizing the density for heavy and light debris as 1.91 ton m3⁄  and 0.45 ton m3⁄ , respectively. 530 

a b 
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Similar to Fig. 7, the spatial distribution of the debris volume at the parcel level was calculated. 531 

Then, the debris volume was distributed randomly around the perimeter of the building. In this 532 

regard, a simplified model proposed by Argyroudis et al. (2015) was adopted to estimate the 533 

geometry of debris resulted from a damaged building. A similar approach was employed by Castro 534 

et al. (2019) to simulate the impact of earthquake-induced debris on the horizontal tsunami 535 

evacuation time. Fig. 8 shows the simplified model with associated parameters to estimate the debris 536 

width (𝑊𝑑), which is given by:  537 

𝑊𝑑 = √𝑊2 + 2𝑘𝑣𝑊𝐻𝑡𝑎𝑛𝜃 −𝑊 

 

                                                                       (3) 

 

with 𝑘𝑣 = (𝑊𝐻𝑑 + 0.5𝑊𝑑𝐻𝑑) (𝑊𝐻)⁄ , and where H and W are height and width of the undamaged 538 

building, respectively; 𝑘𝑣 is the ratio of the volume of damaged building to the volume of undamaged 539 

building, 𝐻𝑑 is the debris height, and 𝜃 is the angle of collapsed debris. As shown in Fig. 8, the 540 

undamaged and damaged buildings are depicted in solid and dashed lines, respectively. In the model, 541 

it is assumed that the debris volume will resemble a triangular prism with a larger height next to the 542 

building.   543 

  544 

Fig. 8. Simplified debris model for a building at collapse adapted from Argyroudis et al. (2015). 545 

Given the building height and width, the values of 𝑘𝑣 and 𝜃 were considered as random variables, 546 

which resulted in a certain level of uncertainty in the value of the debris width (𝑊𝑑). According to 547 
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method proposed by Argyroudis et al. (2015), 𝑊𝑑  was estimated using a normal distribution, and 𝑘𝑣 548 

and 𝜃 were assumed to be statistically independent. The statistics of 𝑘𝑣 and 𝜃 are: 𝜇𝑘𝑣 = 0.5,  𝜎𝑘𝑣 =549 0.15, 𝜇𝜃 = 45°,  𝜎𝜃 = 13.5°. Finally, pieces of debris were located randomly around the building, 550 

with L2 (see Fig. 8) set equal to 0.5 m, such that the total debris volume was accounted for. Fig. 9 551 

shows a simplified example of the spatial distribution of debris around buildings. Even though pieces 552 

of debris are randomly distributed around buildings, as shown in Fig. 9, the ones adjacent to the 553 

street are considered to affect the walking speed of evacuees. Then, given the width of street, the 554 

percentage of debris coverage was calculated as the total surface area of debris divided by the area 555 

of street adjacent to the building.  556 

As the final step, the model proposed in Lu et al. (2019) was utilized to calculate the reduction 557 

coefficients affecting the walking speed. Lu et al. (2019) conducted experimental tests to quantify 558 

the effect of falling debris on the pedestrian movement. The experimental tests included 13 559 

individual people with variations in age and gender whose ages ranged from 20 to 40 years. To 560 

mitigate potential injury to individuals, paper boxes were considered as obstacles with a size of 290 561 

mm × 170 mm × 190 mm. The volunteers traveled the designated route with different levels of 562 

debris coverage, in which walking and running time were recorded to estimate the corresponding 563 

reduction coefficient. It was found that as the debris coverage exceeds 25%, individuals can hardly 564 

pass through the obstacles. Fig. 10 shows the experimental results as black dots and models fitted in 565 

this in study. Note that the reduction coefficient is based the percentage of debris coverage associated 566 

with each building. The final reduction coefficient for each link or street was calculated based on 567 

the average reduction coefficient computed for buildings associated to that link. For our study, 568 

multiple debris models with different thresholds were investigated due to experimental uncertainty 569 

and inherent uncertainty in human behavior. Even though this sensitivity analysis was conducted to 570 

understand the effect of different debris models shown in Fig. 10 (M1, M2, and M3) on the casually 571 

results, the debris model M2 was selected as a representative case for most of the results and 572 

discussion in this paper.  573 

 574 
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 575 

Fig. 9. Simplified illustration of the spatial distribution of debris pieces around buildings and the ones affecting the 576 
street area and the walking speed.  577 

 578 

 579 

Fig. 10. Reduction coefficient versus percentage of debris coverage and fitted models (Lu et al. 2019). 580 

 581 

 582 
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Fig. 11(a, and b) show the reduction coefficient for 500- and 5000-years earthquakes based on the 583 

debris model M2, respectively. The majority of links in the downtown area with a high concentration 584 

of concrete building constructed at low to moderated seismic code (Fig. 2b) have a reduction 585 

coefficient below 0.4 due to extensive earthquake damage (red links) resulting in a large amount of 586 

debris. As the intensity of the hazard increases, the reduction coefficient increases as expected. 587 

However, residential regions to the north and south of the central area have a majority wood-frame 588 

structures, which are less affected by seismicity and therefore generate less debris and less impact 589 

on the evacuation (green and yellow links). Fig. 12 shows the number of people evacuating at each 590 

link during the nighttime, as an example. A significant bottleneck occurs during horizontal tsunami 591 

evacuation, particularly at bridges. For example, almost 3,771 people in downtown area evacuate 592 

using one bridge where the corresponding reduction coefficients are 0.43 and 0.25 for 500- and 593 

5000-years earthquakes, respectively. A similar trend is observed for the daytime population but are 594 

not shown for the sake of brevity.   595 

 596 

  597 

Fig. 11. The effect of earthquake-induced debris on the evacuation speed based on debris model M2: (a) reduction 598 
coefficients for 500-year earthquake; (b) reduction coefficients for 5000-year earthquake.   599 

a b 
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         600 

Fig. 12. The critical links and the number of people evacuation during the nighttime.  601 
 602 

5. Results  603 

5.1 Casualty modelling 604 

Fig. 13 shows the total number of casualties and associated risks due to the earthquake and tsunami 605 

for the baseline model with the nighttime population (no effect of earthquake damage on the tsunami 606 

evacuation). Regarding the tsunami casualty model, given a good tsunami awareness program in 607 

Seaside (Connor et al. 2005), the level of preparedness was selected as fair (15 min) and good (10 608 

min) for residential and tourist population, respectively. As shown in Fig. 13, the number of 609 

casualties (both fatalities and injuries) caused by the earthquake, as well as maximum associated 610 

risks, are significantly lower than those caused by the tsunami. This is because most buildings in 611 

Seaside are light-wood frame and are less vulnerable to earthquake compared to concrete buildings 612 

and because many of the concrete buildings were constructed with some level of seismic code. The 613 

number of injuries is higher than fatalities for all earthquake recurrence intervals as expected, and 614 

the maximum numbers of casualties occurring for the 10,000-year recurrence interval are 44 615 

fatalities (0.3%) and 564 injuries (3.5%). Fig. 13(b) shows that the highest casualty risk is associated 616 

with the 500-year recurrence interval.   617 
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In contrast, Fig. 13(c) show that for the tsunami, the number of fatalities is higher than injuries, 618 

particularly when the recurrence interval exceeds the 500-year recurrence interval. The maximum 619 

number of fatalities is 2127 persons (13.1%) occurring for the 10,000-year recurrence interval. This 620 

percentage is not unexpected for a nearfield tsunami. Suppasri et al (2013) for example shows that 621 

fatality ratios were typically less than 15% for the Tohoku tsunami in Japan in 2011. Fig. 13(d) 622 

shows that the maximum fatality and injury risks are 1.2 person/year and 0.75 person/year, 623 

respectively, which occurs also for the 500-year recurrence interval. At this recurrence interval, the 624 

tsunami life-safety risk is approximately 50 times larger for the tsunami compared to the earthquake, 625 

highlighting the importance of planning for evacuation for the tsunami. These results are based on 626 

the baseline model, in which the effect of earthquake-induced damage to buildings and associated 627 

debris are not considered. In addition, while similar results have been developed for the daytime 628 

population, the results are not presented here for the sake of brevity.  629 

    630 

       631 

Fig. 13. Total number of casualties for the baseline model with nighttime population: (a) earthquake casualties, (b) 632 
earthquake risks, (c) tsunami casualties, (d) tsunami risks  633 

 634 

a b 

c d 
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5.2 Impact of building evacuation and debris  635 

Fig. 14 compares the number of fatalities and associated annualized risk for the baseline case, the 636 

improved model considering the effect of the building damage on egress, and further improvement 637 

considering egress and horizontal evacuation. Similar to Fig. 13, the top panel shows the fatality 638 

count, and the lower panel shows the annualized risk.  Fig. 14 also compares two population layers 639 

for nighttime and daytime populations. As expected, the number of fatalities is negligible for the 640 

100- and 250-year recurrence intervals since the tsunami inundation is almost negligible. The 641 

number of fatalities increases steadily as the recurrence interval increases, and the maximum risk is 642 

generally for the 500-year recurrence interval, although the 1000-year recurrence interval shows the 643 

‘worst risk case’ when both egress and debris are included. The risk is higher for the daytime 644 

population since there are more people concentrated in the downtown area with concrete frame 645 

buildings that are more vulnerable to earthquake damage compared to wood frame buildings and 646 

because this area has a great exposure to the tsunami hazard. For example, for the 1000-year 647 

recurrence interval, the number of fatalities during daytime population for baseline model is 1151 648 

persons and increases to 3538 persons when the effect of earthquake-induced damage to the building 649 

is considered (33% increase). As the hazard intensity increases, the effect earthquake-induced 650 

damage to the building on the building evacuation and ultimately the number of fatalities become 651 

more significant.   652 

The maximum number of fatalities occurs when the effect of earthquake-induced debris on the 653 

evacuation travel time is also considered, and the difference between daytime and nighttime 654 

population become more substantial (baseline + building evac + debris). For example, the number 655 

of fatalities for the 1000-year recurrence interval during the nighttime and daytime population is 656 

5180 persons and 9577 persons, respectively. The substantial increase in the number of fatalities 657 

(85% for the 1000-year recurrence interval) is because the downtown area has the highest population 658 

density during the daytime and has highest reduction coefficients on the walking speed due to the 659 

large amount earthquake-induced debris. Similarly, as the hazard intensity increases, the effect 660 

earthquake-induced debris on the number of fatalities plays a larger role. Fig. 14(b) shows the 661 

comparison of the annualized fatality risk for different models and population layers. The results 662 

indicate that although higher recurrence interval and magnitude results in a higher number of 663 

fatalities, the highest risks are associated with mid-range recurrence intervals. As the casualty model 664 

is improved in terms of considering effects of earthquake-induced damage to buildings and 665 
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subsequent debris, the annual fatality risk increases, particularly for mid-range recurrence intervals. 666 

As a result, the highest fatality risks are 9.2 person/year and 9.6 person/year associated with the 500- 667 

and 1000-year recurrence intervals. Overall, Figure 14b shows that when building egress and debris 668 

are considered for the worst risk cases (500- and 1000-year recurrence intervals), the annualized 669 

fatality risk increases by 4.2 to 8.3 times compared to the baseline case. 670 

 671 

 672 

 673 

Fig. 14. The comparison between different models and population layer: (a) number of fatalities, (b) annualized 674 
fatality risk 675 

a 

b 



Manuscript submitted to Natural Hazards special issue on “Multi-hazard Risk Assessment for Urban Areas” 

 30 

5.3 Mitigation strategies  676 

Our model can be used to evaluate how different mitigation strategies, namely seismic retrofitting, 677 

tsunami readiness, and vertical evacuation shelters, can reduce the life safety risk. Mitigation 678 

measures are compared in terms of the number of fatalities and associated risks for the nighttime 679 

and daytime population. For the seismic retrofit of buildings, we assume that the design level of all 680 

building increases to the high code to decrease the level of seismic damage and subsequently amount 681 

of debris. For the tsunami readiness, we assume that there is a 5 min decrease in preparation time 682 

for both residents and tourists. Therefore, the residents and tourists start to evacuate in 10 min and 683 

5 min, respectively. For the third alternative, we consider the construction of a vertical evacuation 684 

in the downtown area to reduce the travel time for the population based (e.g., Mostafizi et al. 2019). 685 

For this preliminary analysis, we do not consider relative costs for implementation, zoning 686 

regulations, or other social factors related to tsunami awareness or changes to risk perception.  687 

Fig. 15 shows the average of structural damage state probabilities for buildings grouped by the 688 

structure type between status quo and the seismic retrofit mitigation. As expected, the seismic retrofit 689 

mitigation decreases the number of structures of all types in the high damage states (DS2 and DS3). 690 

For example, regarding the RC buildings, the sum of averaged values of DS2 and DS3 for status quo 691 

and seismic retrofit are 0.36 and 0.18, resulting in a 50% reduction. Similarly, for the W1 and W2 692 

buildings, the sum of averaged values of DS2 and DS3 is reduced by 70% and 58%, respectively.  693 

 694 

     695 

Fig. 15. Average of structural damage state probabilities observed for buildings grouped by the structure type: (a) 696 
status quo; (b) seismic retrofit 697 

 698 

 699 

a b 
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Fig. 16 shows the implication of seismic retrofit for the 500-year earthquake in terms of the debris 700 

generated at the parcel level and the subsequent reduction coefficients on the walking speed on 701 

specific links. When the design level of all buildings increases to high-code, the earthquake damage 702 

to buildings and subsequent debris weight decrease significantly, particularly for concrete frame 703 

buildings with a high density in the downtown areas (Fig. 16a, b). Similarly, as shown in Fig. 16(c 704 

and d), there is a significant impact on the reduction coefficient, particularly for links in the 705 

downtown area.  706 

 707 

   708 

    709 

Fig. 16. The outputs of seismic retrofit for 500-year earthquake: (a) debris weight (status quo); (b) debris weight 710 
(seismic retrofit); (c) reduction coefficient (status quo); (d) reduction coefficient (seismic retrofit) 711 

 712 

a b 

c d 
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Fig. 17 shows the effect of three mitigation strategies on the number of fatalities and associated risks 713 

for nighttime (a and b) and daytime (c and d) populations. Note that the scales are not the same 714 

between Fig. 17(a and c) and between Fig. 17(b and d), and that the daytime population has 715 

significantly more risk for the reasons stated earlier. The results show that the seismic retrofit of 716 

buildings and the tsunami readiness have a similar reduction in the number of fatalities and risk for 717 

both nighttime and daytime populations. The vertical evacuation strategy is slightly more effective 718 

for recurrence intervals higher than 500-year. Considering all mitigation strategies together, the life 719 

safety risk for nighttime and daytime populations can be reduced substantially by 90% for the 500-720 

year recurrence interval and by 92% reduction for 1000-year recurrence interval, respectively. As 721 

shown in Fig. 17(c and d), a similar trend has been observed for the daytime population. The vertical 722 

evacuation strategy plays a more effective role in reducing the overall number of fatalities because 723 

the daytime population has a higher density in the downtown area where the vertical shelter is 724 

located. This exercise shows that multiple strategies may be necessary to reduce life safety risk in 725 

the event of a nearfield tsunami for urban coastal cities. 726 

   727 

   728 

Fig. 17. The effect of different mitigation strategies: (a) number of fatalities for nighttime population (b) fatality risk 729 
for nighttime population; (c) number of fatalities for daytime population (d) the fatality risk for daytime population.  730 

a b 

c d 
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5.4 Sensitivity analysis 731 

We conduct a sensitivity analysis to evaluate the effect of different levels of preparedness and 732 

earthquake debris models on the tsunami casualty results. As mentioned earlier, each level of 733 

preparedness corresponds to a specific preparation time for the community. Fig. 18 shows the effect 734 

of the level of preparedness, namely Good (𝑇𝑝𝑟𝑒𝑝=10 min), Fair (𝑇𝑝𝑟𝑒𝑝=15 min), and Poor (𝑇𝑝𝑟𝑒𝑝=20 735 

min) on the number of fatalities and casualties for the nighttime population. For the sensitivity 736 

analysis, the preparation time for the resident and tourist populations is considered the same. As 737 

shown in Fig. 18(a), the number of fatalities is sensitive to the selected level of preparedness for all 738 

recurrence intervals higher than 250-year. For example, regarding the 1000-year tsunami, the 739 

number of fatalities for Good, Fair, and Poor levels of preparedness are 132 (0.8% of population), 740 

1595 (9.8% of population), and 3788 (23.3% of population), respectively. This result is expected 741 

because the preparation level is essentially equated with the milling time, and there have been several 742 

studies to show how life safety correlates to milling time (e.g., Chen et al. 2022; Wang et al. 2016).  743 

For this case, milling time is the time between the ground shaking and the start of the evacuation. 744 

There are other factors for preparedness such as the choice of transportation mode and knowledge 745 

of the route that are not considered here (e.g., Mostafizi et al. 2019; Muhammad et al. 2021).    746 

 747 

  748 

Fig. 18. The effect of preparedness level (Good: 10 min, Fair: 15 min, Poor: 20 min) on the casualty for the nighttime 749 
population: (a) number of fatalities; (b) number of injuries.  750 

 751 

 752 

 753 

a b 
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Fig. 19 shows the effect of the debris model on the number of fatalities and casualties for the 754 

nighttime population. As it was expected, for 100- and 250-years seismic and tsunami recurrence 755 

intervals, the number of casualties is negligible due to the overall low amplitude of tsunami 756 

inundation. As shown in Fig. 19(a), the number of fatalities is dependent on the selected debris model 757 

so that the its maximum belongs to the model M3, which reflects the highest reduction coefficient 758 

based on the percentage of debris coverage (Fig. 10).  For example, for 1000-year recurrence 759 

intervals, the number of fatalities for models M1, M2, and M3 are 12%, 20%, and 30% of the 760 

nighttime population, respectively.  761 

 762 

  763 

Fig. 19. The effect of debris model on the casualty for nighttime population with Fair level of preparedness: (a) 764 
number of fatalities; (b) number of injuries. 765 

 766 

 767 

6. Discussion 768 

This paper proposes a methodology to evaluate the effect of earthquake-induced damage to buildings 769 

and subsequent debris in the tsunami casualty modelling. The methodology includes several 770 

modules, namely decision support options, hazard description, social environment, probabilistic 771 

simulations, annualized casualty risk, and finally selected decisions (Fig. 1). The city of Seaside, 772 

Oregon, vulnerable to the seismic earthquake and near-field tsunami due to CSZ, is selected as an 773 

example community to illustrate the application of the methodology. The results are compared in 774 

terms of the number of casualties and associated risk to quantify the effect of different mitigation 775 

strategies, namely seismic retrofitting, tsunami readiness, and vertical evacuation shelters.  776 

a b 
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The results indicate that the fatality and life safety risk of a near-field tsunami significantly increases 777 

when the effects of building egress and earthquake-induced debris are considered. The choice of 778 

population layer affects the life safety risk so that the maximum risk belongs to the daytime 779 

population. Furthermore, the number of fatalities is significantly reduced by using mitigation 780 

strategies. Interestingly, the seismic retrofit of buildings and the tsunami readiness have a similar 781 

mitigation effect on the number of fatalities, which indicates that investing in educating people to 782 

evacuate early is more cost-effective compared to the seismic retrofit of buildings. The findings not 783 

only aid in understanding the tsunami evacuation modelling, but also provide better insight for 784 

decision makers and emergency planners in coastal communities. Noted that although socio-785 

environmental and demographic variables for both nearfield and far-field tsunamis are beyond the 786 

scope of this paper, there are several studies for the reference (e.g., Buylova et al. 2020; Chen et al. 787 

2021, 2022; Demuth et al. 2016; Lindell and Perry 2011).  788 

This study has several limitations in the methodology and its application. First, given implementing 789 

a macroscopic model for the tsunami evacuation simulation, interactions amongst evacuees are 790 

neglected, which can negatively affect the outcomes. Second, the tsunami evacuation is only 791 

considered on foot and other modes of transportation are not considered in this study. This 792 

assumption can be justified for the case study since the current evacuation plan for Seaside requires 793 

only the horizontal evacuation on foot to minimize the potential traffic congestion during the 794 

evacuation (Wang et al. 2016; Chen et al. 2020). Third, although the earthquake-induced damage on 795 

bridges is not considered here, this topic has been covered in the past (e.g., Capozzo et al. 2019; 796 

Mostafizi et al. 2017; Priest et al. 2016).  797 

As potential highlights for future research, first, yearly population fluctuation should be considered 798 

to assess the casualty and associated risks. Second, a cost-benefit analysis needs to be implemented 799 

for different mitigation strategies in order to provide better insight for decision makers. Third, a 800 

targeted seismic retrofit of selected vulnerable buildings needs to be included to minimize the cost 801 

and maximize the effect of mitigation strategy. For example, the same level of life safe may be 802 

achieved by retrofitting only vulnerable buildings that are mostly concrete buildings located in the 803 

downtown area. Last, the casualty model can be coupled with models of urban change to evaluate 804 

life safety risks resulting from policy choices in coastal communities. 805 

 806 
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7. Conclusions  807 

This study proposed a methodology to evaluate the life safety risk of coastal community vulnerable 808 

to earthquake and tsunami hazards. The work explicitly incorporated two important aspects in the 809 

tsunami evacuation modelling, including the effect of earthquake-indued damage to buildings on 810 

building egress time and associated earthquake-induced debris on horizontal evacuation time. The 811 

city of Seaside, Oregon, vulnerable to near-field earthquakes and tsunamis due to CSZ, was selected 812 

for the case study. Given the importance of the tourist industry in Seaside, the population layer 813 

accounted for not only residents, but also employees and tourists at the parcel level. The casualty 814 

rates were calculated for each parcel considering different community preparedness levels as well 815 

as daytime and nighttime population layers. The number of casualties and associated risks were 816 

compared to investigate the effect of different mitigation strategies, namely improving tsunami 817 

readiness, using vertical evacuation shelters, and seismic retrofitting methods on the life safety. 818 

Finally, a sensitivity analysis was performed to evaluate the effect of different levels of tsunami 819 

preparedness and earthquake debris models on tsunami casualty results. The man conclusion from 820 

this work are:  821 

1. The results show that given the built environment characteristics in Seaside, in which the 822 

majority of buildings are wood-frame structures, the number of casualties and associated risk 823 

caused by the tsunami are significantly higher than those caused by the earthquake. The life 824 

safety risk of the tsunami significantly increases by 4.2 to 8.3 times when the effect of seismic 825 

damage to buildings on building egress time and earthquake-induced debris on horizontal 826 

evacuation time are considered (Figure 14b). Noted that even though the choice of population 827 

layer affects, namely nighttime and daytime populations can affect the life safety risk, its 828 

peaks occur at mid-range recurrence intervals, namely 500- and 1000-year recurrence 829 

intervals, respectively.  830 

 831 

2. The number of fatalities is significantly reduced by using mitigation strategies; for example, 832 

as the tsunami readiness is improved, the highest fatality risk for the nighttime population is 833 

reduced by 48% associated with the 500-year recurrence interval. While the seismic retrofit 834 

of buildings and the tsunami readiness have similar mitigation effects, for extreme hazard 835 

intensities, with a recurrence interval larger than 500-year, the vertical evacuation strategy is 836 
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most effective in reducing fatalities. Remarkably, considering all mitigation strategies 837 

together, the highest fatality risks for nighttime and daytime populations are reduced 838 

considerably by 90% and 92% associated with the 500- and 1000-year recurrence intervals, 839 

respectively.  840 

 841 

3. The sensitivity analysis indicates that the choice of tsunami preparedness levels and 842 

corresponding preparation time (Good: 10 min, Fair: 15 min, Poor: 20 min) and debris 843 

models (M1, M2, and M3) in the casualty modelling can significantly affect the fatality 844 

results. For example, regarding the 1000-year tsunami, the number of fatalities for Good, 845 

Fair, and Poor levels of preparedness are 132 (0.8% of population), 1595 (9.8% of 846 

population), and 3788 (23.3% of population), respectively.  847 

The methodology presented in this paper highlights the severe effect of seismic damage to building 848 

and resulting debris on the tsunami evacuation. Noted that while this paper considered the impact of 849 

the CSZ on the city of Seaside, the methodology are generalizable to other communities with specific 850 

social characteristics.  851 
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