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Abstract Typically, tsunami evacuation routes are marked
using signs in the transportation network and the evacua-
tion map is made to educate people on how to follow the
evacuation route. However, tsunami evacuation routes are
usually identified without the support of evacuation simu-
lation, and the route effectiveness in the reduction of
evacuation risk is typically unknown quantitatively. This
study proposes a simulation-based and risk-informed
framework for quantitative evaluation of the effectiveness
of evacuation routes in reducing evacuation risk. An agent-
based model is used to simulate the tsunami evacuation,
which is then used in a simulation-based risk assessment
framework to evaluate the evacuation risk. The route
effectiveness in reducing the evacuation risk is evaluated
by investigating how the evacuation risk varies with the
proportion of the evacuees that use the evacuation route.
The impacts of critical risk factors such as evacuation
mode (for example, on foot or by car) and population size
and distribution on the route effectiveness are also inves-
tigated. The evacuation risks under different cases are
efficiently calculated using the augmented sample-based
approach. The proposed approach is applied to the risk-
informed evaluation of the route effectiveness for tsunami
evacuation in Seaside, Oregon. The evaluation results show
that the route usage is overall effective in reducing the
evacuation risk in the study area. The results can be used
for evacuation preparedness education and hence effective
evacuation.
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1 Introduction

The near-field earthquake-induced tsunami can result in
substantial loss of life (Suppasri et al. 2012, 2013). Evac-
uation to safety zones (for example, shelters) is regarded as
one of the most effective ways to survive a tsunami (Mas
et al. 2012; Takabatake et al. 2017). Proper evacuation
planning is crucial to support effective evacuation and
reduce the evacuation risk (UNESCO 2007). To produce an
effective evacuation plan for evacuation risk management,
many issues need to be considered such as a good under-
standing of the evacuation behavior, an accurate evacua-
tion risk assessment, and effective risk mitigation (Wang
2021). For effective risk mitigation, many strategies could
be adopted (Ledn and March 2016) such as extensive civil-
engineered defenses (for example, seawalls), land use, and
built environment measures (for example, building codes),
and emergency readiness systems (for example, evacuation
preparedness). Tsunami preparedness education is believed
to effectively raise people’s awareness of tsunami risk,
improve the evacuation, and ultimately reduce the casualty
in tsunami-prone communities (Lgvholt et al. 2019). For
instance, the huge death tolls in the 2004 Indian Ocean
tsunami were not seen in the 2011 Tohoku event, which
can be partially attributed to the good preparedness of the
population in some coastal communities in Tohoku (Lgv-
holt et al. 2019). Preparedness education programs are held
to increase people’s awareness of the future tsunami
(Adiyoso and Kanegae 2012; City of Rockaway Beach,
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Oregon 2019) and familiarity with facilities that are
designed for evacuation (Adiyoso and Kanegae 2012). To
raise people’s tsunami awareness, community members
(even the tourists) can be guided to visit tsunami museum,
stranded vessel, and graveyard that are assigned as tsunami
disaster educational facilities by the government (Adiyoso
and Kanegae 2012). In addition, volunteer educators can go
door-to-door to discuss tsunami awareness and safety with
residents, hand out evacuation maps or brochures to resi-
dents (City of Rockaway Beach, Oregon 2019). To become
familiar with evacuation facilities, people can visit the
evacuation route and shelter building (Adiyoso and Kane-
gae 2012). People would easily find such facilities and
evacuate to the shelter by following the evacuation route
once a tsunami occurs.

Among various preparedness education programs,
making tsunami hazard and evacuation maps is recom-
mended to be the best way to start preparedness efforts
(Dwelley Samant et al. 2008). Evacuation routes are
marked in the evacuation map for the public to make their
evacuation plans (that is, route selection) (Kurowski et al.
2011; DOGAMI 2013). In the evacuation, evacuees are
encouraged to move to the nearest road and follow the
route with evacuation signs to an assembly area, for
example, horizontal or vertical shelter (Scheer et al. 2011;
DOGAMI 2013). However, the evacuation route usage can
be highly uncertain due to the variability in the charac-
teristics of evacuees. Different types of evacuees (for
example, residents and visitors) may have different
knowledge, perception, or even experience on the evacu-
ation route, which would impact the evacuation decision
and behavior, especially the path selection (Limanond et al.
2011; Scheer et al. 2011; Takabatake et al. 2017). Typi-
cally, not all residents know their local evacuation routes
(Dengler 2005), not to mention tourists. Learning about the
evacuation map can make people (especially tourists)
familiar with the evacuation route and effectively evacuate
when the tsunami disaster strikes. Furthermore, some
points need to be taken into account for the preparedness
education about evacuation routes. Residents may have
different views about the potential usefulness of evacuation
routes (Dall’Osso and Dominey-Howes 2010). For exam-
ple, some of the residents are concerned that evacuation
routes will be blocked when many people follow the signs
simultaneously (Bernard 2005). All of these can impact the
evacuees’ evacuation behavior (whether use the evacuation
route or not, that is, there is uncertainty in the proportion of
the evacuees that use the route), and ultimately impact the
route effectiveness in reducing the evacuation risk in terms
of casualty.

To gain high route effectiveness in reducing the evac-
uation risk through tsunami preparedness education (that is,
educate people to effectively use the evacuation route),

some important questions about the route effectiveness
need to be answered. For example, does it always lead to a
more effective evacuation by following the evacuation
route compared to not following the route (for example,
following the commonly used shortest path (Imamura et al.
2012; Yamamoto and Li 2017))? In what cases, is fol-
lowing the route more effective? Do the evacuation mode
(for example, on foot or by car), population size, and
population distribution have a high impact on the route
effectiveness? If so, how do they impact the route
effectiveness?

The answers to the above questions associated with the
effectiveness of route usage may be found through under-
standing how the evacuation map is made, and evacuation
routes are identified. Evacuation routes are marked in the
evacuation map or brochure (in print or online) for the
public to make the evacuation planning (that is, which
route to follow in evacuation) (Kurowski et al. 2011;
DOGAMI 2020a). Besides, web-based map interface by
revising tsunami evacuation maps or interactive evacuation
map viewer is available for the residents and visitors to
custom design their own maps (DOGAMI 2020b). Evac-
uation maps for the at-risk communities along the coast are
typically developed based on the state-developed inunda-
tion maps of a credible worst-case tsunami (Darienzo 2001;
Gonzalez et al. 2001; Priest et al. 2001; Gonzalez et al.
2005; Tanioka et al. 2012). The inundation maps are pro-
duced through numerically efficient hydrodynamic model
simulations with adequate, site-specific bathymetry and
topography data (Gonzalez et al. 2001, 2005). Evacuation
routes are typically identified by local and state officials,
and reviewed by the department that develops the inun-
dation maps (Gonzdlez et al. 2001, 2005; Bernard 2005;
Kurowski et al. 2011), or determined in close collaboration
with communities and with feedback from tsunami experts
(Bernard 2005). Some efforts exist in the search of high-
priority tsunami evacuation routes for more effective
evacuation (NTHMP 2018) or in the identification of the
optimal evacuation route using various advanced algo-
rithms, for example, the modified shortest path algorithm
(Shekhar et al. 2012), the algorithm using GIS techniques
(Schuster and Gomez 2013; Ai et al. 2016; Trindade et al.
2018), graph theory-based evacuation routing algorithm
(Péroche et al. 2014; Patel et al. 2016), and discrete opti-
mization algorithm (Forcael et al. 2014), and so on.
However, to the best of our knowledge, the development of
the tsunami evacuation map and identification of the
evacuation route lack the support from evacuation simu-
lation, and few efforts are put in the quantitative evaluation
of the existing tsunami evacuation route effectiveness (that
is, investigating the impact of route usage on the evacua-
tion risk based on tsunami evacuation simulation). In this
context, it is difficult or even impossible to implement an
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effective tsunami preparedness education on how to use the
evacuation route effectively and hence improve the
evacuation.

To address the above limitations, this study proposes a
simulation-based and risk-informed approach to quantita-
tively evaluate the evacuation route effectiveness in
reducing the evacuation risk for tsunami preparedness
education. An agent-based model is used to simulate the
tsunami evacuation, based on which the evacuation risk is
quantified and assessed. The route effectiveness is evalu-
ated by investigating how the evacuation risk varies with
the proportion of the evacuees that use the evacuation route
(that is, conditional evacuation risk assessment). The route
effectiveness is also evaluated by investigating the impact
of route usage on the evacuation risk under different values
of critical risk factors (that is, the factors that have high
impacts on the evacuation risk such as the proportion of the
population that evacuate by car in the multi-modal evac-
uation, population size, and population distribution). The
conditional evacuation risks are efficiently calculated using
the augmented sample-based approach. The proposed
approach is applied to the risk-informed evaluation of the
route effectiveness for tsunami evacuation in Seaside,
Oregon. However, the proposed approach is general and
applicable to the evaluation of the route effectiveness in
other regions with high tsunami risk around the world.
Accordingly, the evaluation results can be used to improve
the tsunami preparedness education (for example, guiding a
more effective route usage) and hence the tsunami
evacuation.

The remainder of this article is organized as follows.
Section 2 describes the agent-based tsunami evacuation
model for evacuation simulation. Section 3 presents the
evaluation of route effectiveness through conditional
evacuation risk assessment. Section 4 describes an illus-
trative example. Section 5 presents the results and discus-
sions. Section 6 summarizes the research findings.

2 Agent-Based Tsunami Evacuation Model

For tsunami evacuation simulation, we use the agent-based
evacuation model developed in Wang and Jia (2021a),
which extends on the agent-based modeling (ABM)
framework for a multi-modal near-field tsunami evacuation
simulation proposed in Wang et al. (2016). The agent-
based model used here is briefly reviewed.

The agent-based tsunami evacuation model (Fig. 1)
consists of the evacuation environment model (EEM),
evacuation decision and behavior model (EBM), and
evacuation performance model (EPM). The EEM includes
the multi-hazard model (that is, seismic and tsunami haz-
ards), transportation network, tsunami shelter, and

@ Springer

population distribution. Any seismic event that can trigger
a tsunami and the resulting tsunami hazard can be incor-
porated into the multi-hazard model. The traffic capacity of
the damaged link (that is, road/bridge) is reduced based on
the seismic damage state predicted from fragility curves.
The time histories of the tsunami inundation are generated
using ComMIT/MOST (Titov and Gonzalez 1997). Dif-
ferent population sizes and distributions throughout the
community are modeled to characterize the population
mobility. The population size (including the residents and
tourists) is estimated considering the actual residential
population and the population mobility. The population
distribution can be of high spatiotemporal variability
(Mostafizi et al. 2017). To model the uncertain population
distribution throughout the community, different proba-
bility models such as the normal distribution and uniform
distribution can be used (Mostafizi et al. 2017). In evacu-
ation simulation, the population is limited to the hazard
area. In the EBM, the evacuation decision and behavior are
modeled. The evacuation decision includes the departure
time, the multi-modal evacuation (that is, evacuation on
foot and by car), and the path selection (for example, fol-
lowing the evacuation route or using the shortest path)
throughout the transportation network. For the evacuation
behavior, individual behavior, interactions between evac-
uees, and interactions between evacuees and the damaged
environment are modeled. For individual evacuation
behavior, the variability in the preferred pedestrian speed is
modeled considering different characteristics of pedestri-
ans. The speed is adjusted according to the corresponding
traffic density ahead for both the pedestrian and car. The
interactions between evacuees include those occurring
between pedestrians or cars (for example, collision avoid-
ance through speed adjustment), and between the pedes-
trian and car (for example, the pedestrian-vehicle
interaction is modeled by traffic stage transition where the
traffic stage is determined by the volume ratio of pedes-
trians to vehicles). In addition, evacuees would interact
with the damaged environment. For example, the traffic
capacity reduction of the damaged link would cause traffic
congestion and hence slow down the evacuees’ travel
speed, which in turn impacts the traffic congestion level of
the damaged link. The evacuees would need to reroute
when some road is completely blocked or the bridge is
completely damaged, which in turn impacts the traffic
condition on the damaged transportation network. These
dynamic interactions between evacuees and the damaged
environment are also modeled. In the EPM, the quantity of
interest such as the casualty rate (that is, the proportion of
the number of casualties to the total population) is selected
as the evacuation performance measure and the critical
water depth is used to determine the casualty (that is, the
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Fig. 1 Illustration of the agent-based tsunami evacuation model

evacuee is considered to become a casualty when the
inundation depth exceeds the critical water depth).

The agent-based tsunami evacuation model is developed
in NetLogo considering that the integrated ABM environ-
ment can use modern data with a high level of detail,
capture the emergent phenomena, and tune the complexity
of the agent’s behavior (Wilensky 2001).

3 Evaluation of Evacuation Route Effectiveness
through Conditional Tsunami Evacuation Risk
Assessment

To evaluate the evacuation route effectiveness (that is, how
the evacuation route usage impacts the evacuation risk), the
evacuation risk under different proportions of the evacuees
that use the evacuation route is evaluated. In addition, the
impacts of critical risk factors such as evacuation mode (for
example, on foot or by car) and population size and dis-
tribution on the route effectiveness are also investigated.

3.1 Quantification of Tsunami Evacuation Risk

To quantify the tsunami evacuation risk, the simulation-
based framework in Wang and Jia (2021b) is used. Figure 2
shows a flowchart for the risk quantification. In the evac-
uation risk quantification, various uncertainties associated
with the evacuation process (including the aleatory and
epistemic uncertainty) are considered, such as those

associated with the seismic damage to the transportation
network in the EEM, the evacuation decisions and behav-
iors of evacuees (for example, departure time) in the EBM,
and the critical water depth in the EPM. Let x = [X,, X, X,,]
= [x1, ..., Xj ..., Xue] € X represent all the input random
variables in the space of X, where x,, X, and x,, denote the
input random variables in the EEM, EBM, and EPM,
respectively, x; is the i input random variable, and n, is
the total number of input random variables. The probability
model p(x10) is used to quantify the uncertainty in x, which
corresponds to probability density function (PDF) for
continuous variables or probability mass function (PMF)
for discrete variables. Here 0 € @ represents the distribu-
tion parameters that define the probability model p(:10), and
O is the space of all potential values of 8. When distri-
bution parameters @ are uncertain, the probability distri-
bution p(0) can be used to quantify the uncertainty in 0,
which can be used to represent the epistemic uncertainty in
the probability model for x. Based on the evacuation
simulation, the evacuation performance can be evaluated
for any given realization of input x. Let h(x) represent the
performance measure of the evacuation system for given x.
We can define h(x) as the risk consequence measure.
Depending on the quantity of interest, metrics such as the
evacuation time needed to get a certain proportion of the
population in the community to the safety zone, the number
of people evacuated within a certain time frame, and the
proportion of the number of casualties to the total popu-
lation within a certain time frame (that is, casualty rate)
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Agent-based tsunami evacuation model with input random variables x=[x,, x,, X,|
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Fig. 2 Quantification of tsunami evacuation risk. EEM = evacuation
environment model, EBM = evacuation decision and behavior model,
EPM = evacuation performance model, x = all input random
variables, X, X;, X, = input random variables in EEM, EBM, and
EPM, respectively, X = space of all potential values of X, h(x) = risk
consequence measure, O = distribution parameters that define the

could be selected as the evacuation risk consequence
measure. When A(x) corresponds to the risk consequence
measure (for example, the casualty rate), propagation of the
uncertainties in x under given probability model p(xI0)
leads to quantification of the evacuation risk (that is, con-
ditional evacuation risk) H(0)

H(0) = / h(x)p(x[0)dx (1)

This corresponds to the evacuation risk under the given
selection of distribution parameter 6. When 0 is uncertain,
further propagating the uncertainties in 0 gives the
evacuation risk H

=[] hp(xio)p(0)axas @)
X,0
3.2 Conditional Tsunami Evacuation Risk

To evaluate the effectiveness of route usage, an input
variable p,, which corresponds to the proportion of evac-
uees that use the evacuation route, is defined in x to
characterize the amount of route usage. Probability model
has been assigned to quantify the uncertainty in p,. The
evacuation risk H already considered the uncertainty in p,.
Therefore, to evaluate the effectiveness of route usage, here
the evacuation risk conditional on different p, values (that
is, conditional on different proportion of evacuees that use
the evacuation route) is used and investigated. This
involves the evaluation of the conditional evacuation risk
H(p,). Or more generally, the risk conditional on given
value of scalar input random variable x;, that is, H(x;),
needs to be evaluated, and for H(p,) it simply corresponds
to H(x;) for the case of x; being p,. To evaluate H(x;), the
uncertainties in x_; and 0 need to be propagated, which
leads to

@ Springer

probability model p(-10), ® = space of all potential values of 0, p(x/0)
= probability model that is used to quantify the uncertainty in x under
given 0, p(0) = probability distribution that is used to quantify the
uncertainty in 0, H(0) = tsunami evacuation risk under given 0, H =
tsunami evacuation risk

H(x;) = //x v@h(XM',Xi)p(X~i|0)p(9)dX~id0 (3)

where x _; represents the remaining of the input random
variables excluding x;.

To gain more insights into the effectiveness of route
usage, the impacts of critical risk factors such as evacua-
tion mode (for example, on foot or by car) and population
size on the route effectiveness are also investigated. This is
realized by investigating the variation of the evacuation
risk with p, under different values of the critical risk fac-
tors. Such investigation also involves the evaluation of the
corresponding conditional evacuation risk, which can be
written in general form as H(x;) with x;; = [x;, x;] = [p,, x/]
where x; represents one of the risk factors mentioned ear-
lier. Similarly, to evaluate H(x;), the uncertainties in X _;;
and 0 need to be propagated, which leads to

H(Xsz)Z//X

where x_; denotes the remaining of the input random
variables excluding x;;.

The above conditional evacuation risks (that is, H(x;)
and H(x;)) correspond to high dimensional integral, and
they can be approximated using stochastic simulation, for
example, Monte Carlo simulation (MCS) (Robert and
Casella 2004). However, direct application of MCS to
estimate H(x;) requires large number of model evaluations
and calculation of H(x;) for different values of x; would
require repeating the above process and entails significant
computational challenges, especially considering the fact
that the evacuation model is expensive to run. Similar
challenges hold for the evaluation of H(x;;) for different x;;
values.

@h(xwtnXij)P(X~ij|9)P(9)dX~z:id9 (4)

~ijs
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3.3 Efficient Calculation of Conditional Evacuation
Risk Using the Augmented Sample-Based
Approach and Kernel Density Estimation

To efficiently estimate the above conditional evacuation
risks, the augmented sample-based approach proposed in
Wang (2021) is used, which extends on the sample-based
approach introduced in Jia and Taflanidis (2016) for effi-
cient estimation of Sobol’ index. In the augmented
approach, an augmented problem in terms of [x, 0] is first
defined. Then, a joint auxiliary distribution 7(x, 0) with
respect to [x, 0] is defined, which is proportional to the
integrand of the evacuation risk integral H

(s, 0) = "OPERO) ) (x0)p10) )

based on which, the marginal auxiliary distribution for x;
can be written as

n(x;) = //x }@n(x, 0)dx .;d0
P fx_ohX)p(x~il0)p(0)dx~id0 _ p(x;)H (x;)

H H
(6)

Then H(x;) can be written as

Hx) = 2 )

Based on Eq. 7, H(x;) for any given value of x; can be
efficiently estimated by: (1) generate a set of candidate
samples {[x*, 0] , k = 1,...,N} from some joint proposal
density ¢g(x, 0), and evaluate the corresponding A(x); (2)
estimate the evacuation risk H using
A = L3y 2 180P ()

8
N & q(xk, 05 ®

The coefficient of variation (CoV, denoted d,y) of the
estimate can be also established; (3) pass these candidate
samples through some stochastic sampling algorithm such
as rejection sampling (Jia et al. 2017) to generate samples
from the joint auxiliary PDF #n(x, 0), denoted

{[x*, 0],k = 1,...,n.}; (4) project the generated samples
to the space of x;, based on which an approximation to 7(x;)
(denoted as 7(x;)) is established using kernel density
estimation (KDE) or the boundary corrected KDE for the
input random variables that are bounded (Jia and Taflanidis
2016); (5) estimate the conditional evacuation risk under
any value of x; efficiently using
N T(x;) -
H(w) = 7oA )

S

<

Similarly, the conditional risk H(x;) can also be
evaluated efficiently using the same set of n, samples.
More specifically, projection of these samples to the x;;
space gives samples from the marginal density n(x;), and
based on these marginal samples, an approximation to
n(x;) (denoted as 7(x;)) is established using the
multivariate KDE (Jia and Taflanidis 2014, 2016). Then
H(x;) can be calculated under any given value of x;; = [x;,
x;] using

S0

Filx;) = ggﬁ (10)

<

4 Tllustrative Example

We perform the simulation-based and risk-informed eval-
uation of evacuation route effectiveness in Seaside, Ore-
gon. The evacuation simulation corresponds to the case
study in Wang and Jia (2021a); however, here two
improvements are made to facilitate the investigation of
route effectiveness. First, besides searching the shortest
path in terms of distance, following the evacuation route is
also considered an option for path selection in the evacu-
ation model, and then the proportion of the evacuees who
use the evacuation route is used to characterize the amount
of route usage and quantify the route effectiveness. Second,
instead of assuming the same cross-section for all links as
in Wang and Jia (2021a), here the actual road cross-section
is used for both the evacuation route and all other links in
the transportation network. According to the road cross-
section, roads with different widths are classified into dif-
ferent functional classifications (that is, “Principal Arte-
rial,” “Minor Arterial,” “Major Collector,” and “Local
Road”), and maximum car speed limits are defined based
on the different classifications. This improvement is made
for a more realistic traffic simulation and hence for more
accurate insights into the route effectiveness evaluation in
the study area.

Next, the study area, Seaside, Oregon is described
briefly. Then characteristics of the transportation network
(especially those related to the road cross-section), tsunami
evacuation route, and evacuation zone (especially those
related to the evacuation route) are introduced in detail.
Then implementation details for the evacuation simulation
and the evacuation risk assessment are presented, including
the case studies that are defined to investigate the route
effectiveness.

4.1 Study Area

The coastal community of Seaside, Oregon (Fig. 3b),
which has been selected in many tsunami evacuation
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Fig. 3 The case study area. (a) Cascadia Subduction Zone (CSZ) (USGS 2020), and (b) Seaside, Oregon

related studies (Wang et al. 2016; Mostafizi et al.
2017, 2019), is selected as the study area. Seaside is
regarded as one community with a high tsunami evacuation
risk considering: (1) the high risk to the seismic and near-
field tsunami hazards due to the proximity to the Cascadia
Subduction Zone (CSZ, shown in Fig. 3a) (Priest et al.
2016; Mostafizi et al. 2017); (2) the high vulnerability to
tsunami inundation due to the fairly flat topography with
two rivers flowing through the city, the relatively far
shelters (more than 1.5 km), and the bottlenecks in the
transportation network caused by the 10 bridges over the
two rivers (Mostafizi et al. 2017).

4.2 Transportation Network

Figure 4 shows the transportation network, which consists
of 700 nodes and 896 links. The road cross-section stan-
dards corresponding to the federal functional classification
of roads throughout Seaside (Clatsop County 2019) can be
found in the typical design of streets in Clatsop County
(City of Seaside 2010). Table 1 summarizes the values of
the parameters used to determine the road width occupied
by car and pedestrian (City of Seaside 2010). For a given
functional class, w represents the total road width (unit: m);
Wiymin and w,, represent the minimum and maximum road
width (unit: m) that can be used by the pedestrian; w,
denotes the minimum width of each vehicle lane (unit: m);
n; represents the minimum number of vehicle lanes used.
To model the pedestrian-vehicle interaction, different
traffic stages are defined. More specifically, according to
the volume ratio between pedestrians and vehicles, differ-
ent traffic stages (that is, vehicle-dominated, balanced, and
pedestrian-dominated) are dynamically selected to deter-
mine the road widths occupied by pedestrians and cars on
the same link (Wang and Jia 2021a).

@ Springer

The well-known Greenshields’ model of speed and
density is used to simulate the car speed adjustment. Here
the maximum car speed limit in the Greenshields’ model is
taken as v, = 64.4, 56.3, 48.3, and 40.2 (unit: kph) for
Principal Arterial, Minor Arterial, Major Collector, and
Local Road (ODOT 2020), respectively, and the traffic
capacity of undamaged links is taken as p,,, = 200 vehicle/
km based on the study in Mostafizi et al. (2017, 2019).

4.3 Tsunami Evacuation Route and Evacuation
Zone

Following the approach in Lonergan et al. (2015), first the
evacuation routes are identified using the evacuation map
(DOGAMI 2013) and shapefiles (Claptsop County 2008).
Note that one additional evacuation route that goes through
the bridge over the river in downtown is added considering
that the evacuees nearby would intuitively choose this
route to go across the river (Hajo Neis et al. 2015). The
identified evacuation routes are shown in Fig. 5.

Inspired by the evacuation map (DOGAMI 2013) and
the beat-the-wave evacuation map for tsunami hazards in
Seaside (Priest et al. 2016), the evacuation zone and
evacuation direction are created throughout the community
(Fig. 5) to determine the selection of the evacuation route
by evacuees in each zone as well as the evacuation flow
direction in the evacuation model. Note that in DOGAMI
(2013) no evacuation zone is provided and therefore the
evacuation direction is not designed for any specific
evacuation zone. In Priest et al. (2016), both evacuation
zone and the corresponding evacuation direction are cre-
ated where the evacuation zones have complex shapes
(determined from the least-cost distance calculation). In the
current study, both the evacuation route and corresponding
evacuation direction are established, but they are
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Fig. 4 The transportation
network in Seaside, Oregon

Principle Arterial
Minor Arterial

Major Collector

Local Road

— =

Table 1 The parameters used to determine the road width occupied
by the car or pedestrian

Functional class w Woomin Wy, w, n;

Principal 12.80 4.49 5.49 2.75 2
Arterial

Minor Arterial 10.97 2.66 3.66 2.75 2

Major Collector 10.36 2.66 3.66 2.75 2

Local Road 7.32 1.22 1.22 2.75 2

w = total road width, w,,,;, = the minimum road width that can be
used by the pedestrian, w,, = the maximum road width that can be
used by the pedestrian, w, = the minimum width of each vehicle lane,
n; = the minimum number of vehicle lanes used

established in a way that is different from DOGAMI (2013)
and Priest et al. (2016). In particular, from the point of
view of capturing the more possible selection and use of
the evacuation route, the current study takes into account
the following considerations about the creation of the
evacuation zone and use of the evacuation route: (1) the
region located between two main evacuation routes is
divided into two evacuation zones such that the distance
between each zone (centroid) and the adjacent route is
close; (2) in each evacuation zone, the evacuees who
decide to use evacuation routes will first move to the
closest evacuation route and then follow the route to the
shelter; (3) the evacuees who do not follow the evacuation

route would search the shortest path; (4) when the bridge
on some route collapses, the evacuees who plan to use the
evacuation route would search the shortest path for
evacuation.

4.4 Implementation Details

The historical seismic event in 1700 is selected as the
hypothetical input of the multi-hazard scenario in which
M,, = 9.0 and the focal depth of 40 km are considered. This
scenario corresponds to the maximum inundation area that
is used in the evacuation map in Seaside, Oregon (Group
2006). We select the ground-motion prediction equations
(GMPEs) in Campbell and Bozorgnia (2008) to estimate
the permanent ground deformation (PGD) at each road site
and spectral acceleration (S,) at each bridge site, respec-
tively. Then the fragility functions of the road and bridge in
HAZUS (DHS 2009) are used to estimate the probabilities
for seismic damages to roads and bridges, respectively.
According to the damage level (that is, none, slight,
moderate, extensive, and complete), the residual traffic
capacity of the road/bridge is calculated based on the
residual rate of the traffic capacity defined in Wang and Jia
(2021a). It is assumed that the evacuation occurs in sum-
mer and lasts for one hour after the occurrence of the
earthquake. One hour is used because the tsunami would
reach the run-up limit at around 55 min and the evacuation
performance would become stable within one hour.
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Fig. 5 Tsunami evacuation
routes and zones in Seaside,
Oregon. The brown, pink, and
green polygons represent the
evacuation zones on the beach,
in the downtown area, and in the
residential area, respectively

Road

Bridge

——— Evacuation direction

Shelter

N

A 0 o.sk

As for the input random variables, x, = [x;] with i = 1,
2,..., 896 and x,; corresponds to discrete random variable
that represents the five seismic damage states of the links
(that iS, Xy = DS] Wlthj = 1, 2,..., 5) Xp = [t(), t, Pes T]p, T2p,
Tvm» Tosss Tios Tocs Ths Tors Vps prl, and x,, = [h], where £,
is the time when receiving the tsunami warning (unit: min);
t is the departure time (unit: min); p,. denotes the proportion
of the evacuees that use the car; Tp, Top, Tiar, Tors» Tic
T>c, Ty, and T»; denote the thresholds that determine the
traffic stage corresponding to the road class Principal
Arterial, Minor Arterial, Major Collector, and Local Road,
respectively; v, represents the pedestrian speed (unit: m/s);
p, is the proportion of the evacuees that follow the evac-
uation route (the proportion of the evacuees that search the
shortest path is 1-p,); h. represents the critical depth (unit:
m). The key continuous input random variables in x and
corresponding distribution parameters in 0 are presented in
Table 2, where U and TN represent the uniform distribution
and truncated normal distribution, respectively. The
selection of the probability distributions and values can be
found in Wang (2021). For the ith distribution parameter 0;,
the subscripts “I” and “u” represent the lower and upper
bounds for the ith input random variable x;. For example, [,
and u,q are the lower and upper bounds for £, respectively.
For other 0, 7, represents the delay time after receiving the
tsunami warning and o, is the scale parameter; . and o,
denote the mean and standard deviation of p,., respectively;
Y, and o, are the mean and standard deviation of v,
respectively. The values/distributions for the same 0; are
separated with semicolon (;), for example, for 0, corre-
sponding to 7, and o, t, follows U[0,5] and o, follows
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U[1,5], and they are separated with semicolon, written as
U[0, 5]; U[1, 5].

In terms of the risk consequence measure h(x), we use
the casualty rate in the community within an hour. Here,
we consider the pedestrian casualty rate (PCR), that is, that
number of casualties that evacuate on foot divided by the
total population, car casualty rate (CCR), that is, the
number of casualties that evacuate by car divided by the
total population, and total casualty rate (TCR), that is, the
number of all casualties divided by the total population.
Then, the evacuation risk corresponds to the expected PCR,
CCR, and TCR, respectively.

It has been shown that some risk factors could have
relatively high impacts on the tsunami evacuation risk,
including the car use (that is, p.) (Wang 2021; Wang and
Jia 2021b), population size (Wang and Jia 2021a, 2021b)
and distribution (Wang 2021). Here, the evacuation route
effectiveness is evaluated under uncertain p. (that is, H(p,))
and given values of p, (that is, H(p,, p.)), both of which are
performed under different populations (denoted as n,) and
population distributions throughout the three sub-areas
(denoted as p;, p,, and p3 corresponding to the percentage
of the population on the beach, in the downtown area, and
in the residential area, respectively). Six cases (denoted as
C1-C6) are defined in Table 3 to consider different pop-
ulation sizes and distributions. The up-to-date residential
population of Seaside is 6795 in 2018 according to U.S.
Census (U.S. Census Bureau 2018); however, the net
daytime residential population can decrease to around half
of the population (Sleeter and Wood 2006) while the
number of tourists can be up to 10,000 per day in the peak
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Table 2 Key continuous input random variables and associated distribution parameters

X; Distribution 0; Value/distribution

fo U L05 U0 3; 10

t Rayleigh T 0 U[0, 5]; U[1, 5]

Pe N Ues 065 Lpes Upe U[0, 1]; 0.15; 0; 1

Typ; Top U lr1p; ur1p; Lraps Uzzp 1; 1.53; 2.3; 4.19

Tises Tom U Lrivs Urines lross Urom 0.59; 0.97; 1.64; 3.14

Tic; Toe U Irics Urics Iracs Urac 0.59; 0.97; 1.53; 2.79

Ty Tor U Iz urin lrons Uror 0.27; 0.38; 0.54; 1.04

Vp TN Ups Op U[1.22, 2.68]; U[0.05, 1]
Lups Uy 0.75; 3.83

P U Lyys Uy, 0; 1

h. U Ines Upe 0.5;2

x; = the ith input random variable, 7, = time when receiving the tsunami warning, ¢ = departure time, p. = proportion of the evacuees that use the
car, T1p, Top, Tias, Tomss Tics Tacs Thr, and T,y = thresholds that determine the traffic stage corresponding to the road class Principal Arterial,
Minor Arterial, Major Collector, and Local Road, respectively, v, = pedestrian speed, p, = proportion of the evacuees that follow the evacuation
route, h, = critical depth, U = uniform distribution, 7N = truncated normal distribution, 0; = the ith distribution parameter, 0; with subscripts “I”

IRt

and “u” = lower and upper bounds for x;, for example, /,o and u,q = lower and upper bounds for 7y, respectively, 7, = delay time after receiving the
tsunami warning, ¢, = scale parameter, . = mean of p., 6. = standard deviation of p., w, = mean of v,, ¢, = standard deviation of v,

Table 3 Definition of evacuation simulation cases

n, = 5000 n. = 10,000 n. = 15,000
Daytime cases Cl1 C2 C3
Nighttime cases C4 C5 C6

n, = population size

summer (Mostafizi et al. 2017), that is, population mobility
exists. We select three population sizes (that is, n, = 5000,
n, = 10,000, and n, = 15,000) to represent the population
mobility. Here, n, = 5000 and n, = 15,000 are selected to
represent the population size in the early summer and peak
summer, respectively, while n, = 10,000 is used to model
the population size during some time between the early
summer and peak summer (Wang and Jia 2021a). Since the
distribution varies with the time of the day, so two sce-
narios are defined to reflect this, corresponding to daytime
and nighttime scenarios. Under the daytime scenario, the
population is distributed across the three sub-areas with p,
=0.4, p, =0.3, and p3 = 0.3 based on the study in Mostafizi
et al. (2017). For the nighttime scenario, a larger proportion
of evacuees would be in the downtown and the residential
areas while fewer people would be on the beach. Here, p; =
0.1, p» = 0.5, and p3 = 0.4 are used. The population dis-
tributions and other related characteristics of the daytime
and nighttime scenarios are summarized in Table 4. Note
that all characteristics are applicable for the evacuations on
foot and by car except “Preferred pedestrian speed.” Due
to the automotive lighting, the car speed is considered not

P

to be affected during the night. Besides, the three speeds in
the pedestrian speed-density model, that is, 0.75, 1.5, and
3.83 (unit: m/s) (Wang and Jia 2021a), are used here for the
daytime scenario; to model the impact of nighttime (that is,
worse lighting condition and shorter sight distance com-
pared to daytime) on the pedestrian speed-density model,
these three speeds are reduced by 20% for the nighttime
scenario according to the study in Ouellette and Rea
(1989), that is, reduced to 0.6, 1.2, and 3.06 (unit: m/s),
respectively.

5 Results and Discussions

The augmented sample-based approach presented in Sect.
3.3 is used to efficiently estimate H(p,) and H(p,, p.) under
the six cases. For each case, we select g(x, 0) = p(x10)p(0)
to generate N = 5,000 candidate samples, based on which
the corresponding A(x) (that is, the PCR, CCR, and TCR) is
evaluated. Under the selection of ¢(x, 8) and N = 5,000, all
the ¢,y for the estimate of I-f(that is, the expected PCR,
CCR, and TCR) are below 2%. For each case, using the
information from the N = 5,000 candidate samples, more
than n, = 300, 1,500, and 1,700 samples are generated from
7(x, ) when h(x) corresponds to the PCR, CCR, and TCR,
respectively. Overall, for the cases with larger population
size n,, there are more samples from n(x, 0) generated as a
result of the relatively high evacuation risk.
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Table 4 Characteristics of daytime and nighttime scenarios

Characteristics Daytime Nighttime
Lighting condition (lux) (Ahlstrom et al. 2018; Jacob et al. 2014) 20,000 15

Sight distance (m) (Aguilar et al. 2019) 50 30
Preferred pedestrian speed (m/s) (Ouellette and Rea 1989) Vpo 0.8v,0

01 0.4 0.1

02 0.3 0.5

03 0.3 0.4

p1, p2, p3 = percentage of the population on the beach, in the downtown area, and in the residential area, respectively, v, = preferred pedestrian

speed

5.1 Evaluation of Route Effectiveness under 5,000
Evacuees

This section investigates the route effectiveness under
5,000 evacuees. In particular, the variations of the evacu-
ation risk (that is, expected PCR, CCR, and TCR) with
route usage and with both route usage and evacuation mode
under the daytime and nighttime scenarios (that is, C1 and
C4) are investigated.

5.1.1 Variation of Evacuation Risk with Route Usage

The variations of the expected casualty rates with the
proportion of the evacuees that use the evacuation route
(that is, p,) for the PCR, CCR, and TCR under C1 and C4
are shown in Figs. 6a—c, respectively.

Daytime scenario (CI). As shown in Fig. 6a, the expected
PCR almost does not change when p, is relatively small
(that is, smaller than 0.35) while it decreases slightly as p,
keeps increasing (that is, only decreases from 2.8% to 2.5%
when p, increases from 0.35 to 1). This means if more
pedestrians follow the evacuation route it will not reduce
the PCR by much, hence for evacuation on foot following
the evacuation route is not very effective in the risk
reduction in this case. This low route effectiveness should
be attributed to the close impacts of following the evacu-
ation route and using the shortest path on the PCR under
the relatively small population. Compared to following the
evacuation route that is relatively wide and is distributed
relatively evenly throughout the community, using the
shortest path for pedestrians tends to induce a higher
concentration of pedestrians on some links, especially
when these links are relatively narrow (for example, Local
Road). The higher concentration of pedestrians would
cause more severe pedestrian congestion and hence more
casualties due to the delay. This congestion is more obvi-
ous when the number of pedestrians is large. However,
under n, = 5,000, the number of pedestrians is overall
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relatively small, and the pedestrian congestion level would
not be much higher when using the shortest path. In other
words, more pedestrians following the route (less pedes-
trians using the shortest path) would not help reduce the
PCR by much under the relatively small population.

From Fig. 6b, the expected CCR first decreases slightly
and then decreases significantly as p, increases, that is,
from 21.2 to 20.7%, and to 16.3% when p, increases from 0
to around 0.3, and to 1. Typically, evacuation by car tends
to cause traffic congestion and hence casualties due to the
delay caused by the congestion; this is true even under the
relatively small population (that is, a small number of cars)
(Mostafizi et al. 2019; Wang and Jia 2021a). The traffic
congestion would become more severe on some links with
the high concentration of cars when using the shortest path,
especially on the links with significant traffic capacity
reduction due to the bridge failure or road blockage. In this
context, evacuation by car following the route would
alleviate the traffic congestion on some links, and the
alleviation would become significant as more cars drive on
the evacuation route (for example, when p, is larger than
0.3). Then the overall evacuation by car would be
improved a lot and the expected CCR would reduce
significantly.

Due to the small variation of the PCR but the large
variation of the CCR with p,, the variation of the TCR
(Fig. 6¢) shows a similar trend to the CCR. The route
effectiveness in reducing the evacuation risk (that is, the
TCR) benefits from the route effectiveness for both evac-
uations on foot and by car, and further stems from the
effectiveness in the congestion alleviation when using the
relatively evenly distributed evacuation routes.

Nighttime scenario (C4) From Fig. 6a, the PCRs under any
given value of p, as well as under the nighttime and day-
time scenarios are very close, and hence the variations of
the PCR with p, under the two scenarios are similar.
Evacuation on foot is less likely to cause pedestrian con-
gestion (Mostafizi et al. 2019), especially under a relatively
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Fig. 6 Variation of expected casualty rate H(p,) as a function of proportion of evacuees that use the evacuation route p, for (a) pedestrian
casualty rate (PCR), (b) car casualty rate (CCR), and (c) total casualty rate (TCR) under cases C1 and C4

small number of pedestrians (Wang and Jia 2021a). In this
case, the difference in the pedestrian speed or the popula-
tion distribution across sub-areas between the daytime and
nighttime scenarios would not change the pedestrian con-
gestion level and the evacuation performance much (either
when following the evacuation route or using the shortest
path). Therefore, the PCRs are very close under any given
value of p, and the two scenarios.

The variations of the CCR with p, under the daytime and
nighttime scenarios (Fig. 6b) show a similar trend,
although the CCR is lower for the nighttime scenario.
Compared to the daytime scenario, the population distri-
bution across sub-areas is overall closer to most of the
shelters under the nighttime scenario. This would reduce
the evacuation delay because of less traffic congestion (for
example, only over a shorter evacuation distance) and
hence reduce the CCR. However, as p, increases, the dif-
ference in the expected CCR between the daytime and
nighttime scenarios does not seem to change much. Ulti-
mately, the evacuation route usage has a similar impact on
the reduction of the CCR under the two scenarios.

The variations of the TCR with p, under the daytime and
nighttime scenarios (Fig. 6¢) show a similar trend due to
the similar variations of both the PCR and CCR with p,
under the two scenarios. This indicates that following the
evacuation route under different population distributions
across sub-areas has similar effectiveness in reducing the
evacuation risk (that is, the TCR) in this example.

In summary, as presented in Table 5, following the
evacuation route can effectively reduce the evacuation risk
under a relatively small population, especially for evacu-
ation by car when a relatively large proportion of cars drive
on the route in this example. This is true under different
population distributions across sub-areas (that is, the day-
time and nighttime scenarios). For tsunami evacuation
planning, designation of evacuation routes has been applied
in many areas of high tsunami risk such as the United
States, Japan, and so on (Lgvholt et al. 2019). However,
even many residents may not know their official evacuation
routes (Dengler 2005). Therefore, encouraging the public
to learn about and follow the evacuation route is highly
recommended in evacuation preparedness education. The
education can be implemented by reading the evacuation
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Table 5 Major results under different simulation cases: Summary 1

Cases H Major results
Cl, H(p,) Following evacuation route is effective in the evacuation risk reduction (especially the CCR and TCR) under a relatively
C4 small population and under different population distributions across sub-areas
H{p,, Reduction in the TCR due to following evacuation route is higher when more people evacuate by car; however, the TCR
Pe) increases significantly with the car use and the increase is much larger than the risk reduction
C2, H(p,) Similar to C1, C4
S Hp,
po)
C3, H(p,) Similar to C1, C4
Co6 Hp,,
Pe)

H = tsunami evacuation risk, H(p,) = tsunami evacuation risk under given proportion of the evacuees that use the evacuation route, H(p,, p.) =
tsunami evacuation risk under given proportion of the evacuees that use the evacuation route and evacuate by car

map (City of Rockaway Beach, Oregon 2019), recognizing
the evacuation route (Adiyoso and Kanegae 2012), and so
forth.

5.1.2 Variation of Evacuation Risk with Route Usage
and Evacuation Mode

Figure 7 shows the variations of the expected casualty rates
H(p,, p.) as a function of [p,, p.] under C1 and C4. Note
that the view angle for Fig. 7a is different from those of
Fig. 7c, e to facilitate better illustration. To make detailed
observations, the variations of the expected casualty rates
with p, under several selected values of p. (that is, p. = 0,
0.25, 0.5, 0.75, and 1) are also shown.

Daytime scenario (Cl). From Fig. 7a—e, the following
observations can be made: (1) the PCR decreases as p. and
p, increase, and more reductions are observed as p,.. varies;
(2) the CCR increases as p,. increases and decreases as p,
increases, and much larger changes are found as p, varies;
(3) compared to the PCR, overall the variation of the CCR
as a function of [p,, p.] is larger, especially the variation
with p.; (4) due to the above variations of the PCR and
CCR, the variation of the TCR as a function of [p,, p.]
shows a similar trend to that of the CCR.

Under any selected value of p. (except p. = 1, which
corresponds to no evacuation on foot), overall the variation
of the PCR with p, (Fig. 7b) is consistent with that under
the uncertain p. (Fig. 6a). On the other hand, as p,
increases, there is more reduction in PCR under the smaller
value of p.. For example, the reductions in PCR with the
increase of p, (from O to 1) are around 2.0% and 0.3%
when p. = 0 and p. = 0.5, respectively. This means the
evacuation route effectiveness in the reduction of the PCR
is higher when fewer people evacuate by car (that is, more
people evacuate on foot). As discussed for the PCR under
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C1 in Sect. 5.1.1, using the shortest path for pedestrians
tends to cause a higher PCR than following the route. This
difference in the PCR would become larger under a larger
number of pedestrians due to more severe pedestrian con-
gestion on some links using the shortest path. In this case,
the reduction of the PCR by following the route would
become larger when more people evacuate on foot.

Overall, the variation of the CCR with p, under any
selected non-zero value of p. (Fig. 7d) is consistent with
that under the uncertain p. (Fig. 6b). However, the reduc-
tion of the CCR is larger under the larger value of p., which
indicates that the evacuation route usage has larger effec-
tiveness in reducing the CCR when more people evacuate
by car. This observation is similar to that for the PCR and
can be explained similarly.

The variation of the TCR with p, under any selected
value of p.. (Fig. 7f) is similar to that under the uncertain p,
(Fig. 6c¢). Furthermore, the route effectiveness in the
reduction of the TCR is larger when more people evacuate
by car while overall the TCR is also larger. More impor-
tantly, the reduction of the TCR by following the route is
much smaller compared to the increase of the TCR as more
people evacuate by car. For example, the largest reduction
of the TCR is only 11.4% (that is, from 52.9% to 41.5%
when p, increases from O to 1) at p. = 1 while the smallest
increase of the TCR is 34.4% (that is, from 7.1% to 41.5%)
at p, = 1. To reduce the evacuation risk effectively, evac-
uation by car should be discouraged besides encouraging to
follow the evacuation route in this example.

Nighttime scenario (C4). As shown in Fig. 7a, c, e, under
the nighttime scenario, the variations of the expected
casualty rates H(p,, p.) as a function of [p,, p.] demonstrate
similarities to those under the daytime scenario, although
the casualty rate under the same value of [p,, p.] is overall
lower.
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Fig. 7 Variation of expected casualty rate H(p,, p.) as a function of
proportion of evacuees that use the evacuation route and evacuate by
car [p,, p.] for (a) pedestrian casualty rate (PCR) under cases C1 and
C4, (c) car casualty rate (CCR) under Cl and C4, and (e) total

As for the variations of the expected casualty rates with
p, under selected values of p.. (Fig. 7b, d, ), similar trends
can also be found between the nighttime and daytime
scenarios, although the PCRs under the two scenarios are
relatively close while the CCR and TCR under the night-
time scenario are lower. For example, the reductions of the
PCR (Fig. 7b) are, respectively, 2.0% and 1.3% at p. =0
under the daytime scenario and nighttime scenario while
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casualty rate (TCR) under C1 and C4, and variation of expected
casualty rate H(p,) as a function of p, under several selected values of
p. for (b) PCR under C1 and C4, (d) CCR under CI and C4, and
(f) TCR under C1 and C4

the corresponding reductions of the CCR (Fig. 7d) are
12.0% and 13.0% at p. = 1. This indicates that following
the evacuation route has close effectiveness in the evacu-
ation risk reduction under the daytime and nighttime
scenarios.

Based on the above results under the daytime and
nighttime scenarios (summarized in Table 5), the evacua-
tion route usage is effective in reducing the evacuation risk.
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Fig. 8 Variation of expected casualty rate H(p,) as a function of proportion of evacuees that use the evacuation route p, for (a) pedestrian
casualty rate (PCR), (b) car casualty rate (CCR), and (c) total casualty rate (TCR) under cases C1-C6

When more people evacuate by car, the reduction in the
evacuation risk is higher as more people follow the evac-
uation routes. These hold under different population dis-
tributions across sub-areas (that is, the daytime and
nighttime scenarios). However, the TCR increases signifi-
cantly with car use and the increase is much larger than the
risk reduction resulting from following the evacuation
route. Existing research has shown that evacuation by car is
more likely to cause a larger evacuation risk (Mostafizi
et al. 2019; Wang and Jia 2021a). Also, significant casu-
alties due to the evacuation delay caused by a large amount
of car use have occurred in historical tsunami evacuations
(Murakami et al. 2014). Therefore, for more effective
tsunami evacuation risk reduction, following the evacua-
tion route is encouraged and evacuation on foot instead of
by car is recommended in this example. However, typically
people would prefer to evacuate by car (Murakami et al.
2014). Therefore, to address such issues, strategic planning
can be carried out, for example, designing a tsunami
evacuation drill to discourage people from evacuating by
car through experiencing the evacuation delay caused by
traffic congestion (Wang 2021).
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5.2 Evaluation of Route Effectiveness
under Different Population Sizes

This section investigates the route effectiveness under
different population sizes. For each population size, the
variations of the evacuation risk (that is, expected PCR,
CCR, and TCR) with route usage and with both route usage
and evacuation mode under the daytime and nighttime
scenarios (C1-C6) are investigated.

5.2.1 Variation of Evacuation Risk with Route Usage

The variations of the expected casualty rates with the
proportion of the evacuees that use the evacuation route
(that is, p,) for PCR, CCR, and TCR under C1-C6 are
shown in Fig. 8a—c, respectively.

Daytime scenario (C1-C3) The variations of the PCR with
p, under n, = 10,000 and n, = 15,000 show some similar-
ities to that under n, = 5,000 (Fig. 8a), for example, the
PCR would reduce as more pedestrians evacuate through
following the evacuation route. However, the reduction of



Int J Disaster Risk Sci

81

the PCR when p, increases from O to 1 is larger under the
relatively large population, that is, 0.3%, 2.8%, and 2.9%
under n, = 5,000, 10,000, and 15,000, respectively. Unlike
under the relatively small population (that is, n, = 5,000 in
Sect. 5.1.1), the pedestrian congestion level on some links
would be much higher when using the shortest path than
following the route under the relatively large population
(that is, n, = 10,000, n, = 15,000). In this case, the route
usage would be more effective in the alleviation of
pedestrian congestion and hence in the reduction of casu-
alties. Note that the route effectiveness does not increase
much (that is, from 2.8% to 2.9%) as the population
increases from 10,000 to 15,000. This is because under the
relatively large population, following the evacuation route
for pedestrians tends to induce pedestrian congestion as
severe as using the shortest path. In this context, following
the route would not reduce the evacuation delay and
casualty rate for pedestrians much more than using the
shortest path.

By comparing the variations of the CCR with p, under
different populations shown in Fig. 8b, some similarities
can be found such as the CCR decreases as p, increases.
However, overall the reduction of the CCR when p,
increases from 0 to 1 becomes smaller (though not by
much) under the relatively large population, that is, 4.9%,
4.5%, and 3.9% under n, = 5,000, n, = 10,000, and n, =
15,000, respectively. This is because under a larger popu-
lation, following the evacuation route for cars would also
cause more severe traffic congestion as using the shortest
path, which makes the alleviation of the traffic congestion
by following the route smaller.

In comparison to the case for n, = 5,000, the variations
of the TCR with p, under n, = 10,000, and n, = 15,000
(Fig. 8c) demonstrate some similar trends, for example,
overall the TCR decreases with the increase of p,. As p,
increases from O to 1, however, overall the reduction of the
TCR is large under the relatively large population, that is,
5.2%, 7.3%, and 6.8% under n, = 5,000, n, = 10,000, and 7,

Table 6 Major results under different simulation cases: Summary 2

= 15,000, respectively. This indicates the route effective-
ness in the reduction of the TCR is overall higher under the
relatively large population. In addition, the reduction in the
TCR is smaller under the relatively large value of p, (for
example, when p, is larger than 0.9) and relatively large
population. This indicates that the route effectiveness in the
reduction of the TCR would decrease when most of the
evacuees follow the route, especially under the relatively
large population.

Nighttime scenario (C4-C6) From Fig. 8a—c, under the
same population, overall the variations of the PCR, CCR,
and TCR with p, under the nighttime scenario are not very
different from that under the daytime scenario, although
the evacuation risk is overall lower under the nighttime
scenario. In this context, the impact of the population size
on the variations of the PCR, CCR, and TCR with p,
demonstrates similar trends between the daytime and
nighttime scenarios, for example, the route effectiveness in
the reduction of the TCR is overall higher under the rela-
tively large population (the reductions of the TCR under
the nighttime scenario are 6.0%, 8.1%, and 7.3% under n,
= 5,000, n, = 10,000, and n, = 15,000, respectively).

To summarize based on the above results (Tables 5 and
6), overall the evacuation route usage can also effectively
reduce the evacuation risk under the relatively large pop-
ulation with different distributions across sub-areas, either
for the pedestrian, car, or total in this example. For better
evacuation preparedness education and hence for the
improvement of evacuation, it is recommended to
encourage the public to follow the evacuation route when
the tsunami strikes.

5.2.2 Variation of Evacuation Risk with Route Usage
and Evacuation Mode

Figure 9 shows the variations of the expected casualty rates
H(p,, p.) as a function of [p,, p.] under C1-C6. Note that

Cases H Major results
Cl, C2, H(p,) Following evacuation route is effective in the evacuation risk reduction under different population sizes and the
C3 effectiveness in the reduction of the TCR is overall higher under the relatively large population
H(p,, Route effectiveness in the reduction of the TCR is larger when more people evacuate by car while overall the TCR is also
De) larger; the effectiveness does not keep increasing with the car use and also does not change much under the relatively
large population
C4, C5, H(p,) Similar to C1, C2, C3 under different population distributions across sub-areas
e Hp.
Pe)

H = tsunami evacuation risk, H(p,) = tsunami evacuation risk under given proportion of the evacuees that use the evacuation route, H(p,, p.) =
tsunami evacuation risk under given proportion of the evacuees that use the evacuation route and evacuate by car
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Fig. 9 Variation of expected casualty rate H(p,, p.) as a function of
proportion of evacuees that use the evacuation route and evacuate by
car [p,, p.] for (a) pedestrian casualty rate (PCR) under cases C1-C3,

the view angles for Fig. 9a, b are different from those of
Fig. 9c—f to facilitate better illustration. To make more
detailed observations, the variations of the expected casu-
alty rates with p, under several selected values of p,. (that
is, p. = 0, 0.25, 0.5, 0.75, and 1) are shown in Fig. 10.

Daytime scenario (CI-C3) As shown in Fig. 9a, c, e, under
the daytime scenario, the variations of the expected casu-
alty rate as a function of [p,, p.] under n, = 10,000 and n, =
15,000 demonstrate similar trends to that under n, = 5000
for PCR, CCR, and TCR. However, under any given value
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(b) PCR under C4-C6, (c) car casualty rate (CCR) under C1-C3,
(d) CCR under C4-C6, (e) total casualty rate (TCR) under C1-C3,
and (f) TCR under C4-C6

of p,, as p. increases, overall the reduction in the PCR or
the increase in the CCR is larger while the increase in the
TCR is smaller under the larger population.

Under the relatively large population (that is, 7, = 10,000
or n, = 15,000), the variations of the PCR with p, under
different given values of p. show similarities to those under
n, = 5000 (Fig. 10a) and can be explained similarly as dis-
cussed in Sect. 5.1.2. Around medium values of p, (that is,
not too small or too large values of p..), however, the variation
of the PCR with p, under the relatively large population is
different from that under n, = 5000. For example, when p. =
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Fig. 10 Variation of expected casualty rate H(p,) as a function of
proportion of evacuees that use the evacuation route p, under selected
values of proportion of the evacuees that use the car p. for
(a) pedestrian casualty rate (PCR) under cases C1-C3, (b) PCR

0.5, the reduction of the PCR is 0.3%, 3.2%, and 4.2% under
n, = 5000, 10,000, and 15,000, respectively. In this case,
overall the route effectiveness in the reduction of the PCR is
larger under the larger population.

As for the variations of the CCR with p, under different
given values of p., overall they show similar trends under
different populations (Fig. 10c) and the trends under the
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under C4-C6, (c) car casualty rate (CCR) under C1-C3, (d) CCR
under C4-C6, (e) total casualty rate (TCR) under C1-C3, and (f) TCR
under C4-C6

relatively large population (that is, n, = 10,000 or n, =
15,000) can be explained similarly as in the case under n, =
5000. However, under the relatively small value of p.
(except p. = 0), overall the amount of reduction in the CCR
is larger under the relatively large population. For example,
when p. = 0.25, the reduction of the CCR is 1.0%, 2.1%,
and 2.5% under n, = 5000, n, = 10,000, and n, = 15,000,
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respectively. This means that the route effectiveness in the
reduction of the CCR is larger under the larger population.

Under different populations, similarities can be observed
in the variations of the TCR with p, under different given
values of p. (Fig. 10e). In particular, overall the route
effectiveness in the reduction of the TCR is larger when more
people evacuate by car (large value of p.) while overall the
TCR is larger, which means the evacuation risk would
increase when more people evacuate by car (fewer people
evacuate on foot). As p. increases, however, the reduction of
the TCR (when p, increases from 0 to 1) keeps increasing
from 1.6% to 11.3% under n, = 5,000 while fluctuates within
[5.8%, 8.4%], and [7.3%, 9.2%] under n, = 10,000, and n, =
15,000, respectively. This means that the route effectiveness
does not keep increasing with the car use and also does not
change much under the relatively large population.

Nighttime scenario (C4—C6) Under the same population,
overall the variations of the expected casualty rate H(p,, p.)
as a function of [p,, p.] under the nighttime scenario
(Fig. 9b, d, f) demonstrate similarities to that under the
daytime scenario (Fig. 9a, c, e), although the casualty rate
is overall lower under the nighttime scenario. In this case,
the impact of the population size on the variations of the
PCR, CCR, and TCR with [p,, p.] demonstrates similar
trends between the daytime and nighttime scenarios.

Under the same population, overall the variations of the
expected casualty rate with p, under any selected value of
p. show similar trends under the nighttime and daytime
scenarios (Fig. 10). This means that the route effectiveness
in the reduction of the evacuation risk is close under the
daytime and nighttime scenarios. Then, the impact of the
population size on the variations of the PCR, CCR, and
TCR with p, under the given value of p. shows similar
trends between the daytime and nighttime scenarios.

Based on the above results under the daytime and
nighttime scenarios (summarized in Table 5 and Table 6),
overall the evacuation route usage is effective in reducing
the evacuation risk (either for the pedestrian, car, or total)
under different populations with different distributions
across sub-areas in this example. In the evacuation pre-
paredness education, it is recommended to encourage
evacuees to follow the evacuation route in tsunami evac-
uation. In addition, evacuation by car tends to cause a
larger evacuation risk. In this case, evacuation on foot is
encouraged instead of by car.

6 Conclusion
This study proposed a simulation-based and risk-informed

approach for the quantitative evaluation of evacuation
route effectiveness in reducing evacuation risk for tsunami
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preparedness education. An agent-based model was used to
simulate the tsunami evacuation. An augmented sample-
based approach was used to efficiently estimate the evac-
uation risk under different proportions of the evacuees that
use the evacuation route, as well as under different values
of critical risk factors (that is, conditional evacuation risk
assessment). Based on the results of the conditional evac-
vation risk, the route effectiveness in the evacuation risk
reduction was evaluated. The results from the quantitative
evaluation can provide important insights into the effective
use of evacuation routes for an effective evacuation. Tsu-
nami preparedness education programs incorporating the
insights can be provided to make the public behave prop-
erly in evacuation drills and better prepare for future tsu-
nami evacuation.

As an illustrative example, the evacuation route effec-
tiveness in Seaside, Oregon was investigated using the
proposed simulation-based and risk-informed approach.
The route effectiveness was evaluated by examining how
the proportion of the evacuees that use the evacuation route
impacts the reduction in the evacuation risk. The route
effectiveness was also evaluated under different propor-
tions of the evacuees that evacuate by car. All the above
evaluations of the route effectiveness were conducted
under different population sizes and distributions. The
results showed that overall the route usage is effective in
reducing the evacuation risk. However, the evacuation risk
would decrease less or even increase when most of the
evacuees follow the route, especially under the relatively
large population. Also, route usage is more effective in
reducing the evacuation risk by car (that is, CCR) than the
pedestrian evacuation risk (that is, PCR). However, it is
important to note that as more people evacuate by car the
overall evacuation risk (that is, TCR) also increases. The
above results can be used to guide the improvement of the
tsunami evacuation through preparedness education, for
example, encouraging people to evacuate on foot instead of
by car and follow the evacuation route. The car use could
be discouraged by conducting the evacuation drill and
following the evacuation route is encouraged by becoming
familiar with the route (for example, reading the evacua-
tion map).
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