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Abstract

This paper presents a framework to evaluate the regional and localresilience of infrastructure networks following disruptions
from natural hazards. Herein, the regional resilience of a network relates to the accessibility of a community within a larger
network, whereas the local resilience concerns the ability ofa network to provide its intended service within the boundaries of
a community. Using this framework, a methodology is developed to demonstrate its application to a road and highway
transportation network disrupted by ground shaking and inundation under a Cascadia Subduction Zone earthquake and tsunami
scenario. The regional network extents comprise the entire coast ofthe state of Oregon, United States of America. Embedded
within this regional network are 18 local networks associated with coastal communities. Regional and local connectivity indices
are defined to identify the initial damage and then track the post-disaster recovery ofthe transportation network, i.e., evaluate
the network resilience. Results identify the attributes that lead to a regionally or locally resilient network and highlight the
importance of considering local infrastructure networks embedded within larger regional networks. It is shown that without
regional considerations, the time to recover may be severely underpredicted. The methodology is further used as a decision
support tool to demonstrate how mitigation options impact the transportation network’s resilience. The importance of
strategically considering mitigation options is emphasized as some communities see significant reductions in time to recover,

whereas others see little to no improvement.
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Introduction

Infrastructure networks, such as electric power, transportation, and communication, are essential for community function and
resilience planning (OSSPAC, 2013; NIST, 2016); however, these networks are often evaluated without considerations given
to the larger regional network that they are embedded within. That is, the network’s spatial boundaries are limited to the
community’s spatial boundaries. Infrastructure networks do, however, span multiple spatial scales ranging from global
accessibility, e.g., ship and airplane traffic, to traversing communities and neighborhoods, e.g., localroads and walking trails.
Further, depending on the type of infrastructure network, different services can be identified. For example, a transportation
network may be used to connect people to food sources (Coveney and O’Dwyer, 2009), health resources (Zhang et al.,2018),
or post-disaster relief (Horner and Widener, 2011). Hazards, both natural and anthropogenic, can cause damage to network
components, which translate to larger systemdisruptions and ultimately limit the ability ofa network to performit’s intended

service (Crucittiet al.,2004; Buldyrev et al., 2010).

When considering infrastructure networks under disruption fromhazards, multiple spatial scales are of importance (Thacker et
al., 2017; Zhang and Alipour, 2020). For example, following a network disruption, a community may be accessible at the
regionalscale, e.g., goods can reach the community boundaries; however, if the localnetwork is in poor condition, then these
goods cannot be distributed throughout the community. Conversely, if the local network ofa community is in good condition
following a disaster, but this network is not accessible to the rest of the region, then goods cannot be transported to the
community, which in turn cannot be distributed throughout the local network. Thus, the extent to which a community is

regionally orlocally accessible is ofimportance.

The purpose of this paper is to present a generalized framework to simultaneously assess the regional and local resilience of
infrastructure networks following disruptions fromnaturalhazards. This framework is used to identify the attributes that lead
to the regionalandlocalresilienceof networks, to demonstrate thenecessity of considering local networks embedded within a
larger, regional-scale network, and to evaluate the impact of alternative mitigation options on network resilience. The
generalized framework is intended to be expandable across infrastructure network systems; however, in this paper a
methodology is developed to demonstrate how the framework can be applied to a road and highway transportation network

subject tothe multi-hazard earthquake and tsunami threat posed by the Cascadia Subduction Zone.

The remainder of this paperis organized as follows: Section 2 outlines the frameworkin a generalized manner and draws on
examples in the literature of how this can be applied across different infrastructure systems; Section 3 develops a methodology
demonstrating how the framework can beapplied to a road and highway transportation network; Section 4 presents results from
the previous sectionand shows how the framework can be used to evaluate mitigation options; Section 5 presents a discussion

of'this work and identifies limitations;and lastly, Section 6 summarizes the conclusions.
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General Framework

Figure 1 shows the general framework developed to assess the regional and localresilience of infrastructure networks and is
broken up into three primary steps. The first step consists of organizing and collecting data. Using network and hazard data,
damages to the network components are then evaluated in step 2. The damages result in changes to network component
functionality, which then determine how the network performs as a systemin step 3. Regional and localresilience metrics are

defined and tracked here, fromwhich the multi-scale resilience canbe evaluated.
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Fig. 1. Framework for assessingthe regional and localresilience of infrastructure networks.

The first step, data collection, consists of gathering (1a) resilience planning guides and policy, (1b) network data, (1¢) service
information, and (1d) hazard data. Resilience planning guides and policies inform the overall analysis and can aide in
identifying hazards present within a geographic region, metrics that can be tracked, or services that infrastructure networks

provide (SPUR, 2009; OSSPAC, 2013; NIST, 2016; New York City Emergency Management, 2019).

Identifying thenetwork (step 1b) consists of specifying an infrastructure network to consider and delimitating local and regional
network boundaries. The latter is necessary to consider the problem under a multi-scale lens. For example, transportation

networks may have regional boundaries connecting state to state (Omer et al., 2013), or local boundaries conceming



77
78
79

80
81
82
&3
84
85

86
&7
88
&9
90

91
92
93
94
95
96
97
o8

99
100
101
102
103
104
105

Author’s copy ofpaperpublished in the Journal of Infrastructure Systems, June 24, 2022

accessibility within cities (Dong ef al., 2016; Dong et al., 2020). Further, different spatial boundaries impact ownership of
infrastructure components. Forexample, a state may be responsible for bridges along a highway, whereas cities are res ponsible

for bridges within city boundaries.

Here, the termservice refers to theservicethat the infrastructure network was originally intended to do (step 1c¢). Infrastructure
networks can performmultiple services. For example, a transportation network can be used tomove people fromtheir place of
residenceto places that provide health assistance (Zhang et al, 2018). Similarly, the same trans portation network may be used
to provide accessibility from places of residence to places of work (Omer et al., 2011). As such, identifying the service of a
network also consists of identifying origins and destinations that relate to this service. The service origin and destination are

dependenton the network and vice versa.

The hazard (step 1d) consist of defining an event that inhibits the network from performing it’s intended service (Ouyang,
2014; Faturechi and Miller-Hooks, 2015; Sun ef al., 2018). Hazards can be either natural, such as earthquakes (Chang and
Nolima, 2001; Shiraki et al., 2007; Guo et al., 2017, Ishibashi et al, 2021) and hurricanes (Horner and Widener, 2011; Zou
and Chen, 2020); or anthropogenic, such as intentional attacks (Wuetal., 2007). In the context of natural hazards, these hazards

can often consistof multiple hazards which, ifapplicable, add an extra-dimension to the problem(Kappes et al.,2012).

Step 2 of the framework, network component modeling and analysis, is the result ofthe hazard impacting thenetwork. In the
context of natural hazards, the hazard and network components are often combined via the use of fragility models (FEMA,
2013; Cavalieri et al., 2014; Kakder and Argyroudis, 2014; FEMA, 2015; Gidaris et al., 2017). The use of fragility models
results in the probability ofnetwork components being in or exceeding a damage state (step 2a). The damage states subsequently
inform changes to the network component functionality and performance (step 2b). The component functionality influences
the componentperformance. In the case of transportation networks, performance may correspond to an increasein travel time
along roads and bridges (Shirakiet al., 2007), whereas in power networks may correspondto component failure (Ouyang and

Duefias-Osorio, 2014; Johnson et al., 2020).

The entire network is then considered as a systemin step 3. The performance ofanetwork as a systemdepends upon both the
individual component performance and network topology (Zhang et al., 2015). This system performance can further be
evaluated at multiple scales, hence both the regional and localnetwork performancesteps 3a and 3b. The arrow between these
stepsidentifies interdependencies between the two. Based on the network and service that are being considered, there may be
eithera one-way dependence, e.g., thelocalnetwork depends on the regional network, or there may be a two-way dependence,
e.g., the local and regional networks depend upon each other. Regional and local metrics are identified (steps 3¢ and 3d) to

evaluate the performance ofthe networkunder multiple scales. The service origin and destination aid in identifying the local
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and regional metrics (Logan and Guikema, 2020). Last, the regional and local metrics are used to inform the multi-scale

resilience ofthe network (step 3e).

Methods applied to a Transportation Network

A methodology was developed to demonstrate how the generalized framework can be applied to a road and highway
transportation network under disruption from earthquake and tsunami hazards. This section follows steps 1 and 2 of the

framework shown in Figure 1.

Hazard, Network, and Service ldentification

The North American Pacific Northwest is subject to the rupture ofthe Cascadia Subduction Zone (CSZ), which can result in
both strong earthquake ground shaking and tsunami inundation. The last full rupture of the CSZ occurred in 1700 and i
estimated to have had a moment magnitude between 8.7 and 9.2. Further, some studies have estimateda 7-11 percent probability
of a full-margin rupture to occur between 2010-2060 (Goldfinger et al., 2012). Local studies to characterize the hazard
associated with the CSZ have resulted in probabilistic hazard maps (Gonzalez ef al., 2009; Park et al., 2017); whereas at the
regional scale, the hazard has been characterized based on moment-magnitude. In this work, scenario-based hazard maps
associated with the M9.0 earthquake and corresponding large, or “L”, tsunami were used (Madin et al., 2013; Priest et al., 2013)
because this formed the basis of the Oregon Resilience Plan (OSSPAC, 2013). In the future, a probabilistic rather than a
scenario-based approach could be considered as suggested by one ofthe reviewers. While a probabilistic seismic and tsunami
hazard analysis (PSTHA) exists fora single community at Seaside, OR (Park et a/.,2017) and has beenused forseveral risk-
based damage studies (e.g., Park et al., 2019; Sanderson et al., 2021), there currently exist no PSTHA for the entire Pacific

Northwest.

The regional highway transportation network considered is shown in Figure 2 and stretches fromthe California to Washington
state borders in the north-south direction and from the Pacific coast to Interstate 5 in the east-west direction. The entire
transportation network consists of 2,644 km of roads. Highways were prioritized according to a tiered approach with Tier 1
being a backbone that allows access to most major population centers, and Tier 3 providing access to all coastal communities
(OSSPAC, 2013). The tiered structure of the transportation network is shown in Figure 2 and was used in this work when

prioritizing restoration of highway components.
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Fig.2.Regional highway transportation network showing location of coastal communities, maintenance facilities, airpotts, and

highway tiers.

It was assumed that the role of the transportation network is to provide post-disaster aid to communities, and the location of
airports are used as a proxy forsupply sources. Thus, in relation to the framework in Figure 1, airports were identified as the
service origins, whereas coastal communities were identified as the service destinations. A total of29 airports were considered

and grouped into three tiers as shown in Figure 2. If an airport was located outside ofthe transportation network, the nearest
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node on the network is used as a representative point. It should be highlighted that other services suchas fuel, food, health, or

accesstolarge metropolitan areas could be identified, although these are notconsidered in the illustrative example shown here.

Furthermore, locations oftransportation maintenance facilities are shown in Figure 2. Each coastaltown is located within the
jurisdiction of a single facility, and it was assumed that the reconstruction of local roads are dependent on the communities’

accessibility to theirrespective maintenance facility. The maintenance facilities are labeled 4, B, C, and D.

Within the regional network, 18 coastal communities were considered and are shown as pink dots in Figure 2 and summarized
in Table 1. The 18 coastal communities were grouped into north, central, and south coast. The north coast communities are
closerto metropolitan areas whereas the south coast is considered more rural. Localnetwork boundaries were delimited by the
urban growth boundary of each community, and some coastal towns that are near to others, such as Astoria-Warrenton and
Gearhart-Seaside, were considered as one community for simplicity. The communities range in population from 954 people
(Port Orford) to 25,881 people (North Bend-Coos Bay) (US Census Bureau, 2019). On average, the population of all 18
communities is 6,234 people and there are 90.5 kmofroads within each community. Information in Table 1, suchas population
and median income is supplied to provide a sense ofthe size of each community but is not used further in this study. Figure 3
shows thelocalnetworks forthree ofthe coastal communities: Cannon Beach, Newport, and Port Orford. The extent of'tsunami

inundation and the location ofbridges and airports are shown.

2]
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I
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154  Fig. 3. Example ofthree localnetworks for(a) Cannon Beach, (b) Newport, and (c) Port Orford.

155  Table 1:Sociodemographic and transportation network summary for each coastal community and entire coast.

Community Population %ﬁﬂfzﬂ Number Number of  Length Roads Mgistiegrrlla?rclice

Income ofnodes edges (km.) Facility
Astoria-Warrenton 15,385 $52,195 1,290 1,558 208.6 A
Gearhart-Seaside 8,382 $51,729 710 885 103.0 A
Cannon Beach 1,491 $50,846 323 392 38.1 A
Manzanita-Nehalem-Wheeler 1,105 $49,922 449 555 62.3 A
Rockaway Beach 1,166 $45,781 448 545 52.5 A
Garibaldi-Bay City 2,472 $53,064 354 412 43.0 A
Tillamook 5,231 $41,109 330 474 48.1 A
Lincoln City 8,826 $39,344 950 1,179 140.3 B
Depoe Bay 1,805 $57,143 195 222 22.4 B
Newport 10,559 $49,039 959 1,186 135.8 B
Toledo 3,579 $60,455 320 370 46.8 B
Waldport 2,055 $47,971 211 250 29.1 B
Florence 8,921 $42,356 905 1,119 137.3 C
North Bend-Coos Bay 25,881 $50,905 1,653 2,107 240.9 D
Bandon 3,100 $32,226 456 540 61.8 D
Port Orford 954 $27,500 281 337 57.1 D
Gold Beach 22,418 $42,625 284 321 49.2 D
Brookings 6,431 $62,384 856 985 152.6 D
Full Network 112,203 - 16,370 19,111 2643.7 -

156

157  Probabilistic Network Component Analyses

158  Road and Bridge Damage Analysis

159  Using the hazard layers and transportation network, a probabilistic damage analysis was performed for both bridges and roads.

160  Bumns et al. (2021) conducted a multi-hazard damage analysis for bridges onthe transportation network using, among others,
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HAZUS fragility curves. The HAZUS fragility curves forbridges include 28 bridge classifications which, for brevity, are not
presented here. Burns et al. (2021) concluded thatthe HAZUS landslide and liquefaction fragility curves tend to overestinate
bridge damage. Therefore, only ground shaking fromthe earthquake and tsunami inundation were considered here. The

resulting damage state probabilities were used in this study.

The road damage analysis was conducted using HAZUS roadway fragility curves (FEM A, 2013; FEM A, 2015). Earthquake
intensity measure was permanent ground deformation, whereas inundation depth was used for the tsunami. For consistency
with the bridge damageanalysis of Burns e a/. (2021), landslides, lateral spreading, or liquefaction was not considered for the

road damage analysis.

The bridge damage state probabilities from Bumns et al. (2021) were directly sampled in a Monte-Carlo simulation, whereas
damage to the road segments were simulated according to the approach outlined in Baker (2008) and used by Kameshwar et
al.(2019) and Sandersonet al. (2021) to estimate damageto the transportation network in Seaside, OR. That is, the probability

that the damagestate, DS, ofeach road segment exceeds damagestatei was computed as:

P(DS =ds;|D) = P(C; < D) M

where D is the demand at the road segment, and C; is the damage capacity associated with damage state ds.. The danage

capacity ofeachroad segmentwas simulated as a lognormalrandomvariable, LN (), computed as:

Ci~LN(8;,8;) @

where 6; and f3; are the median and dispersion parameters associated with the damage capacity of damage state ds;. The
parameterizing medians and dispersion values are shown in Tables 2 and 3 for earthquake peak ground deformation (PGD) and
tsunami inundation depth, respectively. Although correlation across road segments was not considered here, this could be

accounted forby simulating a multivariate lognormal distribution (Yang et a!., 2009).

Table 2: Road fragility parameterization fromPeak Ground Deformation (PGD).

MajorRoad Urban Road
Damage Median PGD (6) Dispersion () Median PGD (6) Dispersion ()
State [m] [m] [m] [m]
Slight 0.30 0.0178 0.15 0.0178
Moderate 0.61 0.0178 0.30 0.0178
Extensive 1.52 0.0178 0.61 0.0178
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Complete

1.52

0.0178

0.61

0.0178

Table 3: Road fragility parameterization fromtsunami inundation depth. The median, 8, and dispersion, f3,are dependenton

the flow speed, u.

Low Flow (u <1 nv/s)

Moderate Flow (1< u <5 m/s)

High flow (u > 5 m/s)

Median Median Median
inundation inundation inundation
Damage depth (8) Dispersion () depth (8) Dispersion () depth (8) Dispersion ()
State [m] [m] [m] [m] [m] [m]
Slight 0.67 0.12 0.48 0.15 0.42 0.15
Moderate 1.28 0.12 0.91 0.15 0.80 0.15
Extensive  2.07 0.12 1.48 0.15 1.30 0.15
Complete 3.35 0.12 2.39 0.15 2.10 0.15

A total of 1,000 iterations were performed resulting in discrete damage states for each road and bridge and for both hazards.

The multi-hazard damage state was then computed using the Boolean logic rules outlined in the HAZUS tsunami methodology

manual:

DSggrsu = max(DSgo,DSrg,)

DSgorsu = Extensive,if: {DSgy = moderate and DSrg, = moderate}

DSgoreu = Complete, if: {DSg, = extensive and DSrg, = extensive}

(€)

Q)

®)

Where DS, and DSy, are the discrete earthquake and tsunami damage states associated with each Monte-Carlo iteration. For

bridges thatlie on aroad segment, thebridge damage stateis assumed rather than the underlyingroad damage state. If multiple

bridges were located ona single road segment, the maximum damage stateofthe bridges was used.

Restoration and Functionality

The restoration and functionality ofroads and bridges were computed using HA ZUS restoration curves, which are represented

as a normal cumulative distribution function (CDF) and parameterized via a mean and standard deviation. Functionality is

10
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defined as the percentage of the component that is expected to be open or operational (FEM A, 2013). Restoration curves

indicate the functionality ofroad segments and bridges as a function oftime and were computed as:

t— g,
f(t)=<1>< fe ) ©)

dasj

where f(¢) is the functionality ofthe road orbridge, 7is time in days afterthe event, 4, and g4, are the mean and standard
deviation associated with damage state ds;, and ®@(-) denotes the standard normal CDF. The road and bridge restoration curves
are shown in Figure 4. The means and standard deviations are shown in Table 4 and vary depending on the infrastructure type
(road or bridge), the type of hazard (earthquake ground motion or tsunami inundation), and the degree of damage (slight,

moderate, extensive, or complete).

©

© 12
°

9]

c EQ s
T slight

'E' ' Moderate —
[} / i —
e £ Extensive

=

4] Complete === ==**
o

Percent Functional

1 10 100 1000
Time (days)

Fig. 4. Restoration curves for earthquake ground shaking (EQ) and tsunami inundation (TS) associated with (a) roads and (b)

bridges.

Table 4: Road and bridgerestoration curve parameterization.

Road Bridge

11
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Damage Earthquake Farthquake Tsunami Tsunami Earthquake Farthquake Tsunami  Tsunami

State Mean Std Dev. Mean Std. Dev. Mean Std. Dev. Mean Std. Dev.
[days] [days] [days] [days] [days] [days] [days] [days]
Slight 0.9 0.05 1 0.05 0.6 0.6 1 0.5
Moderate 2.2 1.8 3 1.5 2.5 2.7 4 2
Extensive 21 16 20 10 75 42 30 15
Complete 21 15 30 15 230 110 120 60

To account for limitations in resources, the restoration curves were modified at both the regional and local scales. At the
regional scale, restoration was prioritized according to the tiers shown in Figure 2. Each subsequent tier began restoration
following all roads and bridges in the prior tier reaching a randomly sampled functionality level. Here, the necessary
functionality level to begin restoration of the following tier followed a normal distribution with mean 0.5 and a standard
deviation of 0.1. For example, if this value was sampled as 0.6, all Tier 1-Phase 1 roads and bridges must have reached 06
functionality following the restoration curves of Figure 4 before any Tier 1-Phase 2 road segments began restoration. The
assumptionis thatnotallroads and bridges will begin being repaired immediately due to limitations in resources. Notethatin
this work, the mean of 0.5 and standard deviation of 0.1 were assumed; however, these values could be refined in future work
based on regional preparation levels. That is, if a region has a good preparation level, then the parameterizing mean could be
lower, thus indicating that subsequent tiers initiate their restoration process sooner. The resulting average regional functionality

acrossall 1,000 iterations at days 1, 60, 90, and 720 are shown in Figure 5.

12
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Fig. 5. Restoration ofregional road network. Average functionality, fz, of the regionalroads and bridges is shown at (a) Day

1, (b) Day 60, (c) Day 90, and (d) Day 720. fr =0 is nonfunctional, fr = 1 is fully functional.

Atthelocalscale, the functionality ofroads and bridges were modified based on accessibility to the maintenance facilities. It
was assumed that communities rely on supplies from the maintenance facilities to repair their roads and that communities
located further fromtheirrespective maintenance facility will take longer to receive these supplies. The standard functionality

was thus modified forlocalroads as:
f®=f®)-8" ™
where fwas taken fromequation (6) and § was computed as:

Teom,
S = T"—" 8)
(0,d),t

where T, 4) , represents the travel time along the shortest path between origin o and destination d at time ¢. Here, the origin

was taken as the maintenance facility and the destination as the community ofinterest. The reference time in the numerator is

0, thus indicating pre-disturbance travel times. As the regional network recovers, the post-disturbance travel time in the

13
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denominator approaches the pre-disturbance travel time and § approaches 1. Values of §, thus, range between 0 and 1. The

constant k in equation (7) was defined as:

0.5; Toa)0 < 1hr
k=< 1; 1hr < T(o,d),O < 2hrs (9)
2; To.a)0 = 2hrs

With this formulation, theassumption behind £ is thatmore trips can be made between communities closer to their maintenance
facility than those located further. The values of £ were assumed; however, these could be refined in future work based on
models that are dependenton resources available at the origin and destination. For example, if resources forrepair are limited
and prioritized by community, k can be a time dependent function thatapproaches 0 as resources are allocated frommaintenance
facilities to each community. Thus, when k = 0, § = 1, and the local functionality is taken directly from equation (6). The
term 6% introduces a one-way dependence of the local network restoration on the regional network restoration. The average

local functionality at Newportacross all 1,000 iterations at days 1, 60, 90, and 720 are shown in Figure 6.

1.0

fi

Map tiles by Stamen Design, under CC BY 3.0. Data by OpenStreetMap, under ODbL

Fig. 6. Restoration of local road network for Newport. The average functionality of local roads and bridges at (a) Day 1, (b)

Day 60, (c) Day 90, and (d) Day 720. f. = 0 is nonfunctional, f = 1 is fully functional.

14
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Functionality-Based Travel Time Surface

The local and regional functionality ofroads and bridges were thenrelated to increased travel times along these segments. A
commonly used relationship between travel times, traffic capacities, and traffic volumes is the Bureau of Public Roads (BPR)

curve (Martin and McGuckin, 1998), computed as:

=T <1 P (:—)ﬁ> (10)

N

TI

where T’ ¢ and T, ; are the currentand original travel times along segments, a and f8 are constants typically takenas 0.15 and

4, respectively, undernormal flow conditions, and v, and c, are traffic volume and capacity, respectively, along segments.

It was assumed that immediately after the rupture ofthe CSZ, the traffic volume on the regional road network will initially be
limited and gradually return to pre-disturbance conditions. The traffic volume, v, was modified by a traffic volume multiplier,
¢(t), which was defined as a normal CDF with a mean of 30 days and a standard deviation of 14 days. The traffic volume
multiplier is similar to the restoration curves of Figure 4, in that a normal CDF is used to define a unitless curve thatis a
function time following the disaster. The traffic volume multiplier is simply used to reduce the traffic volume along road
segment s. The parameterizing mean and standard deviation were assumed for this work and can be refined in future work
based on output from post-disaster traffic forecasting models. The BPR curve in equation (10) was thus modified to account

for reductions in traffic volume and regionalroad and bridge functionality, fz, as:

T, =T, G ta (}‘f '_ZS )ﬂ> an
R R S

PV
C

N

A normalized version ofequation (11)is shown in Figure 7 as a function of — and f%. Each contour corresponds to values of

T'. /T, Along the top axis, where fr = 1, the standard BPR curve of equation (10) is obtained. Along the leftmost axis
where v-¢@ =0, i.e, there is no traffic volume, the travel time is increased by T, ;/f. For example, a road or bridge that is
50% functionalresults in double thetravel time. This formulation accounts fora reduction in both traffic volume and road and
bridge capacity. Alternative formulations to compute post-disaster traffic volumes and travel times exist suchas gravity models
and user-equilibriumtraffic assignment(Shirakiet al., 2007; Guo et al., 2017); however, these were not implemented hereas
they require origin-destination trip assignments. The travel time surface was employed where traffic volume data is available,

i.e., onthe regionalnetwork. On the localnetworks, the travel time along a road segmentwas increasedby T, ; = T, /.-
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Fig. 7. Traveltime surface usedto relate traffic volume, traffic capacity, and functionality ofroads and bridges. Each contour

corresponds tovalues of T’ o /T', ..

Results of Application to a Transportation Network

Whereas the previous section followed steps 1 and 2 ofthe generalized framework shown in Figure 1, this section follows step
3. Thatis, the networkis considered as a system, and both regional and local metrics are defined to evaluate the resilience of
the transportation network at multiple spatial scales. Further, it is demonstrated how this framework can be used as decision

support tool.

Regional Connectivity Index

The assumed role of the transportation network was to provide post-disaster aid to communities, and the location of airports
were used as a proxy forsupply sources. Airports take on the role of service origin and were grouped into 3 tiers as shownin
Figure 2. To define accessibility from these supply sources to the coastal communities, or service destinations, a regional
connectivity index, RCI, was created. The RC/is based on the concept oftravel time resilience (Omer, 2011), and was defined

as:

min T, 40

Tieri

RCI(t) = E W,-L
L min T, g ¢
jeTiers oeTierj

(12)
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where T, 4) ; is the travel time along the shortest path between origin o and destination d at time 7. At each time step ¢, the
transportation network was updated according to the methodology outlined in the previous section, and the shortest path
recomputed using this updated network. The python package NetworkX was used for computing the shortest path between
nodes (Hagberg et al., 2008). Airports were taken as the origins whereas the communities were taken as the destinations. The
time in the numeratoris ¢= 0, thus indicating pre-disturbance travel times. Each airport tier was represented by the variable
e.g.,j=1, 2, and 3. The variable w; is a weight that represents the importance of airport tiers, and the summation of weights
across alltiers is equalto one. The weights were included to prioritize airport tiers depending on interests and features such as
runway capacity and local logistics. By formulating the RCI as such, each community’s index was normalized by thetr
respective travel time under normal circumstances, e.g., pre-disturbance travel times. This metric thus helps identify which
communities were furthest displaced from their pre-disturbance conditions. By tracking the RCI across time and considering
the network recovery, each trajectory will re-approach 1, where the post-disturbance travel times are identical to the pre-

disturbance travel times.

Figure 8 shows the RCIfor Cannon Beach, Newport, and Port Orford forall 1,000 iterations and with equal weights across all
three airport tiers. These three communities are in the north, central, and south coast respectively. The solid blue line indicates
the average ofall iterations at each time step, whereas the shaded region shows plus/minus one standard deviation. Figure 8
showsthaton average, the RCIof Port Orford begins at approximately 0.18, thus indicating thatacross all airport tiers it takes
about 5times as long as the pre-dis turbance travel time to access the community. The recovery trajectory shows that on average,
the accessibility to Port Orford is fully re-established around 2.4 years after the CSZ. Conversely, the RCI of Cannon Beach
begins onaverage at approximately 0.5, indicating that across all tiers the travel time to these airports is about doubled. Figure
8 shows that on average Cannon Beach recovers approximately 1.75 years after the event. The low initial RC/ and slower
recovery time of Port Orford is due to its location within the larger regional network. The nearest Tier 1 and 3 airports are both

located along Interstate 5 with no direct route to Port Orford, e.g., the shortest path is fromeither the south through California

or north through Bandon.
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a [b] c
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Fig. 8. Regional Connectivity Index(RCI) for (a) Cannon Beach, (b) Newport, and (c) Port Orford. The grey lines correspond
to each iteration of the Monte-Carlo simulation, the thick blue line is the average curve, and the shaded region indicates the

plus/minus one standard deviationrange.

Perhaps counterintuitively, Figure 8 shows that some of the RCT trajectories see a slight reduction before monotonically
recovering. This occurs duringall iterations for Newport and a handful of iterations for Cannon Beach. This is due to the form
ofthe travel time surface and tradeoffs between road restoration and increased traffic volumes as a function oftime. Port Orford
does not see these reductions in RC/ as it is located along the south coast and the southern highways are prioritized later for

restoration, e.g., after the traffic volumes are restored to pre-disturbance conditions.

Uncertainty in the RC/trajectories of Figure 8 stem frombothuncertainty in the initial road/bridge damage states and the tiered
restoration process ofthe regional network. Further, correlations across road segment damage states was not considered here

which contributes to the overall uncertainty when considering the network as a whole.

Local Connectivity Index

At the local scale, a local connectivity index, LCI, was introduced to measure the overall local network resilience. Similarly

based onthe concept oftravel time resilience, the LC/was defined as:

LI = (ZZ T<o,d>,o) / (ZZT@.@.t) (13)

OES d€ES 0ES d€ES

where T, 4) ; is the travel time along the shortest path between origin o and destination d at time . Nodes o and d are taken
from a subsample of nodes, S, of the entire local network. The nodes that comprise .S were randomly sampled during each
iteration fromthe local network. A reduction factor was introduced that scales down the number of nodes within each local
network, here taken as 32. So, forexample, if a localnetwork had 1,280 nodes, a reduction factor of 32 resulted in the subsanple
being comprised of40 nodes. The shortest path between all possible combinations of these 40 nodes was computed. This
reduced the number of origin-destination pairs from 818,560 to 780. Sensitivity testing, although not shown here, indicated
that across alliterations theuse ofthereduction factor of 32 provided an accurate estimate ofthe mean LCI while significantly

reducing computational costs. Use ofthe reduction factor did, however, result in increased uncertainty.

The results of this LCI formulation for Cannon Beach, Newport, and Port Orford are shown in Figure 9. The dash-dot line
indicates the mean LC/ifdamage to the regional network is not considered. For these three communities, the LC/ starts near 0

and recovers at different rates. The low initial LC/ is driven by the network damage sustained by coastal communities as these
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are closerto the CSZ and hazard intensity measures are larger. The results for Newportshow similar reductions in LC/ as that
ofthe RCIfromFigure 8. This is due to the one-way dependence ofthe local network on the regional network and accessibility

to maintenance facilities. Similarly, Port Orford has a slow time to recover duethe one-way dependence.

1.0 1.0 1.0 .
/
0.8 0.8 0.8 11
I
__ 06 06 _ 06 7
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0.2 0.2 0.2 4
Cannon Beach Newport Port Orford
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Time (Years)

Fig. 9. Local Connectivity Index(LCI) for (a) Cannon Beach, (b) Newport, and (c) Port Orford. The grey lines correspond to
each iteration ofthe Monte-Carlo simulation, the thickred line is the average, and the shaded region indicates the plus/minus

one standard deviationrange. The dash-dot black line indicates the mean LCI when the regional network is not considered.

Similar to Figure 8, uncertainty in the LC/ trajectories of Figure 9 are dueto theinitial road/bridge damage states, no correlation
across damage states, and the tiered restoration process of the regional network. Another source of uncertainty in the LCI s

that a subsample of origin-destinationnodes are employed, rather thanthe entire network.

Considering both regional and local resilience

Having established boththe RC/and LCI, the status of thenetwork at multiple scales was evaluated. Figure 10 shows themean
LCland RC/at each time step plotted against each other for sixof the eighteen communities. Theresults for the mean LCland
RCTfor the three communities discussed in detail previously, Cannon Beach, Newport, Port Orford, are shownin 10a-c. Three
more communities, Rockaway Beach, Lincoln City, and Toledo are shown in 10d-fto demonstrate differences in recovery
trajectories. Boththe RC/and LCIrange between 0 and 1. Each marker corresponds to days 1, 30, 60, 180, 360, and 720. Four
quadrants are identified in Figure 10. A trajectory thatpasses throughthelowerright quadrant indicates that thelocal recovery
outpaces the regional recovery and thus a community may havereestablished their local network but remains isolated fromthe
rest of the region. Conversely, a trajectory that passes through the upper left quadrant conveys the opposite. That is, the
community is accessible fromthe rest of the region, but the local network has not been reestablished to the same level of

functionality.
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Fig.10.RClIvs. LCI recovery trajectories for (a) Cannon Beach, (b) Newport, (¢) Port Orford, (d) Rockaway Beach, (¢) Lincoln

City, and (f) Toledo.

Of the communities shown in Figure 10, Port Orford (10c) has a regional recovery that initially outpaces the local recovery,
thus indicating that aid from the airports may be able to reach the community, however the localnetwork is still not repaired
to the same level of functionality. Conversely, Toledo shown in panel 10f, exhibits the opposite trend. Thatis, thelocal recovery
outpaces theregional recovery, indicating that the local network is recovering quicker; however, the community has poor access

to the airports throughout the region.

Both Cannon Beach (10a) and Newport (10b) show a robustinitial RC/ compared to the LCI. For both communities, the regional
recovery is initially slow while the localnetwork is being repaired. The dips in the RC/and LCI thatwere previously identified
for Newport are shown in Newport’s trajectory, as both the RC/and LC/I decrease around day 30 before beginning a monotonic

recovery.

Rockaway Beach (10d) and Lincoln City (10e) show recovery trajectories thatare bothnearto a 45-degree line, indicating that
the regional and local connectivity indices are on pace with each other. While these trajectories appear nearly identical, the
temporal component to theseplots should be considered. Whereas Lincoln City is approachinga fullrecovery around day 180,

Rockway Beach is only halfway recovered.

20



360
361
362
363
364

365
366
367
368
369
370
371
372

Author’s copy ofpaperpublished in the Journal of Infrastructure Systems, June 24, 2022

The recovery trajectories ofthesixcommunities shown in Figure 10 emphasize how communities recover not in isolation from
the rest ofthe region, butin concert with the regional network. Aside fromToledo (10f), the localrecovery ofthe communities
shown in Figure 10 are highly dependent on the recovery ofthe regional network. That is, theregional recovery either outpaces
oris in line with the localrecovery. This further emphasizes the need for local networks to be considered in a larger network

following regional disasters.

The RCI and LCI can further be used to determine the time until a community returns to some index threshold at both the
regionaland local scales. Figure 11 shows, forall 18 communities, the time until: (a) the RCIexceeds 0.75, (b) the LCI exceeds
0.75, and (c) both the RC/and LCI exceed 0.75. The selection of'the value of 0.75 is subjective and was selected as this
corresponds to travel times thatare 1.33 times longer than pre-disturbance conditions and are thus approaching “near-normafl”.
While not shown here, a sensitivity analysis indicates that regardless of whether 0.7, 0.75, 0.8, or 0.9 are chosen as an
exceedance threshold for the LCI/RCI, the relative comparisons across communities remain similar. The figure is oriented
such that each community is shown fromnorth (Astoria-Warrenton) to south (Brookings). Uncertainty is quantified via violin

plots, which are nonparametric distributions ofall 1,000 iterations. The mean time until exceedance is shown via the markers.
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374  Fig. 11.Time in years required forthe connectivity index to exceed 0.75 for the (a) RCIL, (b) LCI and (c) joint RCI and LCI.

375 Dots indicatethe mean time to exceed 0.75.

376  Consideringthe time untilthe RC/exceeds 0.75in Figure 11a, notable trends between the location ofa community within the

377  regionalnetwork and the time to recover can be obtained. The faster recovering communities are either (1) locatedalonga Tier
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I-phase 2road, e.g., Astoria-Warrenton, Tillamook, Lincoln City, Florence, and North Bend-Coos Bay, or (2) the connecting
roads to the rest of the region are not located along the coast, e.g., Bandon and Brookings. A handful of these communities
share both features. For example, Astoria-Warrenton is located at the tail of a Tier 1-phase 2 road that does not run directly
along the coast and, subsequently, results in the fastest regional recovery. It is interesting to note that although a community
may be located on a Tier 1-phase 2 road, this does notnecessarily guarantee a fast recovery, e.g., Newport. This is due to the

connectingroads beinglocated alongthe coastand thus subject to larger hazard intensity measures.

Figure 11c shows that Astoria-Warrenton has the quickest average joint time to recover followed by Florence, Brookings, and
Lincoln City. The fast recovery of Astoria-Warrenton is driven by the regional recovery, and at the local scale by the
maintenance facility located within the urban growth boundary. Because there is a maintenance facility located within the urban

growth boundary, thelocalrestoration follows the HAZUS restoration curves exactly.

Similar to Astoria-Warrenton, Florence is located at thetail ofa Tier 1-Phase 2 road and exhibits a fastrecovery. Compared to
the neighboring communities, Waldport and North Bend-Coos Bay, the recovery of Florence is significantly faster. This i
driven by a couple of factors. On one hand, Waldport is only accessible via Tier 3 and undefined roads, thus the regional
recovery is slow. This is apparent in Figure 11a, as the mean regionaltime to recover for Waldport is approximately 2 years
compared to less than a year for Florence. South of Florence, North Bend-Coos Bay is also situated on a Tier 1-Phase 2 road
and can be seento have a similar regional recovery time. However, thelocal recovery of North Bend-Coos Bay is nearly a year
longerthanthatofFlorence. This variation in local recovery between the two communities is dueto Florenceand North Bend-
Coos Bay being in different maintenance facility districts (Table 1 and Figure 2). In this case, Florence has better accessibility

to the assigned maintenance facility C, comparedto that of North Bend-Coos Bay which is assigned maintenance facility D.

The community of Brookings has a quick average recovery time because ofthe Tier 2 airport located within the urban growth
boundaries, and the community is not subject to liquefaction. Because of the latter, only the tsunami hazard impacts the

performance ofthe localroad network.

Each ofthe coastal communities canbe delimited as north-coast (Astoria-Warrenton to Tillamook), central-coast (Lincoln City
to Florence), and south-coast (North Bend-Coos Bay to Brookings). Considering these groupings, trends in time to recover can
beidentified. For example, amongstthe north-coastcommunities, Gearhart-Seaside to Tillamook have similar recovery times
whereas Astoria-Warrenton recovers nearly a year before. For the central-coast, both Lincoln City and Florence recover faster
than the other four communities. And for the south-coast, Brookings recovers faster. The fast recovery time of these four
communities within theirrespective north-, central-, south-coast distinctions could indicate that these communities be used as

coastal hubs for post-disaster restoration efforts.
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Decision Support

Two variations in how this framework can be used as a decision support tool are shown in Figure 12. Figure 12a shows how
the weighting parameter of equation (12) impacts the mean time to the restore the RCI to 0.75. The points corresponding to
‘All Tiers’ are the same as themean values fromFigure 11a in which all airport tiers were weighted equally. The points labeled
‘Any Tier’ correspond to the minimum time forthe RC/to exceed 0.75 considering each airport tier individually. Interestingly,
north coast communities see little to no variation when considering eachairport tier individually. Conversely, the central and
south coast communities dosee deviations, indicating that they may be accessible to certain airports but not to all. Tier 2 and
3 airports are located along the coast in some central and south coast communities. Thus, if these airports can accommodate

post-disaster needs, thesouth coastcommunities may recovery just as fast, ifnot faster, thanthe north coast communities.
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Fig. 12. Example of using framework as a decision support tool: (a) time for the RCI to exceed 0.75 considering different

airport tier weightings, and (b) time for the LCI to exceed 0.75 under both status quo conditions and with additional maintenance

facilities

Figure 12b shows theeffect thatadding additional maintenance facilities has onthetime to restore the LCIto 0.75. This further
highlights dependencies between theregional and local networks in that the maintenance facilities located throughoutthe region
have an impact on localnetworkrestoration. In additionto the four maintenance facilities shown in Figure 2, three additional
facilities were added to thenetwork in the communities of Wheeler, Toledo, and Port Orford. Figure 12b shows the mean time
untilthe LCIexceeds 0.75 for both the status quo conditions, e.g., the same points shownin Figure 11b, and with the addition
of three new maintenance facilities. The beneficial effect thata new maintenance facility in Port Orford has on the south coast
communities is apparentas these communities seea reduction in the time until the LCI exceeds 0.75. North coast communities,
Manzanita-Nehalem-W heeler, and Cannon Beach see improvements with the addition of a maintenance facility in Wheeler.
The remaining communities do not see as much ofan improvement either because they already have a short time to recover,

or their assigned maintenance facility is the same as the status quo conditions.

Discussion

The methodology that was developed canbe used toaid discussions in mitigation planningalong multiple fronts. First, due to
increases in travel time that may result from natural hazards, individuals residing in communities may face a sense of
“islanding” or isolation fromthe rest of the region or their local community. For example, if the travel time between two
communities begins to increase beyond expectations, e.g., whatused to be a one-hour trip now takes five-hours, individuals
may feel isolated fromthe rest of the region. Planning guides have alluded to this concept without explicitly defining what
constitutes an “island” (CH2M Hill, 2012; CREW, 2013; OSSPAC, 2013). The RCI/and LCIcould serve as means to quantify
this. Forexample, decision makers may identify that ifa community is below a threshold 0f0.2, e.g., a five-times increase in
traveltime relative to pre-disturbance conditions, then this establishes an island. Further, ratherthana connectivity index, an

islanding indexcould be formulated, e.g., oneminus the RCI or LCI, to define the severity ofislanding,

In addition, results fromthis methodology emphasize the necessity of considering post-disaster performance and restoration of
local networks within a larger regional setting. Use of restoration curves without consideration given to regional-level
restoration efforts may lead to underpredicting the time to recover. It was shown that by applying HA ZUS restoration curves
without regional considerations, the LCIwill approach 90% recovery within a couple of months. With regional considerations,
the framework presented here estimates a recovery times well beyond 1-year for most coastal communities. Future research

could aim to refine the post-disaster dependencies and interdependencies oflocal networks within larger regional settings.
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Some assumptions to implement the methodology weremade. First, no damageto airports were considered, and it was assumed
that temporary measures were employed to quickly resume operations. This has been observed for air traffic control towers in
prior earthquakes (e.g., Almuftiez al.,2014). Damage to airports could howeverbe considered in future work by using airport
fragility curves and restoration functions similar to those used for roads and bridges. Further, assumptions in the restoration
process were made. To account for limitations in resources at the regional scale, the restoration curves were modified by
assuming that the restoration of higher priority tiers needed to reach a randomly sampled functionality level. Alternative
approaches for quantifying the restoration ofinfrastructure systems exist and could be employed in future work (Costa et al,
2021; Wang and vande Lindt, 2021). Further, the traffic volumes on the road network were assumed to be zero immediately
after the event and slowly recover to pre-disturbance conditions. Alternative approaches to account for post-disaster traffic
volumes exist and couldalsobe incorporated (Dongetal., 2016; Guo et al., 2017). Minor as sumptions include both the location
of maintenance facilities and the grouping of nearby communities into one large community, e.g., Astoria-Warrenton and

Gearhart-Seaside.

Despite these assumptions, the framework can still aid stakeholders in mitigation planning. As the recovery of infrastructure
systems following disasters involve multiple actors that do not follow physical laws, there is large uncertainty and complexty
regarding both accurate and precise estimates of the time it takes to recover. As such, this framework is not intended to be
predictive in the sense that other models ofphysical processes may be. Rather, the framework is intended to be used to make
comparisons oflocal versus regional resilience ofa given community, e.g., community 4 is more regionally resilient than t is
locally resilient,and comparisons across communities, e.g., community 4 is more regionally/locally resilient than community

B.

In addition to addressing the limitations, future work could also include considering a larger transportation network that extends
both further east and intoneighboring states. A multi-state network may aid in a more concerted efforted to reduce the impacts
of large-scale events. Additionally, critical facilities such as fire stations and hospitals are employed in disaster research and,
while important, overlook what community members may value. Thus, this work has the potential to be expanded beyond an
engineering perspective toa larger interdisciplinary perspective. Similar to how previous work has considered equitable access
to various services via transportation networks (Logan and Guikema, 2020), interview dataof what community members value
could be transcribed to geospatial locations and employed within this methodology to determine how accessible these locations

are for members of a community.

Conclusions

This paper presented a multi-scale framework for simultaneously assessing the regional and local resilience of infrastructure

networks following disruptions from natural hazards. The framework is intended to be expandable across different types of
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infrastructurenetworks. A methodology was developed fromthe generalized framework to demonstrate how it can be applied
to a road and highway transportation network under disruption from a multi-hazard Cascadia Subduction Zone earthquake
ground shaking and tsunami inundation scenario. By usingairports as proxies forthe location of supply sources, the application
of this methodology provides insights into the resilience ofthe transportation network at multiple spatial scales. Considering
the problemunder a multi-scale lens results in bothregional and local metrics related to increases in travel times. The regional
metric ofa community, the RCI, considered accessibility fromthe community boundaries to airports, whereas the local metric,
the LCI, considered accessibility within the urban growth boundary of the community itself. Comparing the two metrics
together provides insights as to how a community fares immediately after an event and during the recovery process at both

spatialscales.

By developing a methodology for a transportation network from the generalized framework, several conclusions can be

obtained:

1. The post-disaster performance and recovery oflocalnetworks should be considered in the context ofa larger regional

network: The methodology incorporated a one-way dependence of the restoration of local networks on access to
resources within the regional network. By comparing the results in this paper to previous work in which regional
networks were not considered, the time to recover for a single community was shown to be four-times longer than
previously estimated. Further, the recovery oflocalnetworks was shown to vary across communities, indicating that
communities are sensitive to wherethey are situated within the regional network.

2. Attributes that lead to regional and localresilience differ: It was shown that regionally resilient communities are not

guaranteedto be locally resilient and vice-versa. Communities with a fast regionalrecovery had access to roads that
were both identified as higher priority forrestorationand located in areas that are subject to smaller hazard intensity
measures. Communities with a fast local recovery were shown to be highly dependent on access to maintenance
facilities. In addition, select communities were shown to have attributes that led to a faster recovery relative to
neighboring communities and could potentially serveas hubs forrestoration efforts.

3. Implementation of mitigation options should be strategically considered and do not guarantee an improvement in the

time it takes to recover: It was shown thatadding additional maintenance facilities impacted some communities while

others saw little to no improvements. In this work, communities that are more rural saw improvements in time to
recover when an additional maintenance facility was added in the region. Conversely, communities closer to

metropolitan areas saw minimal improvement.
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