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Natural disasters could result in unnecessary loss of life and disproportionate suf-

fering to families and communities if evacuation plans are not in place or understood by

the public. In the Pacific Northwest, a magnitude 9.0 earthquake and tsunami from the

Cascadia Subduction Zone (CSZ) represents one of the most pressing natural disasters

with an astonishing high 7%-12% chance of occurrence by 2060. The destructive nature

of earthquakes and the subsequent near-field tsunami, and also the retrofitting challenges

of infrastructure network motivates us to accurately model the tsunami evacuation to re-

duce the number of fatalities. This thesis presents an agent-based multi-modal near-field

tsunami evacuation modeling framework in Netlogo.

The goals of this study are two folded. The first objective is to investigate how (1)

decision time, (2) choice of modes of transportation (i.e., walking and automobile), and

in general (3) different variables involved in the evacuation scenario (e.g., walking speed

and driving speed) impact the estimation of casualties. Using the city of Seaside, Oregon

as a study site, which is one of the most vulnerable cities on the Oregon coast, different

evacuation scenarios are included in the model to assess the impact of parameters involved

on the mortality rate of the tsunami event. The results show that (1) evacuation mode

choice strongly influences the expected number of casualties; (2) the mortality rate is

strongly correlated with decision-making time (τ); and (3) the mortality rate is sensitive



to the variations in walking speed of the evacuee population.

Secondly, this study extends the agent-based modeling framework to assess the

transportation network vulnerability in Seaside, OR, under unplanned disruptions (i.e.,

bridge failures) due to the Cascadia Subduction Zone earthquake initiating a near-field

tsunami on the coast of State of Oregon. The criticality of each link in the entire network

is evaluated iteratively by connecting the impacts of link failures on the resultant mortal-

ity rate. After assessing all the links, an innovative method is developed to identify the

most critical links within the network. Further assessment is conducted on the identified

critical links to formulate an optimal network retrofitting plan to minimize the mortal-

ity rate considering the limited amount of resources. The framework has been tested on

the transportation network of city of Seaside, OR, and the results show that the criti-

cal links are not necessarily the bridges in the network. Therefore, the identification of

the critical links requires a systematic assessment of the entire transportation network,

and furthermore, minimizing the mortality rate necessitates the logical use of available

resources.
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AGENT-BASED TSUNAMI EVACUATION MODEL: LIFE SAFETY

AND NETWORK RESILIENCE

1. INTRODUCTION

The Pacific Northwest region is highly prone to a near-field Tsunami initiated from

a mega-thrust earthquake (Goldfinger et al., 2012). Near-field tsunamis are expected to

come onshore within 20 to 40 minutes as opposed to far-field tsunamis or other natural

disasters which may take hours, or in some cases, days, to affect the area of interest,

which allows longer lead time to issue warning and evacuation notices (NRC, 2011). The

low preparation time severely adds complexity to the evacuation scenario, and even a

well-established agency as Pacific Tsunami Warning Center (PTWC) might not be able

to provide sufficient warning time for the event (Katada et al., 2006).

1.1. Problem Definition

In 2004, the Indian Ocean earthquake and tsunami resulted in a total death of more

than 230,000 people; and in 2011, Tohoku earthquake and tsunami resulted in over 16,000

fatalities. These casualties are due to a wide variety of reasons including people’s inability

to evacuate the damage zones and areas subject to tsunami inundation. However, since

it is practically unrealistic to build all structures in a way that resists tsunami forces,

evacuation tends to be the best and most effective way to reduce fatalities. Tsunami

evacuation modeling is a newly developing tool to evaluate the impacts of heterogeneous

decision-making on survivability and effectiveness of evacuation plans to set land use
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and construction policy in areas subjected to devastation. Although tsunami evacuation

models exist, the existing models are essentially static and there has been little effort to

assess the behavioral aspects included in the models such as milling time and evacuation

mode choice.

Other than loss of life, damages to Infrastructure network represents another issue.

The large-scale evacuation represents a complex system for the transport operation and

planning to minimize casualties, including the potential damages to critical infrastructure

and communication systems from the earthquake (Lammel, 2011). Therefore, evacuation

itself, and the required infrastructure, needs to be studied more than it has been in order

to achieve effective emergency evacuations.

Furthermore, transportation network is one of the most critical components of the

civil infrastructure system susceptible to natural hazards such as earthquakes. The perfor-

mance of the transportation network is essential to emergency responses and to recovery

activities following an immediate earthquake. Depending on the magnitude and dura-

tion of an earthquake, the transportation network typically suffers from certain levels

of mobility losses (due to link failures) caused by either landslide, rockfalls, or bridge

failure (OSSPAC, 2013). Bridges in transportation networks, specifically, are “lifeline”

infrastructures and vital to the operation of the network. However, they are continu-

ously deteriorating over time and are particularly vulnerable to seismic hazards (Chang

et al., 2012). It is critical that bridges retain their traffic-carrying capacities after a dev-

astating earthquake so that people can efficiently evacuate to safer areas. Retrofitting

existing bridges is a widely accepted and relatively economical way to enhance bridges’

performance against earthquakes and mitigate their functional loss (Chang et al., 2012).

Nevertheless, it is neither practical nor economical to retrofit all existing bridges due to

budget constraints. In addition, the level of retrofitting is of great significance. There-

fore, it is vital to prioritize the bridges’ retrofitting with an appropriate strategy. Besides
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bridges, maintenance of some of the transportation links might also be of significance.

The criticality of any specific link or bridge is reinforced by the lack of alternative links

in an evacuation scenario. Since life safety is the most important measure to evaluate

the success of a near-field tsunami evacuation, exploring the effect of network disruption

through evacuation mortality would provide an innovative and straightforward perspective

to prioritize a retrofitting strategy in a way to minimize the mortality rate considering

the limited resources.

1.2. Objectives

Unknowns and complexities of evacuation scenarios, both from socio-psychological

and engineering perspectives necessitates further investigation of the impact of different

elements (e.g., mode choice, milling time, and evacuation speed) on the estimation of ca-

sualties in a multi-modal tsunami evacuation. Therefore, this research aims to model the

evacuee’s decision-making behavior during the near-field tsunami evacuation event which

can lead to a better comprehension of the evacuation process and the factors affecting the

mortality rate of the scenario (e.g., whether to evacuate or not? Which mode of trans-

portation? Which route to take?). According to a survey conducted by Mas et al. (2011)

regarding Tohoku tsunami in 2011, 57% of the interviewees evacuated immediately after

the earthquake while 37% had delayed their evacuation. A general evacuation model may

provide a regional perspective, however, site-specific case studies are useful for emergency

planning at those specific locations (Wood and Schmidtlein, 2013). Thus, this study uses

the city of Seaside, Oregon as a case for the multi-modal agent-based evacuation model,

where the sizable population is constantly threatened by near-field tsunamis (Wood and

Schmidtlein, 2012).

In addition, assessment of transportation network component in the evacuation pro-
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cess and devising a framework to systematically recognize, identify, and retrofit the critical

network components is another objective of this research. Unplanned transportation net-

work disruptions, including local link disruptions (e.g. bridge failures) by a combined

earthquake and tsunami hazard is a phenomenon that is caused by most of the natu-

ral hazards. This research integrates the transportation network disruption uncertainties

into a multi-modal agent-based evacuation model to assess the impacts of disruptions

considering evacuee’s choice of modes (i.e. car, walking on foot) and their life safety from

a network-wide perspective. An innovative agent-based modeling framework is used to

identify and classify the criticality of network links, based on their failure impact on the

mortality rate of the evacuation, and further, the framework is used to devise the optimal

retrofitting plan for the critical links of the network.

Research results will enlighten policy-makers and city planners on, for one, the

behavior of the evacuation and the impacts of the factors involved in any kind of evacu-

ation scenarios on the mortality rate of the disaster, in order to optimize the evacuation

strategies. Secondly, results inform officials on how link disruptions or bridge failures can

affect the evacuees’ rerouting decision-making behavior, and ultimately, the efficiency of

the evacuation scenario, in order to devise a logical retrofitting plan for critical links of

the transportation network and rationally allocate the limited retrofitting resources. As

a case study, an optimal retrofitting plan has been identified to minimize the fatalities

considering the limited resources for the city of Seaside, OR.

1.3. Thesis Organization

This thesis begins by presenting a thorough literature review on related topics in

section 2. Section 3. introduces the agent-based simulation framework and the method-

ology to achieve the desired expectations, along with the description of the study site.
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Section 4. presents the first objective of this study, which involves a detailed explanation

of the evacuation behavior and the impacts of the factors involved. Moreover, the dis-

tribution of casualties are presented using travel trajectories of evacuees in section 4.2..

The second objective is presented in Section 5. which includes the approach of marking

the critical links in the network and the detailed retrofitting plan for the identified crit-

ical links. Finally, following the results, this manuscript concludes with section 6. which

summarizes the research and discusses the major findings from the case study, along with

description of the challenges ahead in agent-based tsunami evacuation modeling and sim-

ulation, and the modeling of complex interactions between agents (i.e., pedestrian and

car interactions) that would arise for a multi-hazard scenario for the Cascadia Subduction

Zone.
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2. LITERATURE REVIEW

Due to the life-threatening risk posed by various disasters, evacuation is likely to

be called to ensure the life safety. However, the unique warning time across the hazards

create challenges for efficient evacuation. Figure 2.1 presents five distinct hazard groups

whose warning time increase from seconds (i.e., earthquake) to hours (i.e., hurricane) as

is revealed in the hazard length and time scales. Evacuation plans for earthquakes and

building fires generally occur over short time scales, seconds to a few minutes, and evacuees

are on foot to shelter in place or nearby. For example, in the case of an earthquake, an

evacuee might take refuge under a desk within a few seconds of feeling the strong shaking

of the building. On the other hand, evacuations from hurricanes often have several hours

to days of advanced warning, and evacuees rely on vehicles to seek shelter several miles

away beyond the hazard zone. Extensive research has been done regarding the evacuation

modeling for many different kinds of natural hazards over the past decades, as Figure 2.2

represents a few highlighted ones.

Near-field tsunamis present a complex case of multi-modal evacuation because the

tsunami arrives within several minutes, typically 20 to 40 minutes, of the earthquake

and can travel several kilometers inland. Therefore, transportation evacuation modes,

may be multi-modal rather than a single mode, and evacuees may be faced with choices

of sheltering nearby (vis-a-vis vertical evacuation) on foot or to travel outside of the

inundation zone by car. The multi-modal state of evacuation in these cases necessitates

extensive research on the traffic flow modeling and crowd dynamics in emergencies. In the

following, a comprehensive literature review is presented on current evacuation modeling

techniques, agent-based modeling methods, social vulnerability in disasters, and post-

disaster network disruption.
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FIGURE 2.1: Evacuation from evacuee’s perspective for different hazards (Wang et al.,

2015)

2.1. Evacuation Modeling

A mass disaster episode is the result of an interaction between two highly com-

plex, dynamic and generally hard-to-predict phenomena: a human community and a haz-

ard (Assaf, 2011). Due to the complexity of human behaviors, the system can rarely

be described as mathematical equations. Various techniques have been proposed to

model this complex system. The existing efforts are summarized into the following cate-

gories (Almeida et al., 2013; Santos and Aguirre, 2004):

Flow-based modeling: Flow-based models are called macroscopic models, and use the

density of nodes in continuous flows. The underlying logic is derived from an analogy

between the fluid and particle motions. Their characteristics are predefined; thus, all

the particles behave in the same way, which is the major drawback of this approach.

One example is EVACNET4 (Santos and Aguirre, 2004).

Cellular Automata: In this type of model, space is discretized, which differentiates it



8

E
va

cu
at

io
n

M
o

d
el

s

E
ar

th
q

u
ak

e
B

u
ild

in
g

F
ir

e
T

su
n

am
i

W
ild

F
ir

e
H

u
rr

ic
an

e

O
h

n
o

(2
00

6,
12

)

D
en

gl
er

(2
00

9)

E
rv

as
ti

(2
01

1)

M
as

(2
01

2)

O
R

P
(2

01
2)

S
h

an
(2

01
2)

D
O

ra
zi

o
(2

01
4)

L
iu

(2
01

6)

N
ak

an
o

(2
00

0)

O
le

n
ic

k
(2

00
3)

P
ro

u
lx

(2
00

4)

K
u

lig
ow

sk
i

(2
00

9)

K
im

(2
01

3)

A
lm

ei
d

a
(2

01
3)

L
iu

(2
01

6)

K
at

ad
a

(2
00

2,
08

)

Y
eh

(2
00

9,
10

)

L
in

d
el

l
(2

01
0)

K
ar

on
(2

01
1)

W
eg

sc
h

n
ei

d
er

(2
01

1)

W
o

o
d

(2
00

9,
14

)

M
as

(2
01

2)

F
ra

se
r

(2
01

2)

P
ri

es
t

(2
01

5)

S
or

en
se

n
(2

00
0)

K
re

tz
(2

00
7)

W
ol

sh
on

(2
00

8)

Ja
rq

u
in

(2
00

8)

B
ar

n
et

t
(2

00
9)

P
u

lt
ar

(2
00

9)

P
av

eg
ilo

(2
01

2)

M
cC

aff
re

y
(2

01
4)

H
aj

ia
n

(2
01

6)

L
in

d
el

l
(2

00
3,

05
)

C
h

en
(2

00
5)

D
as

h
(2

00
7)

A
n

d
re

w
s

(2
01

0)

A
rfi

ka
tt

i
(2

01
2)

A
n

ge
lo

(2
01

2)

L
az

o
(2

01
5)

S
w

am
y

(2
01

6)

F
IG

U
R

E
2.

2:
S

u
m

m
ar

y
of

h
ig

h
li

g
h
te

d
ev

ac
u

at
io

n
m

o
d

el
s

fo
r

va
ry

in
g

h
az

ar
d

s
(t

h
e

w
ar

n
in

g
ti

m
e

in
cr

ea
se

s
fr

om
le

ft
to

ri
gh

t)



9

from all other modeling techniques (Santos and Aguirre, 2004). A matrix is created

to plot areas in a two-dimensional array. In the simulation, the occupants move from

one position to one of the adjacent nodes in a predefined time frame. Microscopic

and macroscopic analysis are both permitted. This is easy to implement but fails

to replicate the complex movement of people, especially the two-dimensional nature

of pedestrian movements. Furthermore, due to the grid-shaped network, it is rather

hard to depict the different speeds and interaction between people. One example is

EGRESS (Pan et al., 2007).

Agent-based modeling: Multi-Agent System (MAS) approach is deemed the most re-

alistic solution due to its capability to model each individual with unique character-

istics and interactions with the surrounding environment. Representative examples

are SIMULEX (Santos and Aguirre, 2004), the latest version of EXODUS (Santos

and Aguirre, 2004), and PedGo (Jafari et al., 2003).

Other than the methods mentioned above, in the past decades, approaches such as

static networks (shortest path, minimum cost network flow, or quickest path), dynamic

networks, and traffic assignment have been widely employed to model the evacuation

scenario (Hamacher and Tjandra, 2002). Wood and Schmidtlein (2012) used a least-

cost-distance (LCD) model to assess pedestrian-evacuation potential from CSZ-related

tsunamis in the US Pacific Northwest. LCD models focus on evacuation landscape fea-

tures (Wood and Schmidtlein, 2013) and use geographic information systems (GIS) to

find the shortest path to safe spots from hazard zones (Wood and Schmidtlein, 2012). A

typical example of evacuation simulation based on static concepts is MASSVAC (Hobeika

et al., 1994.). An integrated GIS-based simulator framework, which employed the shortest-

path algorithm, was developed by Katada et al. to improve evacuation efficiency (Katada

et al., 2006). Chalmet et al. (1982) suggested using the dynamic network to model the

circumstance that many occupants evacuated in minimum time. Sheffi et al. (1982.)
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proposed the NETVAC model for simulating the traffic pattern under an emergency evac-

uation scenario. Dynamic traffic assignment (DTA) has also been utilized for emergency

evacuation modeling (Kwon and Pitt, 2005). Lovs (1998) presented the way-finding prob-

lem in emergency evacuation using various models in a mathematical setting, providing

various models. Figure 2.3 highlights some of the relevant evacuation traffic simulation

models (Pel et al., 2012).

Evacuation Traffic Simulation Models

Static Models Dynamic Models

NETVAC (Sheffi et al., 1980)

MASSVAC (Hobeika and Jamei,

1985)

TEDSS (Sherali et al., 1991)

CORSIM (Williams et al., 2007)

DYNEV (KLD, 1984)

CEMPS (Pidd et al., 1993)

OREMS (Rathi and Solanki, 1993)

IMDAS (Franzese and Han, 2001)

ETIS (Wolshon et al., 2005)

MRAC (Liu et al., 2007)

INDY (Klunder et al., 2009)

EVAQ (Pel et al., 2010)

FIGURE 2.3: Evacuation traffic simulation models

However, these methods contain weaknesses that prevent them from realistically

replicating real world situations. For example, shortest path solution does not consider

congestion effects, which tend to underestimate the travel times, and the shortcoming

of static assignment is that it does not possess the consideration of the time-of-day dy-

namics (Lammel, 2011); they neglect central behavioral aspects like panic or herding

behavior as well (Lammel, 2011). Traditional methods lack the capacity to describe the
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individuals’ decision-making behavior in that circumstance, nor fully incorporate the po-

tential interaction effects between evacuees. Human behavior is highly complex, and is

the most difficult aspect of the evacuation process and hard to model in mathematical

equations (Mas et al., 2011). The desired approach for the evacuation problem is an

iterative learning method, which could be improved by agent-based modeling and simu-

lation (ABMS) (Lammel, 2011). ABMS is situated to offer meaningful insights into the

mechanisms and preconditions for decision making processes under pressure and panic.

2.2. Agent-based Modeling

An agent-based modeling and simulation (ABMS) is an object oriented modeling

technique to simulate the interactions and actions of the autonomous decision-making en-

tities, assessing the effect as a whole to capture the emergent phenomena. Hundreds of

agents, who are repeatedly interacting over time, operate concurrently to investigate the

connection between the macro and micro level individual’s behavior (Mas et al., 2011).

Each agent individually assesses its situation and makes an evacuation decision on the

basis of a set of rules (Dawson et al., 2011). The ABM has demonstrated it can provide

insights that are not available from other methods and captures both the natural and

human system dynamics (Dawson et al., 2011). The benefits of ABM over other modeling

techniques can be highlighted in three statements (Bonabeau, 2002): (1) ABM captures

emergent phenomena; (2) ABM provides a natural description of a system; and (3) ABM

is flexible. The ABM technique has already been employed in several studies. For ex-

ample, Chen and Zhan (2006) introduced an agent-based technique to model the traffic

flow and investigate collective behavior of evacuees. Nagarajan et al. (2012) developed

a multi-agent simulation model and deployed it in a warning information dissemination

study. Mas et al. (2012, 2011) proposed an evacuation model integrated with a numerical
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simulation of a tsunami and a casualty estimation evaluation to study life safety consid-

ering evacuees’ decision-making regarding the evacuation start time. Liu et al. (2009)

formulated a dynamic route choice model in a multi-agent system when considering group

evacuation. Uno and Kashiyama (2008) proposed a multi-agent emergency evacuation

simulation system. Dawson et al. (2011) adopted a dynamic agent-based model to manage

flood incidents.

Although recent research efforts have begun using agent-based modeling frameworks

for hurricanes and coastal community tsunami evacuation (Mas et al., 2011), the existing

tsunami evacuation research models typically assumes 100% pedestrian walking with little

consideration of other modes of transportation such as automobiles or bicycles. This is

despite recent work where it was observed that a large number of evacuees left from

low-topography areas by car (Mas et al., 2011).

2.3. Network Disruption

The frequency and intensity of natural disasters have increased (Newkirk, 2001)

over past decades and the network disruption is an inevitable consequence. Along with

the frequent occurrences of natural disasters such as earthquakes, tsunamis, and floods,

the lifeline infrastructure resilience and recovery is one of most significant and challenging

topics in the community emergency preparedness. Thus, network disruption is central

to lifeline emergency response and recovery analysis. In addition, evacuation demand is

compressed into a relatively short time span. It is critical to investigate the transportation

network under duress to ensure life safety (Balakrishna et al., 2008).

Network disruptions refer to a series of events that change the regular flow of traffic

on one or more roadway facilities. Generally, network disruptions are classified as planned

and unplanned events. Planned disruptions include traffic congestion or road or ramp
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closures to accommodate work zones along a freeway segment or bridge section and tran-

sit strikes etc. (Konduri et al., 2013; Zhu and Levinson, 2012). Unplanned disruptions

include natural disasters (e.g., tsunamis, earthquakes, floods, landslides, hurricanes), ter-

rorist attacks (e.g. September 11), infrastructure failures (e.g. I-35W bridge collapse),

severe accidents, etc. (Zhu and Levinson, 2012; Jenelius et al., 2010). Network disruptions

lead to a drop in capacity on the roadway segment where the incident occurs and result in

delays, built up queues, and spill-backs on to surrounding areas in the network (Konduri

et al., 2013). A partial decrease or complete loss of capacity on a road or bridge link can re-

sult in travel time increase and changes in travel behavior through congestion and queues.

Empirical evidence shows that a majority of unplanned transport network disruptions are

followed by “a time-on the order of days or weeks-of uncertainty, learning and adaptation

for the travelers” (Jenelius et al., 2010). If the network disruption lasts for a long time,

the traffic eventually reaches a new equilibrium, where travelers collect sufficient informa-

tion and change their travel behaviors accordingly. In such cases, unplanned disruptions

have similar impacts to traffic as planned disruptions, as people are more informed and

have time to change travel decisions; most commonly are changes to departure time and

route choice (Jenelius et al., 2010). However, the immediacy of an evacuation would leave

no room for adaptation. Various approaches have been proposed to model the network

disruptions, including static analysis (Earnest, 2011), equilibrium analysis (Miller et al.,

1999), weighted network model (Earnest, 2011), disruption index (Murray-Tuite and Mah-

massani, 2005; Rahimian and Mcneil, 2012), agent-based models (Earnest, 2011), damage

index (Rahimian and Mcneil, 2012), probability model (Chang et al., 2012), and travel

time analysis (Bocchini and Frangopol, 2010).

When it comes to emergency response or disaster evacuation, a system performance

metric is required to assess the serviceability of a road network and compare the effec-

tiveness resulting from different intervention or mitigation projects. Such system metrics
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for road networks can be divided into three categories: (1) connectivity, (2) travel delay

cost, and (3) network flow capacity (Chang et al., 2012). Connectivity relies highly on the

connectedness of a transportation network. However, it ignores traffic systems’ capacities,

travel time, and trip length. Travel delay cost has been widely adopted to assess the seis-

mic risk of transportation systems (Kiremidjian et al., 2007). Nevertheless, it is heavily

dependent on origin-destination (OD) demand matrices. Network flow capacity metric

falls in between: it evaluates the serviceability of transportation networks under specifi-

cally determined seismic damage and does not require detailed OD demand information

or traveler behavior to compute the travel delay cost. It serves better to evaluate the

emergency serviceability of a transportation network in terms of immediate population

evacuation. Berdica (2002) defined the vulnerability as “a susceptibility to incidents that

can result in considerable reductions in road network serviceability.” The serviceability of

a link is defined as “the possibility to use that link during a given time period.” However,

previous research did not examine the availability of alternative links for a specific link in

the transportation network.

Moreover, it is vital to know the details of the impacts of the system disruption; for

example, where events are most likely to happen, and where impacts would be the most

severe (Jenelius and Mattsson, 2012). The desire to better understand the impacts of net-

work disruptions has led to a rich body of research. This literature can be classified into

two categories, (1) measuring the change of activity-travel behavior in response to net-

work perturbation and user information provision and (2) tool development for simulating

network disruptions and evaluating various policies and solutions to alleviate the impacts

of network disruptions (Konduri et al., 2013). Zhu et al. (2010) investigated the impact

of the collapse of the I-35W bridge over the Mississippi River on regional traffic flow and

travel behavior patterns. Akiyama et al. (2012) proposed a probability assessment of

bridge performance by estimating bridge failure likelihood through bridge fragility curves.
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As Murray-Tuite (2007) stated, “before planning network improvement, they should

examine the degree to which the disruption of a link, or set of links, will influence network

connectivity.” Network connectivity plays a significant part in the performance of the

network, especially during an evacuation. However, the connectivity of a network does not

necessarily represent the proficiency of the network in an evacuation situation. Although

transportation network has hundreds of thousand links, and the impact of their failure to

the evacuation varies. Identifying which link is critical to the evacuation performance is

challenging but meaningful. Existing studies mostly select the critical links based on the

travel performance measurement, such as travel time, travel delay, capacity etc. While

during an evacuation, life safety is of the most concern. Therefore, in this research, the

critical link is determined by studying the mortality rate before and after the link failure.
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3. METHODOLOGY

3.1. Agent-based Modeling Platform

The agent-based modeling and simulation framework is coded in NetLogo to eval-

uate the near-field tsunami evacuation under transportation network disruptions. Netl-

ogo is a high level integrated modeling platform through agent-based programming lan-

guage (Wilensky, 1999). This modeling framework enables the multi-parameter explo-

ration for an emergent phenomenon in a multi-agent system and visualizes the dynamic

(time-dependent) scenarios. This feature has turned NetLogo into an increasingly popular

tool for research due to its extensive documentation, user-friendly interface, expandable

modeling environment, the existence of good tutorials, and a large library of preexist-

ing models (Wilensky, 1999; Klugl and Bazzan, 2012). The major part of complexity

in evacuation modeling is largely driven by interactions between agents that capture the

emergent behavior of the whole system. Along with these benefits, the GIS compatibility

in NetLogo further validates the use of this platform for modeling and simulating the

evacuation dynamics at a community scale, ranging from engineering studies to sociology.

Figure 3.1 shows a snapshot of the simulation environment coded in NetLogo. As shown in

Figure 3.1, blue shade shows the tsunami wave, and darker blue represents higher waves.

Red dots represent the evacuees who were caught by the tsunami inundation, and the or-

ange dots represent the evacuees who are on the way towards the shelters. Yellow circles

represent the locations of primary evacuation shelters, and green represents the evacuees

who are safely evacuated to one of the safe areas.

It is noteworthy that the simulation we developed only focuses on the consequences

of the tsunami hazard, and we do not include direct consequences of the earthquake on

the population or the constructed environment. This is a reasonable assumption since
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FIGURE 3.1: The NetLogo tsunami model of Seaside, Oregon

over 90% of the loss of life in the 2011 Tohoku disaster was attributed to the tsunami

inundation and not the preceding earthquake. The ABM platform, however, will allow

the extension to a multi-hazard model in future work. For the agent behavior, it is

assumed that all agents are autonomous and heterogeneous, that their choices are directly

influenced by their surrounding environment and also through interactions. To simplify the

problem, it is assumed that agents do not change their mode choice decisions throughout

the evacuation, that is to say, an agent who starts evacuating by car will not switch to

evacuation on foot, and vice versa. For the sake of network disruption assessment, it is

assumed all agents decide to evacuate, although previous experiences have shown that a

small portion of people chose to stay (Mas et al., 2011, 2012; Mas and Koshimura., 2012;

Mas and Koshimura, 2012).
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3.2. Study Area

For this study, the near-field tsunami arising from the Cascadia Subduction Zone

(CSZ) is modeled as shown in Figure 3.2(a). The CSZ measures 1000 km in length

and extends from the Mendocino Ridge off the coast of northern California to northern

Vancouver Island, British Columbia (Figure 3.2(a)). A near-field event generated from

the CSZ is expected to cause widespread damage to the northwest Pacific coast of North

America with the first waves arriving in the tens of minutes. The last great CSZ event

occurred more than three centuries ago on 26 January 1700 and was a full-length rupture.

The event is estimated to have had a moment magnitude (MW ) between 8.7 and 9.2, and

a slip of 19 m (Satake et al., 2003). The average recurrence interval between full-length

CSZ events is 530 years, and the next event is estimated to have a 7-12% probability of

occurrence by 2060 (Goldfinger et al., 2012).

(a) (b)

FIGURE 3.2: (a) Location of cascadia subduction zone; (b) Overview of Seaside,

OR (Wang et al., 2015)

The city of Seaside (Figure 3.2(b)) has recently been the topic of several stud-

ies regarding tsunami evacuation as well as seismic resiliency and vulnerability, mainly
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due to its location and its topography which makes it highly prone to experience CSZ

tsunami (Wood, 2007). This is due, in part, to the proximity to the CSZ (Figure 3.2(a)),

fairly flat topography, and the location of the tsunami shelter areas at more than 1.5 km

from the shoreline. Two rivers, flowing from south to north, divide the city into three

parts. The presence of ten bridges in total, spanning these two rivers, makes multi-modal

evacuation more complex and highly vulnerable, and makes Seaside an interesting case

study for further analysis on the effects of a network disruption on the success rate of

tsunami evacuation and mortality rates. The current tsunami evacuation plan for the

area calls for horizontal evacuation on foot, and the option of vertical evacuation has only

been discussed in recent years as a possible option. No comprehensive studies exist which

explore the feasibility of vertical evacuation. In addition to Seaside, there are several other

towns along the coast with a high risk of near-field tsunamis, including Ocean Shores, WA,

and Long Beach, WA (Wood and Schmidtlein, 2013).

3.3. Model Behavior Overview

Figure 3.3 shows an example of the model simulation starting with time t = 0

representing the end of the initial shaking due to the earthquake to the end of evacuation

scenario. For this simulation, it is assumed that no evacuation takes place during the

earthquake itself. Figure 3.3(a) shows the initial population, shown with brown color,

which are distributed normally around the centroid of the beach and downtown area. The

agents have the options to evacuate either on foot or by car. Agents change color and

shape depending on their mode of transportation (Figure 3.3(b,c). Blue color represents

the cars and orange represents the pedestrians. Figure 3.3(b) shows t = 10 after the

end of earthquake that most of the evacuees have started their evacuation. However,

there are many agents who have delayed and they are still in the beach area. Looking at
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Figure 3.3(c,d), after approximately 30-35 minutes, the first waves of tsunami reach the

shore. Figure 3.3(e) shows the first fatalities that occur when the inundation level exceed

0.5 m, represented as agents with red color. It can also be seen that the tsunami has

inundated the first part of Seaside after 40 min, crossing the Necanicum River. Finally,

the tsunami reaches the runup limit approximately 1 km inland, 15 minutes after reaching

the shoreline (Figure 3.3(f)). At the end of each simulation, the mortality rate of the

evacuees can be calculated and be used as a measurement of effectiveness.

FIGURE 3.3: Example of model simulation

3.4. Monte-Carlo Simulation

To capture the stochasticity of the simulations, mostly due to the distribution of

evacuees with different decision-making parameters and walking speeds, Monte-Carlo sim-
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ulation has been implemented in Netlogo and R, bridging the gap using package “RNetL-

ogo”1 in R. RNetLogo is an open-source package that delivers either a headless interface

or a GUI to use Netlogo in R. It provides the functions to run models, execute commands,

and push or get values from Netlogo directly in R. It allows the modeler to virtually

and systematically control NetLogo using R code. The package has been thoroughly doc-

umented, providing the opportunity to run simulations, store the results, and analyze

using powerful statistical tools in R (Thiele, 2014). Therefore, the assessments have been

done using a Monte-Carlo simulation mostly with 10 times repetition.

3.5. Model Components

There are essentially five building blocks of the model: population distribution,

road network, tsunami inundation data, the locations of evacuation shelters, and casualty

model, each of which is explained in detail below.

3.5.1 Population Distribution Model

There can be a high spatial-temporal variability of community population distri-

bution based on factors such as the weather, time of day, week, or season (Wang et al.,

2015). Moreover, a given population will contain a number of different segments such as

residents or visitors who will respond differently for a given hazard (Wang et al., 2015).

It is also of great significance to pinpoint whether evacuation planning is being considered

for a specific time frame. For instance, night time in winter where almost all residents are

located at their residence and the city is almost empty of tourists is completely different

from a noon time on the weekend in the summer when most residents are packed at the

beach and downtown area, and the population of the city is, in extreme cases, doubled by

the number of tourists.

1https://cran.r-project.org/web/packages/RNetLogo/index.html
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In the model, the worst case scenario, known as noon-time of a weekend in the

summer, is being considered. Tourists and residents are distributed unevenly based on

the attributes of the environment (i.e., tourist attractions and residential areas) to the

38 areas shown in Figure 3.4. These areas are chosen such that the change in land use

and other attributes is minimal in each region. As shown in Figure 3.5, the population is

normally distributed around the centroid of the beach and the downtown area. Therefore,

the concentration of the evacuees in those two areas is high. Moreover, although different

categories of people (i.e., residents and tourists) may respond differently to the same

hazard and categorization of the evacuees based on their attributes should be considered

for a realistic evacuation simulation platform, for the sake of the main objective of this

study it is assumed that different categories react to the hazard in the same fashion.

Meaning that they choose their destination, their route, their mode of transportation,

and immediacy of evacuation regardless of their knowledge and familiarity with the area.

FIGURE 3.4: Boundaries of regions, Seaside, OR
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According to US Census data, the latest population of the city of Seaside is esti-

mated to be 6445 with 20% under the age of 18 2. The number of tourists in the city,

considering the amount of rentals, hotels, and inns can be up to 10,000. However, due to

computational challenges in Netlogo coming from agent-agent interactions, 4500 evacuees

have been included in the simulation runs. Although this assumption is not realistic,

however, for the purpose of network assessment and also relative comparison regarding

the sensitivity of the mortality rate to the influential factors, it stays valid.

(a) (b)

FIGURE 3.5: Population distribution

3.5.2 Road Network

The road network is imported into the model as a GIS shapefile which was extracted

from OpenStreetMap 3 with markings for the area of interest. It is assumed that all the

agents (i.e., residents and visitors) are to follow this network, including the potential

crossing of 10 two-lane bridges. For the purpose of network assessment, the possibility of

2http://www.cityofseaside.us/
3http://www.openstreetmap.org
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network disruption in the form of link accessibility, limiting access to (a) neither pedes-

trians nor cars and (b) pedestrians only is considered. In the simulation, it is assumed

that all the agents (i.e., residents and tourists) have to follow the road network to the

tsunami shelters. The use of other alternatives such as swimming across the river or cut-

ting through fields or parking lots are prohibited in this model. In other words, pedestrian

shortcuts are not considered in the model. Conservatively, all network links are considered

as one-way one-lane streets with a speed limit of 35 MPH. This is a reasonable assumption

based on the speed limits (maximum allowable speed) of the area and field observations

of the general standing of the network. In the beginning of the simulation, all the agents

head to the nearest link, and later on, based on the decision-making probabilities which

will be explained later, they choose either to evacuate on foot or by vehicle.

3.5.3 Tsunami Shelters

Oregon Department of Geology and Mineral Industries has proposed eight evacua-

tion shelters outside the inundation zone as shown in Figure 3.6 (Priest et al., 2013). These

are the primary evacuation locations in the model. However, Wang et al. (2015) have

studied the effect of the vertical evacuation shelters. For the sake of the main objectives

of this study, the focus is on the primary evacuation shelters. All shelters are assumed

to have the capacity to fit the evacuees. In addition, it is assumed that all shelters are

structurally sound and can withstand tsunami and earthquake forces (FEMA, 2008).

3.5.4 Tsunami Inundation

The inundation modeling comes from the ComMIT/MOST model developed by

NOAA calibrated for Cascadia Subduction Zone (Titov and Gonzalez, 1997). Inundation is

modeled as an extreme event with a 2500-year return interval (Venturato et al., 2007). The

inundation model supplies time variation of flow depth and speed for the area of interest.

The speed of the flow, for simplification purposes, and due to the fact that there is still
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FIGURE 3.6: Evacuation shelters of Seaside, OR (FEMA, 2008)

no comprehensive casualty model incorporating flow speed, has been neglected, and only

flow depth is imported into the model. Although these models use a “bare earth model”

and do not consider the impact of natural vegetation, man-made structures, or roughness

of the surface on the inundation strength, the assumption will still be conservatively valid.

However in a few cases, the constructed environment could cause an increase in flow speed

along links which are parallel to the main flow direction (Park et al., 2013).

3.5.5 Casualty Model

Although calculating the rate of casualties can be highly complicated due to the

variability of a person’s age, gender, mental and physical state (Yeh, 2010), the casualty

model in the simulations is simplified. Basically, if a wave with a height of Hc or more

touches an agent, it will be considered as the casualty. This assumption might not reflect

an accurate mortality rate; however, for comparison purposes and assessment of the trans-
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portation network, this gives us a reasonable estimate of mortality rate. Besides, Hc can

reflect the vulnerability of the evacuee community to the inundation force. For example,

in a population with high percentages of elderly and children the vulnerability is high, and

therefore, the Hc can be adjusted to lower values. The Hc for these simulations has con-

servatively been set to be 0.5 meters. Model casualties beyond the initial (approximately

1 hr) inundation such as hypothermia or heart attack are not modeled.

3.6. Agent Decisions

For a given population, road network, tsunami shelter, and inundation scenario, the

model can be ran with several options related to human decisions and are described below.

3.6.1 Mode Choices

It is assumed that the agent is located at ground level and outside. In other words,

it is assumed they are not in their car, nor are they in a building that would provide

them shelter if no actions were taken. Each agent can make one of the following choices.

Option 1 is horizontal evacuation on foot. For this option, it is assumed that the agent

is knowledgeable of the most efficient route to the nearest tsunami shelter outside the

inundation zone. Option 2 is horizontal evacuation by car. Similar to Option 1, it is

assumed that the agent knows the most efficient route. It is also assumed that the car is

located nearby and the time that it takes to go to the car is modeled and accounted for

in the milling time as discussed in the next section.

The probability of choosing an option can be specified by the evacuee population.

For example, for a given simulation, the population may have 70% who choose horizontal

evacuation on foot (Opt. 1) and 30% who choose horizontal evacuation by car (Opt. 2).

As mentioned earlier, it is assumed that agents act independently of others, meaning that

there are no social group influences.
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3.6.2 Milling Time

One of the most challenging aspects of modeling natural hazard evacuation, es-

pecially for near-field tsunami evacuations with very low preparation time, is to model

evacuation milling time. Milling time depends on the quality and reliability of the mes-

sages conveyed regarding the evacuation, performance of the decision makers, and public

response to the messages (NRC, 2006). Although many researchers focus on the evacua-

tion preparation time of natural hazards with long preparation times (Lindell and Prater,

2007; Kang and Prater., 2004), rapid-onset hazards such as tsunamis still need to be exam-

ined thoroughly (NRC, 2006). It has been shown that milling time has a great impact on

both the formation and evolution of bottlenecks and traffic congestions (Naser and Birst,

2010), and mortality rates of scenarios (Wang et al., 2015). To capture the evacuation

preparation time, as suggested by Mas et al. (2011), departure times follow a Rayleigh

distribution as shown in figure 3.7.

FIGURE 3.7: Representation of milling time with σ and τ using Rayleigh distribution (τ

= 0) (Wang et al., 2015)

Understanding psychological aspects involved in the process of departure time decision-
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making is complex. It depends on the perceived immediacy of the threat as well as the

required action (Sorensen, 2000). To abstractly consider the decision-making process, val-

ues of τ and σ are reasonably calibrated and the milling time is randomly drawn from

the mentioned distribution with the following formula (Tweedie et al., 1986; Lindell and

Prater, 2007).

P (t) =


0 0 < t < τ

1− e−(t−τ)2/(2σ2) t > τ

(3.1)

Where t is the departure time in minutes after earthquake. Both τ and σ can be

adjusted in the platform. τ represents the minimum time that an evacuee needs to get

prepared, and σ represents the spread of the departure times. The larger the σ is, the

larger the tail of the distribution towards later departure times will be. Slight increases

in τ and σ will lead to an enormous increase in mortality rates (Wang et al., 2015).

For the sake of the main objective and having accurate analysis on the vulnerability of

transportation network, and following the suggestion of government officials regarding the

importance of immediate evacuation, it is assumed τ to be 1 minute and σ to be 0.5,

meaning that 99 percent of agents start their evacuation between 1 to 2 minutes and 30

seconds. 3.1 represents the percentage of different departure time for different values of σ.

TABLE 3.1: Time in minutes required for agents to initiate an action as a function of σ

(τ = 0) (Wang et al., 2015)

σ
Percentage of agents initiating actions

50% 95% 99%

1.0 1.2 2.4 3.0

2.0 2.4 4.9 6.1

4.0 4.7 9.8 12.1

8.0 9.4 19.6 24.3
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3.7. Vehicular Movement

The movement of vehicles is governed by the classic car-following model, General

Motors model, with the following equation.

at+δtn+1 = [
αl,m(vtn+1)

m

(xtn − xtn+1)
l
](vtn − vtn+1) (3.2)

where:

xtn = Location of leading vehicle at time t

vtn = Speed of leading vehicle at time t

xtn+1 = Location of following vehicle at time t

vtn+1 = Speed of following vehicle at time t

vtn+1 = Speed of following vehicle at time t

l = Distance headway exponent (Varying from -1 to +4)

m = Speed exponent (Varying from -2 to +2)

αl,m = Sensitivity coefficient

δt = Perception-Reaction time

The parameters are adjustable and can be calibrated using empirical data. However,

due to lack of empirical data regarding the driving behavior in emergency situations,

the following parameters set has been chosen to simulate the vehicular movement. The

perception-reaction time is known to be lower than usual in emergency situations since

the drivers tend to be more alert and responsive if they are aware of the approaching

threat. Therefore, the perception-reaction time in this case, conservatively and in favor

of evacuation by car, is assumed to be fairly close to zero.

It is worth mentioning that the combination of parameters above, with the assump-

tion of steady state traffic flow, from a macroscopic point of view, leads to well-known

Greenshield model (citation) which represents a linear relationship between speed and

density. Below is the derivation of parameter α.
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TABLE 3.2: Car-following model parameters

Parameter Notation Value

Distance Headway Exp. l 2

Speed Exp. m 0

Perception-Reaction Time δt 0

Sensitivity Coef. α 0.14

at+δtn+1 = [
αl,m(vtn+1)

m

(xtn − xtn+1)
l
](vtn − vtn+1) (3.3)

at+0
n+1 = [

α2,0(v
t
n+1)

0

(xtn − xtn+1)
2
](vtn − vtn+1) (3.4)

atn+1 = [
α2,0

(xtn − xtn+1)
2
](vtn − vtn+1) (3.5)

ẍtn+1 = [
α2,0

(xtn − xtn+1)
2
](ẋtn − ẋtn+1) (3.6)

Let h = xtn − xtn+1, then we have:

ẍtn+1 =
α2,0

h2
dh

dt
(3.7)

dv

dt
=
α2,0

h2
dh

dt
(3.8)

dv =
α2,0

h2
dh (3.9)

∫
dv =

∫
α2,0

h2
dh (3.10)
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v =
−α2,0

h
+ c (3.11)

Plugging in the boundary conditions for Jammed state and free flow state, we have:

αKj = c (3.12)

c = Vf (3.13)

α =
Vf
Kj

(3.14)

if we assume free-flow speed, Vf , equals 35 mph and jam density, Kj , equals 250

vpm, α is estimated as following.

α = 0.14
mi2

hr
(3.15)

In addition, parameter α linearly correlates with the range of accelerations and

decelerations calculated from the car-following model. Therefore, it has to vary in a rea-

sonable and realistic manner. Simulations have shown that α of 0.14 leads to accelerations

in the range of 5 ft/sec2 to 10 ft/sec2. Decelerations on the other hand vary from 10

ft/sec2 to 25 ft/sec2. Based on the literature, this range of accelerations and deceler-

ations represent the empirical data fairly well, considering the fact that in the case of

evacuations accelerations and decelerations tend to be higher. Therefore, changes in α are

not suggested. However, the sensitivity of this parameter on the evacuation efficiency is

deeply investigated in the next chapter.

Car-following model coded in the model should ideally result in a Greenshield rela-

tionship between variable speed and density. Figure 3.8 shows the Speed-Density diagram

generated by the evacuation simulation model. This further validates the expected behav-

ior of the model. As shown in figure 3.8, speed decreases with when density increases. In
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addition, the graph is highly concentrated around higher densities which shows that the

network is in a congested phase.

FIGURE 3.8: Speed density diagram

3.8. Pedestrian Movement

The speed of evacuation is another significant variable governing hazards evacua-

tion (Wood and Schmidtlein, 2012). Normal walking speed is on average 4.5 ft/s (1.37

m/s). For the simulation of near-field tsunami evacuation, although people tend to walk

faster in emergency situations, the mean walking speed is conservatively set to be 4

ft/s (Knoblauch et al., 1995). To capture the walking speeds of the elderly, children,

and also, fast walkers, it is assumed that walking speeds follow a normal distribution.

Conservatively, the normal distribution’s standard deviation is set to 0.65 ft/s (0.2 m/s)

which, as is shown in figure 3.9, covers very slow walking to slow running, ranging from

1.5 to 5.5 ft/s (TRB, 2010). The effect of tiredness of evacuees and topography of the

environment have been neglected in this simulation. Each pedestrian agent is assigned a

walking speed which will not vary over the simulation. All evacuees begin to evacuate by

foot to the nearest road. From there, agents with different decisions are separated. The
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time required to access their cars for agents who choose not to evacuate by foot is assumed

to be modeled by their milling time.

FIGURE 3.9: Walking speed distributions (Wang et al., 2015).

3.9. Summary

In this section, the development of the agent-based multi-modal tsunami evacuation

platform is elaborated, along with its components and procedures. In summary, the coded

platform consists of five different components, the population distribution model, the

transportation network, evacuation shelters, the tsunami inundation, and the casualty

model. The simulations are bound with evacuees’ characteristics which are translated

to the evacuees’ decisions, such as choice of evacuation mode, start-time of evacuation

(milling time), and walking speed which represents the physical ability of the evacuee. In

addition, vehicular movement and the vehicle-to-vehicle interaction following the General-

Motors car-following model has been described in this section. In the next section, the

modeling results of the general evacuation behavior, the factors involved, and their impact

on the mortality rate of the scenario and evacuation efficiency is presented.
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4. RESULTS: MULTI-MODAL EVACUATION BEHAVIOR

Understanding of evacuation behavior is critical for emergency responders to de-

velop an optimal evacuation plan, and loss of life can therefore be minimized. In this

chapter, the behavior of the evacuation under the influence of different control parameters

is assessed. Further, recognizing the travel pattern in evacuation is beneficial for traffic

control. Evacuation trajectory is therefore extracted from the simulation and displayed

in 3-D graph for travel pattern analysis.

4.1. Model Behavior

Various factors can affect evacuation performance such as mode choices, the min-

imum milling time, the walking speed, the maximum driving speed, the car-following

behavior, and critical tsunami inundation depth. Hereunder, the sensitivity analysis of

the mortality rate of the evacuation against the factors affecting the efficiency of the

scenario is presented.

4.1.1 Evacuation Mode

The mode choice of the agents based on their decision-making attributes can be

implemented in the model by defining the percentage of agents choosing any particular

evacuation mode. Studies have shown that the evacuees’ mode choice decision has signifi-

cant impacts on the mortality rate (Wang et al., 2015). To test the capability of the model

to simulate traffic congestion besides the evacuation on foot, agents choosing horizontal

evacuation by either foot (Option 1) or by car (Option 2), varying the percentage from

0 (all with the car) to 100% (all on foot) are considered. As shown in Figure 4.1, if it

is assumed that the percentage of the agents who decide not to evacuate is minimal or
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close to zero, the increase in the percentage of pedestrians will lead to much lower mor-

tality rates. Use of cars is not recommended by officials for evacuation purposes since this

will lead to creating bottlenecks and heavy congestion which will cause very higher travel

times (Spiess, 1990).

FIGURE 4.1: Impact of percentage of pedestrians on mortality rate

To capture the stochasticity due to evacuation walking speeds and the spatial vari-

ation of decision making, the mortality rates are the average of 10 simulation runs. As

shown in figure 4.1, for the percentage of pedestrian higher than 70, the total mortality

rate changes slightly above the minimum value, shown in red. The green curve shows the

contribution of cars in total mortality rate. As shown in figure 4.1, the mortality rate of

the cars decreases exponentially as the percentage of the pedestrians increases, since traffic

congestion conditions will likely increase as the number of vehicles on the road increases

at any time, especially on several roads that lead to the evacuation shelters (Spiess, 1990).

For example, the contribution on cars to the mortality rate increases by a factor of 5.5 if

the percentage of evacuees who drive increases from 50% to 100%. On the other hand, the
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mortality rate of pedestrians linearly increases, shown in the blue curve, with an increase

of evacuees who decide to evacuate on foot. Again, the trade off between mortality of cars

and pedestrians reaches it’s maximum when the percentage of pedestrians goes to 70%.

In this scenario, several assumptions that minimized congestion and increased the

survivability of agents traveling by car, including unlimited car capacity at each tsunami

shelter and basic interaction of cars and pedestrians were made. Furthermore, probability

of accidents or breakdowns that would increase delays was not included, nor were the

number of agents who would abandon their cars and continue on foot modeled. Factors

like technological failures (i.e., signal lights) that would affect surface transportation were

not included. Future efforts will have to consider these factors to develop more realistic

scenarios for multi-modal tsunami evacuation.

4.1.2 Minimum Milling Time

As discussed in Section 3.6.2, the decision time with two parameters τ and σ, where

τ represents the delay time (no agents evacuate for t < τ) and σ is a scale parameter

representing the variability in the cumulative probability distribution based on a Rayleigh

distribution were modeled. Although in reality, both τ and σ can be varied based on an

agent’s classification (e.g., resident or transient) and evacuation choice, only the impact

of τ on efficiency of the evacuation scenario were assessed, since both of the parameters

are expected to have somewhat similar impact on the mortality rates.

Figure 4.2 shows the model sensitivity to τ . For this scenario, σ is kept constant

(σ = 0.5) and τ varies from 0 (immediate evacuation) to 20 minutes. As expected, the

mortality rate increases significantly as the delay time increases, regardless of the walking

speed of the scenario. Moreover, the effect of minimum milling time gets more significant

as the number of evacuees on foot increases. Likewise, comparing Figures 4.2(a) and

4.2(b), for scenarios with lower walking speeds, the impact of minimum milling time on

mortality rate is higher as well.
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(a) Walking Speed = 3.5 ft/s (b) Walking Speed = 5.5 ft/s

FIGURE 4.2: Impact of minimum milling time on mortality rate

FIGURE 4.3: Impact of minimum milling time on optimal evacuation mode split
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The impact of minimum milling time on the optimal split of evacuation mode is

further investigated. Figure 4.3 shows the variation of mortality rate due to changes in

the percentage of pedestrians for different minimum milling times. In General, the impact

of milling time is significantly greater on pedestrians than on the cars. Comparing two

extreme cases where all the evacuees evacuate by car and all the evacuees evacuate on

foot, it can be concluded that mortality rate increases from 40% to 65% and from 10% to

70% respectively if minimum milling time goes from 0 to 20 minutes. This phenomenon

causes the optimal evacuation mode split to vary according to different minimum milling

times. In addition, there is a critical threshold for minimum milling time, beyond which

fully evacuation by cars results in lower mortality rates, expectedly around 15 minutes.

4.1.3 Walking Speed

Figure 4.4 shows the effect of the walking speed on mortality rate where the walking

speed is modeled as a normal distribution with mean speed (u) and standard deviation

sigma (σ). For these simulations, two different minimum milling times, τ = 1 and τ = 15

minute delay from the time of the earthquake to the start of evacuation with a σ = 0.5

were used (i.e., 95% of the population would have taken action approximately 5 or 20

minutes after the earthquake in either case respectively).

As expected, Figure 4.4 shows that the walking speed has a strong influence on

the mortality rate. As expected, the influence of average walking speed increases as the

percentage of pedestrians increase in both proposed milling time cases. In addition, the

comparison between figure 4.4(a) and 4.4(b) shows that walking speed is significant for

higher milling times. For example, focusing on evacuation scenario with 100% pedestrian,

an increase in walking speed from 3.5 to 5.5 ft/s decreases the mortality rate by 45% in

the case of 15 minutes minimum milling time. On the other hand, the decrease can be

less than 20% if the milling time is as low as 1 minute.

Moreover, for low minimum milling times, the average walking speed of 5 ft/s and
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(a) Minimum milling time = 1 minute (b) Minimum milling time = 15 minutes

FIGURE 4.4: Impact of walking speed on mortality rate

higher would have all the same impact on the efficiency of evacuation. On the other hand,

for higher milling times, mortality rate keeps linearly decreasing with increase in average

walking speed.

(a) Maximum driving speed = 5 mph (b) Maximum driving speed = 35 mph

FIGURE 4.5: Impact of walking speed on the optimal evacuation mode split

It is also of great value to assess the impact of walking speed on the evacuation

efficiency, along with the maximum driving speed of the cars which indirectly reflects the

advantage of cars to pedestrians. Figure 4.5 shows the impact of walking speed for two

evacuation simulation scenarios with two different driving speed limits. Here, minimum
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milling time is set to be 1 minute. As expected, increase in average walking speed moves

the optimal split of evacuation mode towards pedestrians. Looking at figure 4.5(a), it can

be observed that optimal split shifts from 100% pedestrians to 80% pedestrians as average

walking speed decreases from 5.5 ft/s to 3.5 ft/s. For the main purposes of this study,

although it is expected that the people walk faster in panic situations, walking speed is

conservatively considered to be 4 ft/s which represents a moderate walking speed.

4.1.4 Maximum Driving Speed

Maximum driving speed of the cars, speed limit, could be one of the important

parameters that not only affects the mortality rate of a specific scenario, but also shifts

the optimal evacuation mode choice split towards either higher or lower percentages of

pedestrians. Figure 4.6 shows the impact of the driving speed limit on mortality rate for

two different evacuation simulation scenarios with the different average walking speed for

pedestrians. Both figures 4.6(a) and 4.6(b) confirm that effect of the maximum driving

speed for 20 mph and above is negligible, for almost all the evacuation mode splits. This

is mainly due to the fact that in a congested network where cars do not get to reach

the speed limit, unrealistically high speed limits are not influential to the mobility of the

network. However, for maximum driving speed lower than 20 mph, the mortality rate of

the scenario increases as the maximum driving speed decreases, and expectedly, the effect

goes to zero as the percentage of cars goes to zero. Comparing these two figures, it can

also be stated that the impact of an increase in maximum driving speed is slightly greater

for the scenarios with a lower average walking speed of pedestrians.

In addition, figure 4.7 shows the impact of maximum driving speed on the optimal

evacuation mode split, coupled with different average walking speeds. Looking at Fig-

ure 4.7(a), it suggests that the optimal split shifts towards pedestrians as the speed limit

decreases to 5 mph and vice versa in the scenarios with lower walking speeds. Similarly,

for simulation with higher average walking speeds, the mortality goes to zero earlier with
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(a) Walking speed = 3.5 ft/s (b) Walking Speed = 5.5 ft/s

FIGURE 4.6: Impact of maximum driving speed on mortality rate

the increase in pedestrian’s percentage for cases with the higher maximum driving speed

for the cars.

(a) Walking speed = 3.5 ft/s (b) Walking speed = 5.5 ft/s

FIGURE 4.7: Impact of maximum driving speed on the optimal evacuation mode split

4.1.5 Car-Following Model

Another significant parameter that indirectly affects the mortality rate is the sensi-

tivity coefficient in the car-following model, α. As this coefficient directly correlates with

the range of acceleration and deceleration of the cars, this variable cannot take a value
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higher than 0.14 mi2/hr since any higher value leads to assumption of jam density higher

than 250 veh/mile/lane or free flow speed of higher than 35 mph which is unrealistic.

On top of this, any value of α higher than 0.14 results in unrealistic accelerations and

decelerations.

FIGURE 4.8: Impact of car-following model sensitivity parameter

Despite the low variability range of α, Figure 4.8 displays the sensitivity of mortality

rate over change in α for the scenario where Maximum driving speed is set to 35 mph,

mean walking speed is set to 4 ft/s, minimum milling time is set to 1 minute (τ = 1 and

σ = 0.5). As shown in the figure, lower sensitivity coefficients result in lower accelerations

and decelerations, meaning that the cars lose their agility, resulting in higher mortality

rates when a significant portion of evacuees are evacuating by car. In addition, with the

decrease of parameter α, the optimal evacuation mode split moves towards pedestrians

since cars lose their advantage in case of lower accelerations and decelerations.

4.1.6 Critical Depth

Critical depth, the minimum depth of the wave that causes fatality to the agents,

can represent the physical vulnerability of the evacuees to the tsunami inundation. For

instance, a community with higher number of elderly and children could be more sensitive

to the impact force of tsunami inundation, and in that case, the critical depth can be
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adjusted to lower values.

(a) Pedestrian percentage = 0% (b) Pedestrian percentage = 50%

(c) Pedestrian percentage = 100%

FIGURE 4.9: Impact of critical depth on mortality rate

Figure 4.9 shows the mortality rate as a function of critical depth, hc, used as

the criteria to determine the casualty of an agent. For this simulation, which shows

the impact of critical depth coupled with mode choice split and minimum milling time,

walking speed of 4 ft/s, maximum driving speed of 35 mph, and minimum milling time of

1 minute (τ = 1, σ = 0.5) are set. In this scenario, it is shown that generally, mortality

rate decreases as the critical depth increases. The impact of critical depth increases

with the increase in the percentage of pedestrians. In addition, Minimum milling time
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also positively affects the effect of critical depth, meaning that the significance of critical

depth increases for higher milling times. This is mainly because of congestion of evacuees

in the shoreline due to high milling times when the first waves hit the city. Although the

model results were not highly sensitive to the choice of hc, we can seek improvements to

the model by considering alternative casualty models that consider age and gender (Yeh,

2010), hydrodynamic forces (Koshimura et al., 2006), and other factors (Jonkman et al.,

2008). However, for further assessment in this study critical depth is conservatively set to

0.5 meters.

4.2. Travel Patterns: Evacuation Trajectory

Evacuation trajectory displays the spatio-temporal characteristics of evacuees. In

other words, the position of every single evacuee at any moment can be located from the

trajectories. It can also represent the general model behavior and travel patterns. Using

trajectories, one can therefore observe the distribution of casualties, the distribution of

their starting point, and even the route that they chose. The critical spots can be further

recognized and marked. What’s more, using the trajectories of safely evacuated agents,

safe zones can be identified in the area, and proper evacuation strategies for different parts

of the city can be devised. In addition, acquiring empirical data to validate evacuation

models are either extremely hard or, in most cases, even impossible. The urgency of near-

field tsunami and its rarity in nature, makes it almost impossible to validate this model

with empirical data. However, to assess the performance of the model, the evacuation

trajectories can be analyzed to ground truth the behavior of the model.

Figure 4.10 shows the trajectories of pedestrians in the case that all the evacuees

evacuate on foot. The X axis represents the latitude, the Y axis represents the longitude,

and vertical axis represents the time in seconds. Each curve shows the trajectory of
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FIGURE 4.10: Pedestrian trajectories - 100% pedestrians
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one evacuee, and differentiated by the color. Red curve denotes the trajectory of the

casualties, evacuees who were caught by the tsunami inundation, and green reflects the

trajectory of the evacuees who safely evacuated into one of the shelters. As exhibited in

the casualties’trajectories, their starting location were concentrated in three areas of A,

B, and C, and also they headed to one of the shelters (E and D), and they were caught

by the tsunami wave somewhere on the road to their destination. Focusing on areas A, B,

and C, it is worth mentioning that area B and C are in the middle between two adjacent

bridges that cross them over the river, and area A is the farthest north of the beach.

This results in the longer distance to the safe zone, which lead to the longer travel time.

Without enough time to evacuate the hazard zone, they were caught in the tsunami.

Figure 4.11 presents the other extreme scenario, which shows the trajectories of the

cars in case all the evacuees drive to a safe zone. One key difference between trajectories

of pedestrians and trajectories of cars is that, unlike the cars, pedestrians can pass each

other depending on their walking speeds. This means that the vehicles who make it to

the transportation network later than the others are more likely to get stuck in congestion

and get caught by the tsunami inundation. This explains why the red trajectories overlay

the green curves. Looking at the trajectories of casualties, it can be observed that the

agents who are located around the three main bridges (A, B and C) did not evacuate in

time and get to the transportation network when it is congested and loaded, and thus

caught by the tsunami on their way to shelters of D, E, and F.

Figure 4.12 shows the multi-modal evacuation trajectories (pedestrians and cars)

with different splits of evacuation mode. The left column shows the pedestrian evacuees.

It shows that the characteristics of trajectories do not change, except the density of pedes-

trians that increases from top to bottom. On the other hand, the distribution of casualties

for cars changes dramatically as the percentage of them decreases. When 25% of evacuees

drive, all of the cars evacuate safely to one of the shelters outside the hazard zone. While
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FIGURE 4.11: Car trajectories - 100% cars
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(a) Pedestrian trajectories (25% pedestrian) (b) Car trajectories (25% pedestrian)

(c) Pedestrian trajectories (50% pedestrian) (d) Car trajectories (50% pedestrian)

(e) Pedestrian trajectories (75% pedestrian) (f) Car trajectories (75% pedestrian)

FIGURE 4.12: Evacuation trajectories
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in case of the 75% of evacuees drive, traffic congestion and bottleneck occurred on the

top left bridge and the middle bridges causes a lot of fatalities in area A and B. In the

scenario that evacuees choose to walk and percentage of vehicle drop to half of the pop-

ulation, congestion is no longer an issue for the north side of the beach, but a bottleneck

is created in the downtown area still leads to high mortality rates for area B.

4.3. Summary

This section was dedicated to understanding the general behavior of evacuation and

the influence of factors that affect the evacuation efficiency and the mortality rate of the

scenario. The results have shown that mortality rate is highly correlated with the evacua-

tion mode split, and there is an optimal split that leads to the lowest mortality rate, typ-

ically between 100% to 75% pedestrians. Likewise, minimum milling time strongly affects

the number of fatalities, in a way that slight increase in τ can lead to significant increase in

mortality rate, especially for the cases that the average walking speed of the community is

low. Similarly, walking speed is of great importance for a successful evacuation, especially

for higher milling times. Moreover, maximum driving speeds for pedestrians is influen-

tial under 20 mph. In addition, critical depth has shown less significance comparing to

other factors. What’s more, in this chapter, evacuation trajectories have been introduced

to analyze the evacuation behavior and its travel patterns in 3-D visualization. It also

facilitates the recognition of the critical spots and safe zones to optimize the evacuation

strategies for different parts of the city. In the next chapter, we introduce a framework to

systematically analyze transportation network and its vulnerability, recognize and identify

the critical links of the network, and thus, to create an optimal retrofitting plan for the

critical links of the network considering the limited amount of resources.
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5. RESULTS: TRANSPORTATION NETWORK ASSESSMENT

Traditionally, critical link is identified through its contribution to the network travel

time. In an evacuation scenario, however, life safety is the first priority. Building upon the

agent-based tsunami evacuation platform, an innovative critical link identification method

is presented in this chapter, along with the detailed retrofitting scheme which devotes to

maximize the benefits of life safety.

5.1. Critical Links Identification

In this research, the criticality of a link comes from the impact of the failure of the

link on life safety, and in particular mortality rates. It is, therefore, essential to identify all

the critical links over the investigated transportation network. There are around 700 links

within the transportation network of this case study, including bridges, streets, arterials,

and highway links. The failure of all links, each at a time, have been assessed and the

links that had the greatest impact on the mortality rate of evacuation scenario in the

transportation network were identified. It is assumed that all the evacuees have prior

knowledge regarding any broken links and reroute to their destination accordingly. To

capture the variation of different decisions as well as walking speeds, each scenario has

been simulated multiple times; the mean mortality of each scenario has been assessed

to find critical links in the network. It is worth mentioning that, criticality of a link is

correlated with the mode choice split. In other words, failure of a link can highly impact

the efficiency of evacuation if the evacuees are evacuating on foot, but not in the case

where evacuees drive, and vice versa. To account for different splits of evacuation mode,

critical links have been identified for 5 different percentages of pedestrians and cars as

following:
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• 100% Pedestrians

• 75% Pedestrians - 25% Cars

• 50% Pedestrians - 50% Cars

• 25% Pedestrians - 75% Cars

• 100% Cars

Furthermore, this study focuses on the links that are considered critical among

most of the cases, combined with engineering judgment and experts’ opinions regarding

the criticality of specific links in the network.

5.1.1 Critical Link Selection Criteria

Figure 5.1 shows the normalized increase in mortality rates of a scenario where a

specific link is failed, over the average mortality rate of all links failures, for different

evacuation mode splits. For example, looking at Figure 5.1(a), there are 10 links that

their failure increases the mean mortality rate by at least 5%. Interestingly, there are a

few links that are critical in cases where the majority of evacuees are pedestrians, but not

in cases where the percentage of vehicles is high. Analogously, there are a few links that

are considered as critical only when the percentage of cars is high. There are several links

that are considered in all the evacuation mode splits. Figure 5.1(f) shows the average

mortality rate increase for each link over all the 5 different evacuation mode splits. In this

study, links which their failure causes an increase in mortality rate over 5% are considered

as critical, and further assessment has been done on these identified links. The other links

are expected to have minimal criticality and do not affect mortality rate dramatically

upon failure as multiple alternative routes exist. In the next section, these critical links

are mapped to the transportation network of Seaside to find the topographically and

structurally critical ones to devise a retrofitting plan for.
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(a) 0% Pedestrain

(b) 25% Pedestrain

(c) 50% Pedestrain

(d) 75% Pedestrain

(e) 100% Pedestrain

(f) Average

FIGURE 5.1: Normalized mortalities associated with each link’s failure
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5.1.2 Critical Links Visualization

Figure 5.3 shows the visualization of the identified critical links in the transportation

network of this study for different evacuation mode choice combinations. Surprisingly, not

all bridges have large impacts on mortality rates. It can be explained by the potential

availability to alternative routes in case of failure. For high percentages of cars, Fig-

ures 5.2(a) and 5.2(b), four main bridges, and the roads leading to highly demanded

shelters are marked as critical. This is mostly due to the fact that failure of either of these

links causes a severe congestion to the other adjacent links, leading to higher travel times,

and thus, higher fatality rates. As the percentage of vehicles decrease, the links which

are adjacent to shelters are no longer marked as critical. Since although with the failure

of those links, the evacuees are forced to choose another available shelter, the concentra-

tion of pedestrians does not have a huge impact on travel times as it does on vehicles.

Therefore, as shown in figure 5.2(d) which represents the critical links for the evacuation

scenario with 75% percent pedestrians and 25% cars, the critical links are narrowed down

to three main bridges and one arterial which its failure cause an isolation to the top left

part of the transportation network. For the scenario where all the evacuees decide to

evacuate on foot, as in Figure 5.2(e), the bottom left road and its adjacent bridge is added

to critical links. Mostly because their failure leads to a huge increase in distance to the

safe zone for the agents in the lower parts of the beach. Figure 5.2(f) shows the critical

links identified based on the average mortality increase over all the different mode splits.

In total, there are 13 critical links identified in the whole transportation network

of Seaside, OR. However, not all of these links have equal impacts on mortality rate in

an evacuation. Moreover, running retrofitting planning algorithm on 13 critical links is

computationally expensive. Therefore, we have to narrow down the important links to the

ones that are either known as being vulnerable or are expected to be influential on fatality

rate with higher certainty. Since the four links in the far east side of the city, adjacent to
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(a) 0% Pedestrain - 100% Cars (b) 25% Pedestrain - 75% Cars

(c) 50% Pedestrain - 50% Cars (d) 75% Pedestrain - 25% Cars

(e) 100% Pedestrain - 0% Cars (f) Average

FIGURE 5.2: Color coded network, representing critical links
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the evacuation shelters, locate outside of the inundation zone, retrofitting them does not

seem to be of high priority. In addition, retrofitting arterials, compared to the bridges,

is not of great significance since they are expected to be partially functional even facing

extreme earthquakes. Even though they are closed for vehicles, they probably can still

carry pedestrians. One exception, however, is the bottom left road which is highly prone

to a landslide after an extreme earthquake. With all this in mind, and accounting for the

insights of the structural engineers regarding the stability and vulnerability of the bridges

and other links, there are five links identified for retrofitting purposes, shown in Figure 5.3.

Further assessment of the degree to which a link is damaged in order to propose an optimal

retrofitting plan is provided.

5.2. Retrofitting Analysis

In this section, we assess the damage to each of the previously determined critical

links. Functionality states to which any transportation facility operates is categorized as

follows:

1. Able to accommodate both vehicles and pedestrians (INTACT)

2. Able to accommodate only pedestrians (PED)

3. Not able to accommodate any kind of traffic (FAILED)

The goal is to prepare a retrofitting plan considering limited resources on the critical

links to minimize mortality rates. Here are a few assumptions to devise a retrofitting plan:

• If a bridge is not retrofitted, it fails as a consequence of earthquake

• One level retrofitting costs one unit of resources and makes a bridge functional for

pedestrians after earthquake
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FIGURE 5.3: Final critical links
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• Another level of retrofitting costs another RATIO number of resources, and makes

a bridge remain intact after the earthquake

• To fully retrofit a bridge, it costs RATIO + 1 number of resources

Considering the states mentioned, and for different values of RATIO and splits of

evacuation mode, retrofitting planning is represented in figures 5.4 through 5.5. Besides

a detailed retrofitting plan for all the cases, the objective is to find general rules for

retrofitting which can be applied to different evacuation cases with different splits and

different retrofitting plans with different RATIOs. As expected, there are numerous

ways to spend the few units of resources to retrofit the system. The aim is to minimize

the mortality with respect to constraints on alternatives to spending those amount of

resources. Following section explains a Constraint Satisfaction Problem that clears the

limits and alternatives of spending a specific amount of resources.

5.2.1 Constraint Satisfaction Formulation

These alternatives can be formulated as a Constraint Satisfaction Problem (CSP):

N ∗ 1 +M ∗ (Ratio+ 1) = R (5.1)

N +M <= Ncr (5.2)

N,M ∈ N (5.3)

Where,

N = Number of retrofitted links to be Pedestrian Accessible (PED)

M = Number of retrofitted links to be intact (INTACT)

R = Number of resources available
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Ncr = Number of critical links (In our case, 5 links)

The above integer equation, can either have no integers answers for N and M , or

have multiple sets of answers for N and M . After solving the above equation, the number

of alternatives (Nalternatives) to spend R number of resources on M + N bridges can be

calculated as following:

Nalternatives =
∑
M,N

(
Ncr

M +N

)(
M +N

M

)
(5.4)

As shown in figures, the blue dots represent mean mortality rates associated with

the various resource consumption alternatives from retrofitting. For example, if we assume

the RATIO = 2, and we have R = 6 number of resources, considering city of Seaside,

with Ncr = 5 identified critical links, the solutions to equation 5.1 would be as following,

• N = 0 and M = 2, Retrofiring two bridges to the highest extent (INTACT)

• N = 3 and M = 1, Retrofitting one of the bridges to the highest extent (INTACT)

and two of the others to be pedestrian accessible (PED)

In light of equation 5.4, number of different alternatives for spending 6 resources

with above combination on 5 critical links can be calculated as following,

Nalternatives =

(
5

2

)(
2

0

)
+

(
5

4

)(
4

1

)
= 10 + 20 = 30

As Figure 5.4(b) through 5.5(b) shows, 30 blue dots for R = 6 are plotted which

represent the mortality rates associated with 30 different alternatives of spending 6 amount

of resources.

5.2.2 Retrofitting Scheme

Figures 5.4 through 5.5 represent the expected mortality rate associated with dif-

ferent alternatives of spending different amount of resources. As stated in the objective,
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for each specific amount of resources, the alternative that leads to the lowest mortality

rate is the best option and it is represented by the green line in figures. Moreover, the red

line represents the upper bound of spending specific resources. In other words, it bounds

the worst option of spending a specific amount of resources which results in the highest

mortality rate. As before, to capture the stochasticity of the system, each scenario has

been simulated multiple times and mean mortality rates were used for assessment. The

slopes of green lines between resource units represent the value of the retrofitting in terms

of decreasing mortality rates. In other words, this can be translated into a cost-benefit

problem in which one considers the cost of retrofitting and consuming resources against

the benefit of decreasing the number of fatalities.

Retrofitting, in rare cases, can surprisingly increase the mortality rate. This phe-

nomenon happens mostly due to opening a new route to cars that may result in concen-

trations of vehicles. In these cases, road closure (e.g. network disruption) will result in

dissipation of traffic that leads to lower densities, and thus, lower travel times. However,

the availability of a major route for vehicles might encourage a rebound effect in which

additional people decide to use the link, which in turn causes severe congestion and higher

travel times.

Single Mode Evacuation

Figure 5.4 shows the retrofitting benefits for the case that none of the evacuees walk

and all the population drive to safe zones. In this case, we see that parameter RATIO

has no impact on the details of retrofitting plans since there are no pedestrians using the

network, and thus, retrofitting a bridge to stay pedestrian accessible has no impact on the

mortality rate. It can also be seen that retrofitting the first bridge to remain INTACT

has the most value and decreases the mortality rate by 25%. Table 5.1 shows the priority

of critical links to be retrofitted.

Figure 5.5 shows the benefit of retrofitting links in the case that all the evacuees
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(a) Ratio = 1 (b) Ratio = 2

(c) Ratio = 5

FIGURE 5.4: Retrofitting resources planning - 0% pedestrian
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(a) Ratio = 1 (b) Ratio = 2

(c) Ratio = 5

FIGURE 5.5: Retrofitting resources planning - 100% pedestrian
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evacuate on foot. Therefore, there would be no benefit in retrofitting a link to remain

INTACT since there are no cars using the network. This explains the green curve in the

figures to decrease in the beginning and stays the same as the bridges are upgraded to

remain INTACT. Like the other single mode evacuation case, retrofitting the first bridge

has the most value and decreases the mortality rate by 65%. Table 5.1 shows the priority

of critical links to be retrofitted.

TABLE 5.1: Retrofitting plan details - single mode evacuation

Number of Pedestrian Critical Link Mortality
Retrofitted Links (%) A B C D E Rate (%)

1
0 FAILED FAILED FAILED FAILED INTACT 64.63

100 FAILED FAILED PED FAILED FAILED 21.33

2
0 FAILED FAILED INTACT INTACT FAILED 59.96

100 FAILED FAILED PED FAILED PED 15.93

3
0 FAILED FAILED INTACT INTACT INTACT 52.74

100 FAILED FAILED PED PED PED 14.57

4
0 FAILED INTACT INTACT INTACT INTACT 48.39

100 PED PED PED FAILED PED 8.24

5
0 INTACT INTACT INTACT INTACT INTACT 41.41

100 PED PED PED PED PED 7.33

Looking at Table 5.1, the first link that should be retrofitted for cars is Link E

which helps to evacuate all the cars that are on the west side of the city and the beach

area to the bottom left evacuation shelters. Retrofitting Bridge C by itself does not have a

significant impact on the mortality rate for cars since it does not provide enough capacity

for all the evacuees who are located on the beach to evacuate to the east side shelters.

On the other hand, in the case of evacuation on foot, retrofitting bridge C has the higher

impact and helps people move to safe zones quicker. The rest of the retrofitting priorities

for these two cases can easily be interpreted by the table.

Multi-modal Evacuation

Figures 5.6 through 5.8 shows the decrease in expected mortality rate when the

evacuation is multi-modal. Analogously, it can be interpreted as described in single model

evacuation.



63

(a) Ratio = 1 (b) Ratio = 2

(c) Ratio = 5

FIGURE 5.6: Retrofitting resources planning - 25% pedestrian
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(a) Ratio = 1 (b) Ratio = 2

(c) Ratio = 5

FIGURE 5.7: Retrofitting resources planning - 50% pedestrian
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(a) Ratio = 1 (b) Ratio = 2

(c) Ratio = 5

FIGURE 5.8: Retrofitting resources planning - 75% pedestrian
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TABLE 5.2: Retrofitting plan details - multi-modal evacuation - RATIO = 1

Number of Pedestrian Critical Link Motality
Resources (%) A B C D E Rate (%)

25 FAILED FAILED PED FAILED FAILED 60.76
1 50 FAILED FAILED PED FAILED FAILED 42.70

75 FAILED FAILED PED FAILED FAILED 26.86
25 FAILED FAILED INTACT FAILED FAILED 54.90

2 50 FAILED FAILED INTACT FAILED FAILED 38.46
75 FAILED FAILED PED FAILED PED 20.22
25 FAILED FAILED PED FAILED INTACT 46.26

3 50 FAILED FAILED PED FAILED INTACT 29.97
75 FAILED FAILED PED FAILED INTACT 16.71
25 FAILED FAILED INTACT INTACT FAILED 42.55

4 50 FAILED FAILED INTACT INTACT FAILED 26.37
75 FAILED PED PED FAILED INTACT 15.09
25 FAILED FAILED INTACT INTACT PED 41.99

5 50 FAILED INTACT PED INTACT FAILED 24.37
75 PED PED PED FAILED INTACT 10.89
25 FAILED FAILED INTACT INTACT INTACT 36.84

6 50 PED INTACT PED INTACT FAILED 22.00
75 PED INTACT PED INTACT FAILED 8.62
25 FAILED INTACT PED INTACT INTACT 35.66

7 50 PED INTACT PED INTACT PED 18.62
75 PED INTACT PED INTACT PED 7.04
25 INTACT INTACT INTACT INTACT FAILED 28.46

8 50 INTACT INTACT INTACT INTACT FAILED 13.00
75 INTACT INTACT PED INTACT PED 6.02
25 INTACT INTACT INTACT INTACT PED 27.77

9 50 INTACT INTACT INTACT INTACT PED 10.55
75 INTACT INTACT INTACT INTACT PED 5.24
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TABLE 5.3: Retrofitting plan details - multi-modal evacuation - RATIO = 2

Number of Pedestrian Critical Link Mortality
Resources (%) A B C D E Rate (%)

25 FAILED FAILED PED FAILED FAILED 60.76
1 50 FAILED FAILED PED FAILED FAILED 42.70

75 FAILED FAILED PED FAILED FAILED 26.86
25 FAILED FAILED PED FAILED PED 58.48

2 50 FAILED FAILED PED FAILED PED 39.26
75 FAILED FAILED PED FAILED PED 20.22
25 FAILED FAILED INTACT FAILED FAILED 54.90

3 50 PED PED PED FAILED FAILED 38.21
75 PED PED PED FAILED FAILED 20.44
25 FAILED FAILED PED FAILED INTACT 46.26

4 50 FAILED FAILED PED FAILED INTACT 29.97
75 PED PED PED FAILED PED 16.51
25 FAILED PED PED FAILED INTACT 45.23

5 50 FAILED PED PED FAILED INTACT 29.70
75 FAILED PED PED FAILED INTACT 15.09
25 FAILED FAILED INTACT INTACT FAILED 42.55

6 50 PED PED PED FAILED INTACT 25.64
75 PED PED PED FAILED INTACT 10.89
25 FAILED FAILED INTACT INTACT PED 41.99

7 50 FAILED INTACT PED INTACT FAILED 24.37
75 PED PED PED PED INTACT 11.53
25 PED INTACT PED INTACT FAILED 40.17

8 50 PED INTACT PED INTACT FAILED 22.00
75 PED INTACT PED INTACT FAILED 8.62
25 FAILED FAILED INTACT INTACT INTACT 36.84

9 50 PED INTACT PED INTACT PED 18.62
75 PED INTACT PED INTACT PED 7.04
25 FAILED INTACT PED INTACT INTACT 35.66

10 50 PED INTACT INTACT INTACT FAILED 20.44
75 INTACT INTACT PED INTACT FAILED 8.06
25 PED INTACT PED INTACT INTACT 33.70

11 50 PED INTACT PED INTACT INTACT 17.60
75 INTACT INTACT PED INTACT PED 6.02
25 INTACT INTACT INTACT INTACT FAILED 28.46

12 50 INTACT INTACT INTACT INTACT FAILED 13.00
75 INTACT INTACT INTACT FAILED INTACT 6.47
25 INTACT INTACT INTACT INTACT PED 27.77

13 50 INTACT INTACT INTACT INTACT PED 10.55
75 INTACT INTACT INTACT INTACT PED 5.24
25 INTACT INTACT INTACT INTACT INTACT 23.66

15 50 INTACT INTACT INTACT INTACT INTACT 11.24
75 INTACT INTACT INTACT INTACT INTACT 6.07
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TABLE 5.4: Retrofitting plan details - multi-modal evacuation - RATIO = 5

Number of Pedestrian Critical Link Mortality
Resources (%) A B C D E Rate (%)

25 FAILED FAILED PED FAILED FAILED 60.76
1 50 FAILED FAILED PED FAILED FAILED 42.70

75 FAILED FAILED PED FAILED FAILED 26.86
25 FAILED FAILED PED FAILED PED 58.48

2 50 FAILED FAILED PED FAILED PED 39.26
75 FAILED FAILED PED FAILED PED 20.22
25 FAILED PED PED FAILED PED 58.12

3 50 PED PED PED FAILED FAILED 38.21
75 PED PED PED FAILED FAILED 20.44
25 PED PED PED FAILED PED 57.23

4 50 PED PED PED FAILED PED 36.19
75 PED PED PED FAILED PED 16.51
25 PED PED PED PED PED 57.81

5 50 PED PED PED PED PED 36.84
75 PED PED PED PED PED 17.40
25 FAILED FAILED INTACT FAILED FAILED 54.90

6 50 FAILED FAILED INTACT FAILED FAILED 38.46
75 FAILED FAILED INTACT FAILED FAILED 22.68
25 FAILED FAILED PED FAILED INTACT 46.26

7 50 FAILED FAILED PED FAILED INTACT 29.97
75 FAILED FAILED PED FAILED INTACT 16.71
25 FAILED PED PED FAILED INTACT 45.23

8 50 FAILED PED PED FAILED INTACT 29.70
75 FAILED PED PED FAILED INTACT 15.09
25 PED PED PED FAILED INTACT 43.10

9 50 PED PED PED FAILED INTACT 25.64
75 PED PED PED FAILED INTACT 10.89
25 PED PED PED PED INTACT 45.12

10 50 PED PED PED PED INTACT 25.57
75 PED PED PED PED INTACT 11.53
25 FAILED FAILED INTACT INTACT FAILED 42.55

12 50 FAILED FAILED INTACT INTACT FAILED 26.37
75 FAILED FAILED INTACT INTACT FAILED 16.29
25 FAILED FAILED INTACT INTACT PED 41.99

13 50 FAILED INTACT PED INTACT FAILED 24.37
75 FAILED INTACT PED INTACT FAILED 13.13
25 PED INTACT PED INTACT FAILED 40.17

14 50 PED INTACT PED INTACT FAILED 22.00
75 PED INTACT PED INTACT FAILED 8.62
25 PED PED INTACT INTACT PED 40.19

15 50 PED INTACT PED INTACT PED 18.62
75 PED INTACT PED INTACT PED 7.04
25 FAILED FAILED INTACT INTACT INTACT 36.84

18 50 FAILED INTACT INTACT INTACT FAILED 24.26
75 FAILED FAILED INTACT INTACT INTACT 13.42
25 FAILED INTACT PED INTACT INTACT 35.66

19 50 PED INTACT INTACT INTACT FAILED 20.44
75 INTACT INTACT PED INTACT FAILED 8.06
25 PED INTACT PED INTACT INTACT 33.70

20 50 PED INTACT PED INTACT INTACT 17.60
75 INTACT INTACT PED INTACT PED 6.02
25 INTACT INTACT INTACT INTACT FAILED 28.46

24 50 INTACT INTACT INTACT INTACT FAILED 13.00
75 INTACT INTACT INTACT FAILED INTACT 6.47
25 INTACT INTACT INTACT INTACT PED 27.77

25 50 INTACT INTACT INTACT INTACT PED 10.55
75 INTACT INTACT INTACT INTACT PED 5.24
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In addition, Tables 5.2 through 5.4 present the retrofitting plan’s details for multi-

modal evacuation with different retrofitting RATIOs. For example, if the retrofitting

RATIO equals to 2 and the amount of available resources is 6, using Table 5.3, we can

see that the optimal retrofitting option is as following:

• 25% Pedestrian - 75% Cars: Bridges C and D should be intact (INTACT)

• 50% Pedestrian - 50% Cars: Bridges A, B, and C should be pedestrian accessible

(PED) and Link E should be intact (INTACT).

• 75% Pedestrian - 25% Cars: Bridges A, B, and C should be pedestrian accessible

(PED) and Link E should be intact (INTACT).

This is mostly because as the percentage of the pedestrians increases, having IN-

TACT bridges loses its importance. Therefore, the rational decision would be to distribute

the resources in a way to have more pedestrian accessible links and bridges.

Looking at Tables 5.2 to 5.4, it can be interpreted that in almost all of the cases,

Bridge C is the first one that should be retrofitted, followed by Link E, Bridge B, and

Bridge D. Among these 5 critical links, Bridge A has is almost the last one to be retrofitted

in most of the cases.

5.3. Summary

In this chapter, we introduced a framework to systematically identify, recognize, and

mark the critical links of the transportation network, which their failure severely impacts

the mortality rate of the scenario and the efficiency of the evacuation. Critical links have

been marked for different evacuation mode splits since one link can be highly influential

when one of the evacuation modes has the majority, but not when the other mode rules.

After that, a mutual set of critical links of all the evacuation mode splits, informed by
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the engineering judgment and structural criticality and vulnerability of the link, has been

chosen for further retrofitting assessment. Then a retrofitting plan has been devised

to minimize the number of fatalities considering the limited amount of resources. The

analysis took into consideration different levels of retrofitting (i.e., Pedestrian Accessible

and Intact). The results of the assessment of Seaside transportation network has shown

that neither all the bridges failure impact the mortality rate, nor all the critical links

are the bridges. Furthermore, retrofitting schemes have shown that in most of the cases,

Bridge C has the highest priority to be retrofitted, and after that, depending on the mode

choice split, link E, bridge D, or bridge B are the most important ones. Bridge A has the

lowest priority in almost all the cases.
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6. DISCUSSION AND CONCLUSION

6.1. Summary

This research presented a near-field multi-modal tsunami evacuation study through

an agent-based modeling environment. The research questions were how variations in

decision-making time (i.e., τ and σ), choices of transportation modes, and in general

influential factors in an evacuation scenario impact the coastal community life safety

(i.e., mortality rate), using Seaside, Oregon as a case study. An agent-based modeling

environment, NetLogo, was used to model and assess the sensitivity of mortality rate to

the factors involved in the evacuation scenario. The results show that (1) the mortality

rate is sensitive to the decision-making time τ which is a “delay time” or “milling time”

(2) walking speed has significant impacts on the estimation of the number of fatalities; (3)

maximum driving speed is also influential for the speed limits lower than 20 mph; and (4)

the mortality rate is highly correlated with evacuation mode choice, in a way that there

is an optimal mode split that leads to the lowest mortality rates and is typically towards

the evacuation on foot.

In addition, this work implemented an agent-based modeling approach to investigate

the criticality of transportation network links for an emergency multi-modal evacuation

scenario. The mortality rate has been analyzed to mark the state of criticality of a

link. The results show that neither all the most used links nor all the initially expected

important links throughout the networks are critical. The criticality of a link is assessed

by the impact of the particular link’s failure on the mortality rate of the scenario. The

idea has been applied to the City of Seaside, OR, and results lead to marking 4 bridges

and 1 link as critical, whose failure each increases the mortality rates by great amounts.

Further analysis has been done on these so-called “severely critical” links. The links were
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set to have three different stages: (1) Both Pedestrian and Car accessible (INTACT),

(2) Pedestrian Accessible Only (PED), and (3) Collapsed (FAILED). Assuming different

retrofitting RATIOs, an optimal retrofitting plan has been suggested to minimize the

number of fatalities at each time period considering the limited resources. This idea also

captures the marginal mortality rate with the change in number of resources available to

provide a base to assess further cost-benefit analyses.

6.2. Future Work

The presence of vertical evacuation shelters can severely change the criticality of

a link. At some point, investing resources on building highly resistant shelter structures

inside the inundation zone might be more economical than spending greater amounts of

resources on retrofitting bridges or transportation links. Therefore, future work will in-

corporate the impact of having vertical evacuation shelters on vulnerability and criticality

of transportation systems. In addition, social aspects of the evacuation scenario neces-

sitates more extensive investigation. Coalescing behavior, car-abandoning (evacuation

mode transfer) and communications (information provision and propagation strategies)

must be considered in a realistic evacuation platform. Moreover, in some cases, damage

may reduce the capacity of the facility, but not to an extent in which only pedestrians

can pass through. Thus, capacity drop, as a consequence of earthquake damage to the

transportation network, may be a better metric for assessment. In addition, realistic inter-

action rules among agents (i.e., pedestrian and car interaction) to provide more accurate

representation of the multimodal evacuation should be taken into consideration. Popu-

lation distribution has also great impact on the mortality rate, and analyzing different

population distributions reflecting day-time or night-time can be beneficial to this study.
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