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ABSTRACT

MODELING AND IMPROVING URBAN HUMAN MOBILITY IN DISASTER SCENARIOS

Naturalandhumanmade disasters, such as earthquake, tsunami, fire, and terrorist attadikruatn
the normal daily mobility patterns, posing severe risks to human livessuiting in tremendous economic
lossesRecent disaster events show thmestifficient consideration of human mobility behavior may lead to
erroneous, ineffective, and costly disaster mitigation and recovery decisiangi€al infrastructureand
then the same tragedies may reoccur when facing future disasters. The objdtilivaligbertation is to
develop advanced modeling and decigioaking methodologiet investigate the urban human mobility
in disaster scenarios. It is expected tha proposedmethodologiesin this dissertation willhelp
stakeholders and researchegain a better understanding of emergency human behavior, evaluate the
performance of disrupted infrastructure, addvise effective safety management and resilience
enhamement strategiefocusing on the two important mobility modes (i.e., walking and driving) in urban
environment, this dissertation (1) deved@mentbased crowd simulation models to evaluate difwavd
dynamicsin complexsubwaystationenvironment and investigate the interptagong emotion contagion,
information diffusion, decisioimaking process, andgress behavior under toxic gas incident(2)
developsfunctionality modeling interdependency characterizati@nd decisionmodels ¢ assess and

enhance the resilience wansportation networksubject to hazards.
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CHAPTER 1INTRODUCTION

1.1 Background

Humans are bound to move on a daily basis to perform different social astiwitiech largely shape
the development of the human societies. Thus, the human molefdyimg to the movement of human
beings in space and time here, has an enormous ilmpace welfare of modern societi@arbosa et al.
2018) Moreover, natural dnumanmade disasts, such as earthquake, tsunami, fire, and terrorist attack,
can disrupt the normal daily mobility patterns, posing severe risks tonhlives and resulting in
tremendous economic losses. Although governments and communities havegeopasety of diaster
response and evacuation plans, it was found that insufficientlesaon of human mobility behavior may
render such plans ineffective in practiddang and Taylor 2016as demonstratl by the huge casualties
and economic losses in recent disaster events (e.g., Superstorm Sandy in 20t&ieadeHHarvey in
2017) Meanwhile, failing to capture the human mobility patterns corregtiy also lead terroneous,
ineffective, and costly disaster mitigation and recovery decisions ifmrattinfrastructure, and then the
same tragedies may reoccur when facing future disd€tbig et al. 2011; Marshall 2018; Nie et al. 2004;
Zou and Chen 2019Therefore, it is of great importance to correctly account for the hunmability in
disaster planning to save lives, assess the safety and performance of dlisfupséructure, and devise
corresponding costffective disaster reduction strategies.

In the urban environment, walking and driving are two of the mostrammmobility mode$or humans
In terms of walking, there are many important facilities with high pededteéic in cities, such as airports,

subway stations, stadiums, and hiige office buildings. While these facilities provide indispensable and



critical services for the public, hazardous incidents occurring in slates and factors regarding
complexity of spatial layout and heavily overcrowded population can cause a laygieuaheof fatalities
and injuries in emergency situatioftdelbing et al. 2005; Zhang et al. 2016). For example, the crowd
disaster at Love Parade in Duisburg, Germany in 2010 killed 21 people and injuretiandg@dHelbing
and Mukerji 2012)The stampede in 2015 during the annual Hajj pilgrimage in Mina, Mecca, Sabih Ar
took the lives of at least 2,431 pilgriridanoochehry and Rasouli 201%).the United States, a structure
fire was reported every 63 s and the fires caused 15,400 civiliaalties in 201§National Fire Protection
Association 2019). It should be noted that in many of these tragediege @taportion of casualties were
not caused by the hazardous sources directly (e.g., fire and toxibgfaisistead attributed to the crowd
behavior iself (Helbing et al. 2005). Chaos is the norm in most emergency evacuatianigseevacuees
can be panicked due to perception of threat and social contagieess Fecognized that the panic affects
the evacuees’ behavior and judgement and then prompts them to act selfishjyopitdity, i.e., pursuing
their own safety hastily and neglecting the surroundings, which can lead todiasalqoences such as
trampling and crowd crush (Abdelghany et al. 2014; Helbing et al. 2000). Gi¥&ontinuing occurrence
of both natural and mamade disasters in cities, the study of evacuation behavior in emergency scenarios
is of particular interest since it plays a key role in proposing effectivespréah flow regulation schemes
to ensure human safeflyiu et al. 2015; Manley et al. 2016; Shi et al. 2012).

As fordriving, in the U.S., the automobile is the predominant transportation mode. About 86Hy of
commuting in 2013 is by private vehicle (Mckenzie 2025)d overthe-road truckingthe mostused mode
of freight transport, moved $66.5 billion of freight in 2018, accounting for 62.9% of toiglhtnealue

(Bureau of Tansportation Statistics 2018}¥iven the fundamental role of roadway driving in shaping the
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modern societies, this dissertation focuses on the roadway traffihamqmbtformance of its underlying
infrastructure (e.g., highway and urban roadway systemsfact, the U.S. Department of Homeland
Security recognized the transportation infrastructure as one of sixteéeal anfrastructure systems (CISs)

in that they all provide essential services which support safety, etnmosperity, and social
sugainability (Rinaldi et al. 2001; Zhang and Wang 2018ywever, these sy®hs, including the roadway
network, are often subject to natural dneinanmade hazards, which can cause severe and widespread
disruptions and consequences. Recent years havehsegnlnerability of our transportation system to
extreme eventsuch adHurricane Katrina in New Orleans in 2008, Superstorm Sandy in the Northeastern
United States in 2012, and Hurricanes Harvey and Maria in @@4arkolf et al. 2019).

Since it is not always possible to solely rely on mitigation strategiesvemror defer these undesirable
events, such as increasing the system redundancy and reliability, rdeatibra has been shifted to
enhancing theesilienceof CISs(Hosseini et al. 2016)The resilience of the CIS is about the ability to
withstand or adapt to external perturbations and to recover from disrupffentively and efficiently;
therefore not only preventative strategies in the preparedness stafg®bastoration strategies in response
and recovery stages should be considered to maintain certain levels ahpederof CISs under hazards
(Fotouhi et al. 2017; Hosseini et al. 2016; Zhang and Wang 2016). Among theséhelBsrformance of
roadway network is important in supporting emergency humanitarian aithwtisth of essential supplies,
and postisaster restoration of other critical facilities via providing criti@ecessibility(Alipour and
Shafei 2016; Zhang afang 2016)Moreover, the roadway network and many other CISs are not isolated
but highly interconnected. For example, the normal functioning of traffic sighaspendent on the

electricity supply of the electric power network. It was recogphithat such interdependencies should be
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taken into consideration in designing a more resilient community (Heteckt al. 2017)

In light of the significant impacts of these two mobility modeshe weltbeing of thenodern societies,
this dissertation aims at modeling and assessing these two mobiligsimodisaster scenarios in order to
gain a better understanding of emergency human behavior, evaluaterfilengece of disrupted
infrastructure, and help develodagftive safety management and resilience enhancement straldgies.
specific problems tackled focus on the crowd dynamics in hazardous scemratlidke resilience of
transportation networks (TNs) against natural hazards.

1.2 Literature review

This section rdews the past research pertaining to the crowd dynamics in hazardousoscendr
the resilience of TNs against natural hazards
1.2.1Crowd simulation models

Many numerical models have been developed to simulate pedestrian dynamécerih years.
Generallyspeaking, these models can be classified into macroscopic andeojgicomodels. Macroscopic
models, e.g., fluid dynamic model (Helbing 1992; Henderson 1971; Hughes g@@2the system as a
whole and the evacuees as homogenous population, behaving like fluid or gasdiffaréatial equations
are used to describe the crowd dynamics. These models can capture the feaheeshofd system
reasonably buteglect individual behaviors and are therefore limited to fairtyple geometries. Besides,
it is also difficult to set boundary conditions for the psychaalgitate of the crow(.iu et al. 2017, 2015)

Microscopic models which are based individual characteristics have broader applications. The
popular microscopic models in crowd simulation mainly rely on the dugpesded modeling (ABM)

technique, in which the system is represented as “a collection of autonat@oisioamaking entities
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called agents”, and each agent can assess its situation and make decisions, athdasspoon preset

rules(Bonabeau 2002). The rules in ABM primarily operate at thatageindividual level, but complex

collective behavior can emerge from the interactions between agents. The/Bldes a reasonably

realistic brecasting model that planners can use to determine effective evacuatiedyses accordingly

(Chenet al. 2006) Bonabeau (202) summarized three main advantages of ABM over other modeling

technique: (1) ABM captures emergent phenomena; (2) ABM providesiehdéscription of a system;

(3) ABM is flexible. In the evacuation context, evacuee behaviors can te apmplex, and cabe

characterized by thresholdsstlifen rules, or nonlinear coupling. Furthermore, evacuee interactions are

heterogeneous and can generate network effect. Since social vulneraliitytal hazards varies within

a community, individual decisiemakingbehavior depends on factors such as gender, race and class, and

age, living environment, transportation options. Gender, race and class, and ageoagethe most

important indicators of vulnerable individuals and social groups (NRC 2Tbé)capability of the ABM

to capture the diversity of evacuee sed@nographic characteristics, as well as decigiaking modeling,

can make the prediction more precise (Wang et ab)201

Based on the space modeling method, the microscopic or thelagpent models can be further

classified into discrete models and continuous models. Cellular Ataci@ad) model(Burstedde et al.

2001; Feliciani and Nishinari 2016; Kirchner and Schadschneider 2002; Zheng and Chenth2aglet

al. 2017)is a typical discrete model. In this model, space is discretized intomarifgls and each cell can

be either empty or occupied by a pedestrian or an obstacle. The pedsstriaove to one of unoccupied

neighbor cellstaeach discrete time step according to the predefined rules and certain transheilities.

Some researchers pointed out that the CA model is more suitable to be apigdr medium crowd
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density scenarios rather than in high density scenariagich it is likely to produce unrealistic results
(Liu et al. 2015).

One of the most famous continuous models is the social force model @BM)sed by Helbing
(Helbing et al. 2000; Helbing and Molnar 1998) this model, pedestrians are modeled as patrticles with
certain characteristics such as mass and size and are subjected to physical faicesmbsakcial forces,
such asttractive force, repulsive force, body compression force, and slidatigfriforce. The pedestrian
dynamics is governed by Newton’s second law of motion. Helbing and Johanssonugél 8)e SFM to
investigate the crowd behavior in both normal and panic situations and found a segésigfanized
pattens, such as lane formation, oscillatory flow at bottlenecks, stripe famixtiintersecting flows,
herding, freezing by heating, and fasgeslower effect. Many researchers have adapted the original social
force model for different complex scenarios. Yuen and (2042)added the overtaking behavior to the
SFM and simulated unidirectional pedestrian flow. Wang e(28113) modified the attractive force,
repulsive foce, and desired velocity to simulate the pedestrian flow in a station hall dugir@ptmng
Festival travel rush. Song et al. (2013) employed a discretized version ahSi=lgessing bioterrorism in
micro-spatial environments. Johansson e{2015)extended the SFM to include waiting pedestrians and
compared the outputs of different waiting models. Li e2014)proposed a fivestage trampling model
based on the modified SFM to study trampling risks during escalator traisfisting studies suggest that
the SFM is pretty flexible and convenient to be modified and incorporatbgegical and sociological
factors. Moreover, it is found more suitable to be applied to-cnmvded situations and allows pedestrians

to move around in an unrestricted manner than the CA model (Zhang et al. 2016)



1.2.2Modeling emotion contagion and information spread in crowd dynamics

1.2.2.1Emotion contagion

Emotion represents a kind of psychological and physiological state of an indpataeiving a certain
incident, and such a state can change over time continuously (Dolan 2002; Li2@t73l1t has been
found that emotion not only affects an individual’s own behavior, butcespread among crowds and
affect the behaviors of other individuals through emotion contagion, e.g., panicngeagyescenarios.
The emotion can then facilitateational collective behavior, which may lead to catastrophic consequences
on a massive scale during emergency evacuattanet al. 2014; Liu et al. 2017Jherefore, it is necessary
to incorporate the effect of the emotion contagion into the simulation ofdlodgmnamics. There are two
main computational models of emotion contagion (Tsai et al. 20b8)is a detrministic and interactien
based model similar to the concept of heat dissipation phenomena in thermodyBarisse et al. 2009)

The other one was developed by Durupi(2010) which is a probabilistic threshold model based on
epidemiology modeling the spread of disease. Efforts have been devoted to incorporatiiogn e
contagion primarily based on these two models into crowd evaousiinulation. Tsai et a(2011)
simulated the evacuation in an airport considering emotional, inforragtaomd behavioral interactions. In
their multiagent evacuation simuiah tool ESCAPES, the fear level of an individual is inherited from the
highest fear level of neighboring pedestrians and can be reduced when authogsydigurearby. Nguyen

et al. (2014) presented the multigent evacuation simulation integrating emotion effects and found that
emofons increase the chaos which further increases collisions between ageotn bdecrease the
evacuation time. Fu et af2014) modified the epidemiological SusceptidtdectedRecovered (SIR)

model in a CA approach and found that individual movement accelerates the speed of emotion. Liu
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et al.(2017)developed an infonation perceptioibased emotion contagion model for fire evacuation and

regarded emotion contagion as a kind of information dissemination. Calo (8017) constructed a

modified epidemiological SusceptiblefectedSusceptible (SIS) model-$IS to represent the emotion

contagion and coupled it with the SFM to simulate crowd evacuation with emotion contdtiongh

these studies as summarized above revealed many aspectwailgnamics and emotion contagion, few

of them considered the situation in which casualties caused by the disasttandxiow this information

influences pedestrians’ emotion and further affects the evacuation process.

1.2.2.2Information transmission

The evaaoees’ information of the dangerous source and knowledge on the environmentuncafl

the decisiommaking process and collective behavior significantly (Fu et al. 2017). Fopéxanihen the

pedestrians are aware of the existence of the dangerous sources (e.gl piiis@mgas), they can become

nervous and panicked, try to keep away from the dangerous sources, find an exitetmtactiir

walking speedQu and Da 2014). During their evacuation process, they can encounter other pedestrians

and disseminate the information of the dangerous sources, which leadset@vaouees initiating the

evacuation decisiemaking. Meanwhile, the familiarity to the environment also plays a key nole i

evacuees’ choices of evacuation route and(&ait et al. 2015)Therefore, it is of great importance to take

into account the information transmission process to achieve morsticeatowd simulations. Some

researchers have considered such human factor in tbdilsn Henein and Whit010) combined the

information processing and communication with the floor figddlestrian model and emphasized the

necessity and importance of integrating these human factors at the microswepiddai et al(2011)

considered the spread of the knowledge about the exit and incident in théiagauit model. Liu et al.
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(201 7)took into account five types of information and their effects oiviididial's emotion and path finding.
Fu et al.(2017)modeled the influence of information transmission on pedestrians’ decision maiigg us
a fuzzytheorybased method.
1.2.39ystenresilienceof TN

The TNs, as a vital part of CISs, play a key role in supporting thebeigly of modern society by
providing the accessibility to critical facilities (e.g., hospitald achools) and essential transport services
for indispensable resources and produetg.(emergency humanitarian aidod distribution, and energy
supply). However, TNsare often subject to natural ahdmanmade hazarddue to their wide spatial
distribution and increased frequency of disasters in recent {€amsrechi and MilleHooks 2014a)
Research found that about 27% of all global road and railmfegstructuresareexposed to at least one
hazard(Koks et al. 2019); these hazards usuedly cause severe structural damages to the components of
the tranportation infrastructure, disrupt the normal functioning of the amdifurther result invidespread
and significant negative socioeconorn@nsequences.or example, Hurricane Harvey in 20p&ralyzed
the road network of the city of Houstdne to the raiwater, left tens of thousands of people displaced, and
led toover$180 billion in damagéBlake and Zelinsky 2018; Pines 2018urricane Sandin 2012caused
the damage amounted to $7.5 billion to tew York Citys transportation systertzhou et al. 2019)
Tohoku Earthquake in 201daused largscale damages to the transportation infrastructure with a total
length of 870 km in Japan (Kazama and Noda 2012).

It has been recognized that in order to maintain a certain level cidoality of TNs under these
hazardsit is not always possible to solely rely on mitigation strategies to preverisorb thenegative

impacts induced by hazards; inste@dent aentionseekgo enhanethe resilience of TNs against hazards
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(Hosseini et al. 2016).

The resilience of the CIS is about the ability to withstand or adapt to dxpemarbations and to
recover from disruptions effectively and efficienlyaimes 2009; Hosseini et al. 2016; Ouyang et al. 2012;
Zhang and Wang 2016). Thus, the resilience of the CIS is often associated wittidtien of the measure
of its functionality over timeFigurel.lillustrates the concept of the resilience and its four attribuées, i.
robustness, resourcefulness, redundancy, and rapidity (Bruneau et al. 2003). It caervm dbat the
functionality of the system undergoes three stages: the preparedrgsd sta tg) is from normal
operation to the initial failure due to the disruptiverts. In this stage, the functionality of the system can
be enhanced by adopting proactive risk mitigation and preparation meate response stage 0 t
0 to) denotes the damage propagation process after the initial faihtteha remaining functionality
reflects the robustness of the system, i.e., the ability to withstanduptilisrevent and maintain a certain
level of service after the event; the recovery stag® (t 0 t) denotes the restorative process in which
repair activties are carried out and the functionality recovers to an exghémtel. The duration of this stage
tr —to reflects the rapidity, i.e., the ability to recover the desired fomality in a timely manner. The shape
of the recovery process reflects resafulness and redundancy, which are about the ability to identify
problems, establish priorities, and mobilize resources and the extehidio substitutable components
exist, respectively. Depending on the nature of hazards and focuses, some eessaastimed an
instantaneous response stage, tee=,tq, considering that the response stage is usually much shorter than
the following recovery stage (Bocchini and Frangopol 2012; Vugeh 2014). Following similar concept,
various measures have been established to quantify the resilience of Cl®scavtsicler both preand

post-disaster behavior of the system respdib@sseini et al. 2016Based on theesilience assessment,
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effective strategies to improve the CIS resilience can be further iderdifigdmplemented at different

stagegOuyang et al. 2012)

A

Prevention Resourcefulness and Redundancy

Functionality

Robustness

»
>

ta fo t: Time

Figure 1.1The concept of the resilience (adapted from the worRwfang et al. (2012) and Zhang and
Wang (2018)

1.2.4Interdependencidsetween TN and other CISs

The TN and manyther CISs, such as electric power, gas, water, and telecommunication, do not
operate separately but are highly interconnected and mutually dependent (Qw/sveng 2015; Rinaldi
et al. 2001). The performance of those interdependent CISs collectively ptejsrarole in determining
the community resilience subjected to major deva¢Reed et al. 2016).

Interdependencies among CISs can be classified into four main typesl{Rirzl 2001)(1) physical:
the functionality of one CIS is dependent on the output of another; (2) cybeaunttiimfality of one CIS
is dependent on the information transmission through the infimmaatiated CIS; (3) geographic:
components of multiple CISs are in closatsd proximity and can be all affected by local events at the
same time; (4) logical: CISs are linked logically via other mechamnisng., policy and budget. Since the

malfunction of one CIS can impact the functionality of others@l&e to these interdendencies, resilience
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assessment on one CIS needs to consider the responses of its clesebnmected CISs. Rational
modeling and extensive simulation are often required to study the charataristiterdependent CISs
because of the complexities and scarcity of related(Hatia@acleous et al. 2017). Despite fact that many
CISs in a community, such as buildings, roads, rails, electric powetetgommunications, water, and
economy, arenterdependent, researchers usually choose some of them as the studydepgruding on
their research focuses and fields of expelisdjetey-Bahun et al. 2016; Fotouhi et al. 2017; Gong et al.
2014; Johansson and Hassel 202@fording to several review studi@dasan and Foliente 2015; Ouyang
2014; Satumtira and DueR@sorio 2010), the widely used quantitative approaches can be grouped as:
agent-base@Nan and Sansavini 2017; Pumpiueinss et al. 2017¥systemdynamicsbasedBrown et al.
2004; Stapelberg 2008nputoutput-basedHaimes et al. 2005; Haimes and Jiang 2001; Santos and
Haimes 2004)networkbasedArcidiacono et al. 2012; Lee et al. 200&)c. These approaches have their
own strengths and wend&sses to fulfill different needs, but the stati¢he-art approach is still lacking and
researchers are working hard to develop more efficient and effectihedsdHeracleous et al. 2017).

Major natural hazards, such as earthquakes and hurricanes, can claim manyivesremdl cause
large-scale disruptions to major infrastructures. For example, Hurricane Har26%7 caused $180 billion
in damage, more than 200 thousand homes floodedhesanty 1/3 of the city of Houston underwafémes
2018) Among CISs prone to natural hazards, TN and electric power networl @ phrticularly vital.
As the basic lifeline infrastructures, TN and EPN are crucial tdynghemergency response, humanitarian
relief efforts, and poatfisaster emergency restoration of other critical facilities throughidingvessential
accessibily and power supplgZhang and Wang 2016)

Existing interdependency studies involving TN or EPN mainly adopted netveséd approaches,
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which can repesent interdependencies using interlinks conveniently and conduct analyseiffesent

levels of detail using topologlyased or flowbased models (Mattsson and Jenelius 2015; Ouyang.2014)

Arcidiacono et al. (2012)leveloped a methodology to describe the performance of the road network

considering interdependencies with buildings under earthquakes. The mdastaessibility of the road

network was used to calculate tiesilience index. Feng et al. (20BHalyzed the supporting functionality

of road network to the recovery process of buaidsystems after earthquakes. The miniroast flow

problem was solved to obtain the recovery process of buildings by delivegaiy resources through the

road networkAdjetey-Bahun et al. (2016proposed a simulation model to quantify resilience in mass

railway transportation systems using passenger delay and passenger laatttasality indices.

Interdependencies among railway, power, telecommunication, and @tj@amigystems were considered.

Johansson and Hassel (20b)deled an electrified railay network which was dependent on four other

infrastructure systems. Similarlghang et al. (20143lso explored the vulnerability of the rail network

with dependencies on the power and communication networks undebasel attacks. Meanwhile, some

researchers have applied mathematical optimization algorithms tafguastlience.Lee et al. (2007)

established the interdependent layer network (ILN) model to explididtify interconnections among

CISs. They demonstrated the use of the model in guiding restoration of servieemtdriiependent CISs

of power, telecommunications, and subway. It should be pointed out that all thinGh®ir study were

based on a unified network maximum flow model. In fact, different CISs h#®eedt characteristics and

are usually operated under different physical laws or specified condFonexample, the performance of

the electric power network may be measured by the maximum flowythveloite the traffic flows of the

roadway network usually need to satisfy the user equilibrium condiBong et al. (2014§eveloped
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restoration strategies aiming to aid the supply chain in recoveamgadisruption based on the ILN model.

The logical interdependencies between other infrastructures i(poaéelecommunication) and the supply

chain were taken into account. Loggins and Wallace (2etf)loyed the ILN model to predict the

vulnerability of interdependent CISs. Alse closest study to the topic of thissertation Fotouhi et al.

(2017)presented a Hevel, stochastic program to quantify the resilience of a coupleitipafiver network.

Under four hypothetical damaged scenarios, they focused on the optimal pregaaetinaes to minimize

thetotal travel time. The interdependencies included the traffic lightsered by EPN and repair operations

dependent on the TN's state. However, their study did not consider theepgrdincy of the failed EPN

infrastructures (e.g. poles) disrupting tiafbf TN, which is very common during hurricanééso, the

assumption in the study that repair activities can be completed simuitinas long as the damaged sites

were accessible ignored vehicle routing and repair scheduling probleéhesriecovery pcess and thus

did not account for the variation of the system functionality over time.

1.2.5Resource prioritization strategidésr TN

The great risks and tremendous damages caudaahrianmade and natural hazards call for the needs

of mitigation, repair, and maintenance actions on the CISs. However, becalegl@financial resources

are typically insufficient to cover all components of CISs simultasigpit is necessary to devise cost

effective resource allocation strategies to prioritize limited resouexchieve the optimal balance

between CIS performance and c@su and Frangopol 2005; Zhang and Wang 2017)

In past decades, scholars have extensively investigated the resource pidoriigaeme for single

CIS. The typical way is to establish an agtiation problem with the goal of maximizing the functionality

of the CIS or minimizing the costs. As for the TN, Liu and Frangopol (2005)thsegenetic algorithm to
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find the maintenance planning to maximize the eatimity reliability of a single origirdestination (GD)
pair within a bridge network considering deterioration. Bocchini and Frangopol @a&8)ded the model
to multiple QD pairs.Zhang and Wang (201 Presented a framework oktkrmining the maintenance
schedule for a degraded bridge network to minimize the total travel time aomgittee posted weight
limit. Yan et al. (2017jormulated a pralisaster investment optimization model to miide the expected
railway system service loss under earthquakes. As for the Edkero et al. (2015)eveloped a twastage
stochastic program and knapsack heuristic solution procedure to optimizesthie seitigation strategies
for the electric power systems under earthquake hazards. Fang and Sansavidd@pted the planner—
attackerdefender model to develop decisions of capacity expansion and switch tiastadhaelectric
systems that enses optimum performanc&haffarpour et al. (201&pplied the genetic algorithm to find
the optimal hardening planning of distribution networks.

Recent years have also seen some research progress on the resource prioritizatianceo tba
resilience of interdeendent CISs, e.g., power and gas (Cong et al. 2018; Ouyang and Wangs2pak)
chain and telecommunication (Gong et al. 2014), and power, gas and water (Gonzalez et dlo 2016)
few studies have ingtigated the optimal resilience decision models for the interdependéntetactric
power network quantitatively with adequate details to reflect tveir operational characteristics. Perhaps
the closest study to the topic of thissertationis theone by Fotouhi et al. (2017). In their study, they
presented a Hevel, mixedinteger, stochastic program to quantify the resilience of a coupl&éd-paiver
network. Under four hypothetical disaster scenarios, they focused on findingithalgueparedness and
recovery decisiontminimize the total travel time. While this study provided some integeBhdings,

limitations still existed in their model. First, the interdependencies lebdte their study included traffic
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lights powered by EPN and repair operations were dependd¢he TN'’s state, but left out the situation of
the failed EPN infrastructures (e.g. poles) disrupting trafficN, very likely scenarios under hazardous
conditions such as hurricanes. Second, the STA algorithm was used tometeerraffic flow, vinich was
not suitable for the congested urban roadway network and may produce unreatisticsions. Third,
uncertainties in their study only stemmed from the possibility of oecoe of four hypothetical disaster
scenarios. In fact, other factors, eapst and traffic demand, may contain large uncertainties as well and it
has been found essential to incorporate them in making optimal resi#iehancing decisions (Zhang and
Wang 2017). Fourth, they only sought the optimal decisions to maximize the perfornaneeraffic
system and did not consider ttecisions to enhance the resilience of traffic and electric power systems
jointly. To summarize, it can be found that existing works have not exantiaedtéractions between the
traffic and electric power systems thoroughly and there is still l[dckneffective decisiormaking
framework of prioritizing limited resources to enhance the resilieficeuch interconnected system
considering uncertainties.
1.2.6Resiliencebased recovery scheduling R

The recovery from hazards refers to the process of inicste system bouncing from the lowest
functionality level back to a certain level of functionality aftezdrds due to recovery activities. Devising
an effective schedule to accommodate these recovery activities is ofteriraviabtask in thatavailable
restorationresources are typically insufficienbmpared tdhe needs arisen from largeale disruptions
caused by the hazards. Different schedules apparently will yield diffeeeovery trajectories of
infrastructure’s functionality (i.e., the fationality over time). Decision maker may need to pursue some

desirable recovery goals which can only be satisfied by some particular shpesegbvery trajectories,
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and finding these corresponding schedules to meet such needs is however often (Baceaini and
Frangopol 2012; Li et al. 2019aJhe recovery schednf of TN in literature is usually formulated as a bi
level optimization problem, in which the lower one focuses on the functionality doatidifi while the
upper one tackles the schedule optimization. A brief review of the tymaetices is made fahese two
topics in the following.

1.2.6.1Functionality quantification of TN

The functionality quantification is to characterize the functionality offtdever time under a given
schedule. TopologhasedHu et al. 2016; Ulusan and Ergun 2018; Zhang and Wang 2016; Zhang et al.
2015)or flow-based finctionality (Bocchini and Frangopol 2012; Li et al. 2019a; Vugrin et al. 2014; Zou
and Chen 2020a) metrics for TN have been commonly adopted in existing work. In théalesiof both
types of metrices, most studies only assumed a single class of useesTdf:tthe weHinformed and
rational ones who possess perfect information of the TN and always makealnatidga choices. However,
such an assumption is often not validhich is especially true during the recovery process of the TN. First,
not all TN users are familiar with the TN to the extent of owning penfdotrhation of the TN and the
level of perceived information by the users also highly dependsoommanicationand automation
technologiegquipped in road infrastructure and vehicles (Mostafizi et al. 2017; Wahd6t19). Second,
the configuration ofhe TN can be in a constantly evolving environment as the recovery ggegrd he
fastest path connecting an origin and a destination for one day mayebentdifrom that for another; the
well-informed users might adapt their travel plans pretty quiakiite the ilFinformed ones might not.
Despite substantial research efforts onrtfmvery schedulingf the TN, little attention has been paid to

the existence of the multiclass users in terms of their differeatsi®f perceived knowledge and travel
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behavior, and the impact on the scheduling deca®mremains understudiédlhmed et al. 2019; Bagloee

et al. 2017; Faturechi and Milkdtooks 2014h)

In fact, due to the significant advances initifermation and communicatioiechnologies and wide

deployment of intelligent traffic system in recent years, cot@aeand autonomous vehicles (CAV) have

emerged as the effective solution to modern mobility because pétidstial benefitof facilitating safe

driving, relieving traffic congestion, and reducing energy consumpiibmed et al. 2019; Li et al. 2019b;

Mostafizi et al. 2017; Osman and Ishak 2016; Ye and Yamamoto .Zl¥&)ks tahe vehicleto-vehicle

(V2V) and vehicleto-infrastructure (V2l)communication systemgshe CAVs can communicate with

surroundingvehiclesand infrastructure and thus acquire more detailed and comprehensivaaitién

about the TN’s state than traditidgtimandriven vehicles (HDVs|Bagloee et al. 2017; Wang et al. 2019)

The CAVs are expectebe largelyavailable on market by 2022 or 20@ansal and Kockelman 2017; Ye

and Yamamoto 2018}5iven the considerable increase of market penetration rate of CAdghindming

future and significant difference of the rowteoosing behavior between the CAV and HDV users, decision

makers of the infrastructure investment who fail to account for mia#fictenvironment (i.e., the presence

of both wellinformed CAVs and lesmformed HDVSs) in the functionality quantification of TN may end

up with ineffective and costly recovery strategies.

1.2.6.2Recovery schedule optimization

With the functionality quantification method established in the loweel] the recovery schedule

optimization n the upper level is to find the optimal schedule to restore damaged conspovamime to

achieve the resiliendgased recovery objectives subject to resource availability. To sok/éNErhard

problem, various solution procedures have been proposed, which can be roughly clagsifieedrypes:
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exact methods, rankiAgased methods, and metaheuristics.

Due to the computational complexities, the exact methods are usually adppt@waimall network
instancegAlmoghathawi et al. 2019; Barker et al. 2013; Fang and Sansavini 2019; Gong et al. 2009;
Ouyang et al. 2019; Tuzun Aksu and Ozdamar 2014; Xu et al. 2020). Rdrsldad methods often require
carefully handcrafting problerspecific indicators for ranking, which heavily rely on the experience and
judgement of the researchers to avoid unsatisfactory results (Almoghathdvidarker 2019; Hu et al.
2016; Li et al. 2019a; Liu et al. 2020; Ozdamar et al. 2014; Ulusan and Ergun 2018; Yoncal&)al. 20

Compared to the exact and rankingsed methods, metaheuristics are a more general type of method
to obtain neapptimal schedule solutions in a tractable time, such as genetic alg¢Btouhini and
Frangopol 2012; Li et al. 2019a; Ouyang and Wang 2015; Zhang et al. 2017; Zhang ardddéie2015)
approximate dynamic programmiiiigledury and Madanat 2013; Nozhati et al. 2019, 2028)mulated
annealing algorithm (Hackl et al. 2018; Vugrin et al. 2014), and ant colony algd@¥itduak et al. 2018)

The common key step in these populati@sel search metaheuristics is to achieve the effective exploration
in the solution space by generating and assessing sufficiently largdatergtlutions. But this step in the
network recovery scheduling is often associated with extensive computatioreh bBetause on the one
hand, the evaluation of each candidate schedule needs to invoke the functicmatitification to
characterize the network functionality over time under each schedule thdfunctionality quantification
itself in the lowlevel of this problem can be quite computationally expensive when more infoenfiativ-
based quantification metrics are used. In such circumstances, evaluaticargd aumber of generated
solution samples can be prohibitive. On the other hand, the largielsalpace of the schedule optimization

in nature usually calls for the need of enough candidate solutions for ¢ixplpegpecially for largscale
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network instances. Therefore, the metaheuristics should belegfined to reach the balance between

optimization performance and computational cost before becoming ledsib largescale network

recovery scheduling problems.

1.3 Reseach gaps and motivations

1.3.1Simulation of crowd dynamics in the subway station

Subway systems, as a type of popular public transportation modebd&avedopted by many large

and mediurrsized cities due to its advantages such as large capacity, high efficiency, guallldion.

While subway systems provide convenience in public transport, factorsliregaomplexity of station

layout and heavily overcrowded population can pose potential risks to hafagnis emergency situations.

For example, fire accidents happened in underground space carremgs®aibus magnitudes of injuapd

casualtiegShi et al. 2012; Zhang et al. 2016). Therefore, with a high number of people using sabway

the same time, subway stations must be appropriately designed to allge fpemove easily during both

typical operations and under emergency evacuation situations.

Crowd simulation habeen widely adopted to assess the potential safety risks to passengers in metro

stationgHong et al. 2016)Many micracopic numerical models have been proposed due to the flexibility,

such as ABM, SFM, and CA mod¢lei et al. (2012used the SFM based FDS+Evac simulation software

to study the effects of occupant density, exit widtind automatic fare gates on evacuation tigte.et al.

(2012)investigated the metro station evacuation strategieg @ agenbased grid modelSong et al.

(2013)employed a discretized version of the SFM in the crowd evacuation simulatibiotferrorism in

subway stations. Seriani and Fernandez (2@tdpted a continuous ABM to determine the effect of

pedegrian traffic management in the boarding and alighting time at metrorsta@ben et al. (2017)
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embedded the SFM in their ABM for pedestrian simulation in sulsiations.

Among these microscopic models, the ABM, as a general modeling casdéptible to incorporate

advantages of other models and powerful to produce complex system belmwiogk tefining relatively

simple local rules. This is particularly partant for emergency scenarios when people may show different

behavior patterns due to panic. The ABM can be effective and convenient in takingrisimeration the

factors that can affect their movements and evaluating how people respondemdnoud in such

scenarios. These results can be used to improve the emergency respeigeditinfrastructure systems.

Therefore, ABM is adopted to simulate pedestrian dynamics in the subwion siatl the rules of

pedestrians’ destination choices and mosets on different areas of the metro station, such as ticket gates,

stairs, trains, and platform, are established.

It was found that most of existing studies on pedestrian evacuationyuagaited on the general

environment or single behavioral or emvimental factor, e.g., hazardous scend&osg et al. 2013; Wan

et al. 2014), walking on stairs (Qu et al. 2014), waiting behavior (Davidich2@34) and alighting and

boading movements (Zhang et al. 200Bpwever, the subway station is a very complex environment and

has its own unique characteristics, such as the ticket gates, the configuratiaim afat, the height

difference between structures, and the different population dersitiesh and nomush hours. Pedestria

can exhibit different egress behavior depending on different environments amsgpondiag psychological

and physical states. All these factors need be taken into account intmraghieve a comprehensive

assessment of the egress safety of the subtatipn.

1.3.2Incorporation of human factors into crowd evacuation model under toxic gas incident

Natural ohumanmade disasters, such as earthquake, tsunami, fire, and terrorist attadsecgrept
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risks to human lives and result in tremendous economic losses.adfwactan be the most effective and
important strategy to save human lives in most emergency sce(\eng et al. 2016)The topic of the
crowd emergency modeling and simulation has attracted much researchraitenéicent years. It was
found that the emergency egress behavior of human is not ordtedfiey the external environment, but
also depends on internal states of evacuees, such as personality, ifamifigr the environment,
information perceived, and emotional responses trighjby the specific incident and casual(ieao et al.
2017; Dossetti et al. 2017)

Many existing models focused on establishing physical movement rules néesgdiased on collision
avoidance and route findir{@urstedde et al. 2001; Cao et al. 2015; Chen et al. 2012; Helbing et al. 2000)
In those models, evacuees were usually assumed to be omniscieatiaral, which means they can detect
the disastemistantaneously and initiate the evacuation simultaneously. Asla tiesunternal states of the
evacuees were either neglected or always remain the same as-tpegiiied values during the whole
evacuation process.

Many studies have confirmed that panic can occur in emergency situatiohsadntb irrational
behavior which may cause more casualties than the actual disastéHigdgilig et al. 2000; Helbing and
Mukerji 2012; Wang et al. 2015However, few of the existing ones considered how panic originates and
propagates through the interactions among evacuees based on their persaralities) states, and
perceived informtion, as well as their effects on the evacuation process and casuatamplie Helbing
and Johansson (2018)mmarized the research findings of the crowd dynamics based on the classical socia
force model. They quantified the nervousness of evacuee using a singleadeffvbichinfluences the

movement fluctuation, desired velocity, and herding behavior for pagiekiacueedVang et al. (2015)
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incorporated panitehavior using panic indices into the mualgent based crowd model for simulating
evacuation in stadium. The panic indices were only affected by surroumdimg density and gender and
did not account for the contagion mechanism. Neto et al. (2(d@8)ed the emotion contagion model to
crowd simulation and presented evacuation results of nonemergency scenaslas NMical. (2016)
implementedocial contagion dynamics in the cellular automata model and showed treatioas found
in the contagioffree model can fail at high contagion strengths. No real dangenfamchation spreading
were included in their workZheng et al. (2019arried out the emergency evacuation sitiota
considering the emergency diffusion. The panic level in their modsldegermined by the surround
population density and the proximity to the danger source and the efferhotion contagion was
overlooked.

In fact, in a situation where the dangemot detected promptly and an effective warning system is
lacking, evacuees usually do not initiate the evacuation immediately fiofjotlve occurrence of the
incident due to the delay of the information spreading and commumicMieanwhile, emotion caalso
be affected by surrounding environments or other evacuees through emotionocoatavary over time.
These two factors can both influence an evacuee’s behavior and deciditng, which determine the
whole evacuation pattern. Therefore, in otgdesimulate the crowd evacuation behavior more realistically,
emotion contagion and information spread should be taken into account.

Atypical scenario as mentioned above is the evacuation under toxic gasinc€lte toxic gas incident
discussed here sgeneral phenomenon about sudden release of toxic gas, which can be atahgeisien
leakage or intentional bioterrorism attack. It is found that toxic gas attanlatsractive means for terrorists

to conduct mass destruction due to devastating power, huge infection, low reqticénspecialized
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knowledge, and inexpensiveness to produce required matgtaiderson 1999; Wan et al. 2014he
biological weapons can not only cause tremendous casualties, such as i85H®ky@® subway sarin
attack, but also provoke social disruption and panic as in the 200&xaattack in America. Among the
methods ofeleasing pathogen in bioterrorism, the aerosol disseminationgsahtest concern since toxic
by-inhalation agents can be spread rapidly and influence the crovetivedfe (Barrett and Adams 2011,
Grundmann 2014; Song et al. 201B)oreover, toxic gases are often hard to be detected promptly due to
their invisibility, tastelessness, and odorlessness. Thereforayrbie can pose a great danger to public
safety of high crowd density sites such as train or metro stationsyumsis@d airports in urban areas. This
dissertation aims at presenting a method of crowd evacuation simulation uriteigds incident
considering theféects of emotion contagion and information spread.
1.3.3Resilience modeling of interdependent traffiectric power system subject to hurricanes
ClISsprovide essential services that support security, economic prosperity, dihdajuide, and thus
act as the bases of normal functioning of modern cities anebeiglly of citizengRinaldi et al. 2001)
However, these systems can be vulnerable to natural hazards, accidents or ahtettdicks, which often
causeundesirableoperational failures and severe consequences. Since it is not alwaydepmsstduce
the likelihood and potential impacts of undesirable events through prevention and protectamiestra
such as increasing the system redundancy and reliability, recent efforts bawhrbeted to enhancing the
resilience of CISs through effective preparednesspamse, and recovery (Hosseini et al. 2016)
Furthermore, thos€ISs, such as electric power, gas, water, transportation, and teleodgation, do not
operate separately but are highly interconnected and mutually dependent (Qw/sveng 2015; Rinaldi

et al. 2001). The performance of those interdependent CISs collectively pfejsrarole in determining
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the community resilience subjected to major disagiesd et al. 2016).

Although interdependencies may potentially promote the operationakefficof CISs as a whole,
they have been found to primarily increase the system vulnerability due tetbased complexities and
possible cascading failures across different sys{@ugang and Wang 2015). For example, the failure of
onenode of a power network can not only affect its downstream nodes but alsoirrgsater flow
redistribution, which may cause more failures of overloaded nodes. Oméndnand, other CISs requiring
steady power supply, such as telecommunication and railway, may also loganfilitgtas a result of the
power loss. Therefore, to design a more resilient communituines full consideration of
interdependencies among those interconnected CISs when disruptions ocadie@ts et al. 2017).

Researchers have conducted extensive studies on the resilience anabilitinef TN (Chen and
Miller-Hooks 2012; Edrissi et al. 2015;-Eshidy and Granatnuller 2014; Ip and Wang 2011; Zhang and
Wang 2016)and EPN(Ouyang et al. 2017; Salman et al. 2015; Unnikrishnan and van de Lindt 2016)
Nevertheless, most of the existing studies treated TN or EPN as singiat@dsystems by omitting the
potential interdependencies, which may lead to inaccurate conclyBiotasihi et al. 2017)There have
been limited studies on interdependency among CISs including TN andAgliitey-Bahun et al. 2016;
Gong et al. 2014; Lee et al. 2007; Loggins and Wallace 2ah8)few has explicitly considered the realistic
interactions of traffic flow in road networks and electric power supplyhe resilience assessment with
sufficient details. In fact, signalized intersections are comroomifban road networks and their delays
have considerable impact on the total travel time and the passengerghoicegMazloumi et al. 2010)
The normal functioning of traffic signals relies on the electricitypgupf the EPN, and the overhead

distribution lines of the EPN often utilize the righftway for transportation systems (Ellingwood et al.
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2016) Inthe U.S., there are still many areas with aging overhead power rinétases(ASCE 2017)
While undergrounding the distribution system can be used to harden thegesystiem, researchers also
pointed out that burying the system is not cost effective due to the higttaebsan et al. 2015Thus, for
these areas, hazards such as hurricanes can edneggoles supporting the distribution lines, which may
block the road and interrupt the traffic flow (Alipour et al. 2018; Sal@@l6) The indirect loss caused by
the functionality degradation (i.e., the increase of traffic delay) of thepdext TN can accumulate over
time until the N is fully recovered. It was found that this indirect loss ugualtpasses the direct loss (i.e.,
the repair cost of the damaged components of the TN) (Alipour and Shafei 2016&)vétptiee disrupted
TN impacts the accessibility and efficiency of recovering efforts of damagedrgystem, while the
delayed repair of EPN in turn impacts the recovery planning of déudities, including TN (e.g.
intersection traffic lights without power). Therefore, given their igare of underpinning the resilience
of other critical facilities and the whole community, the sophisticetiddependency between these two
CISs need to be modeled appropriately in the resilience study.
1.3.4Resource poritization to enhance the resilience of interdependent tra&fiéctric power system

The great risks and tremendous damages caudmdarignmade and natural hazards call for the needs
of predisruption mitigation and poslisruptionrepairactions on the CISs. The mitigation actions aim to
reduce the probability of occurrence of hazardous events or alleviate the emeggiacts, such as
retrofitting the components, expanding the existingesysand pregpositioning resources, while the repair
actions aim to restore the system functionality by repairing tmaged componen{Eaturechi and Miller
Hooks 2014a)However, the available resources to perform these actions are aitesd liespecially

during the postisruption stage. Since different CISs can be disrupted at the same/dirnous types of
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stakeholders can be involved in the resilience enhancement planning andathegmpete for limited

shared resources such as machines, vehicles, and materials and makesdesstbon different priorities.

It is found that these critical decisions are often made frereomal experiences, judgement or intuition,

which may not only be ineffective but also introduce extra damages thstiupted systeniShin et al.

2019) Therefore, it is necessary to devise scidrased coseffective resource allocation strategies to

prioritize limited resources to achieve the optimal balance between CISnpenfte and cogLiu and

Frangopol 2005; Zhang and Wang 2Q17)

Based on the proposed quantification framework of the interdependenciesrb@iMand EPN, the

resilience enhancement strategies for thesesjwtemscan be devised. It is noteworthy that many urban

traffic systems have already been suffering from severe dailytpmalcongestiondBen-Akiva et al. 2012)

The disruptions to TN such as roadway capacity reduction, vehicle accidents, lantttivaing traffic

signals may worsethe situation and increase traffic delay significa(@glvert and Snelder 2018ut in

modelling traffic flow, most researchers either used a gepergbse networbased method without

considering the user equilibrium (UE) condition (Chang et al. 2012b; Zhang and Wang2a8dapted a

relatively simple static traffic assignment (STA) mettiddipour and Shafei 2016; Fotouhi et al. 2017)

The STA method has been criticized for its inability to accommodatetdway capacity constraints and

time-varying traffic demands and flows in congested TNs. Thus S@j yeld unrealistic traffic flow

patterns and has been blamed for several expensive but ineffective roadwesiaexpeoject¢Chiu et al.

2011; Marshall 2018; Nie et al. 2004ince the traffic systems are critical tgpparting some time

sensitive postlisaster emergency response activities such as medical aids and distribiggsemfal

supplies, it is necessary to take the realistic traffic dynamiis donsideration when evaluating the
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performance of disrupted TNs

While the past research yielded some insights into understandirggilience of TN and EPN, further
studies are still required on appropriately modelling the sophisticatrdépiendencies between these two
CISs with adequate details in order to médeemost coseffective resilience investments. Thlissertation
aims at developing a decisiomaking framework for prioritization of mitigation and repair actions to
enhance the resilience of an interdependent tralfictric power system in terms td functionality under
budgetary constraints.
1.3.5Resiliencebased recovery scheduling DR

From the perspective of resilience enhancement;@xstrd recovergtrategies should lecated as
equally important as preazardpreventative strategide maintain a certain level of functionality of the
TN and build a resilient community against hazards (Fotouhi et al. 2017;iketsa. 2016; Zhang and
Wang 2016).

Based on the literature review on the recovery strategies of Bddtion 1.2.6it can be found that
while the existing work as summarized above yielded some insights into tandérgand application of
theposthazard recovery schedulinf TN, the limitations in the functionality quantification of TN and the
solution proceduraecessitate further studies the functionality quantification of TN, all users were
assumed being able to perceive perfect information of the TN state iwhiality multiclass users exist
with different levels of information perception and can exhibit diffieroute choices in the timarying
recovery process. Hence, it is necesdaraccount for the impact of different travel behavior on the
recovery scheduling decision, especially when facing a forthcoming rtrixiid environment including

both wellinformed CAV and lesinformed HDV users. In the solution procedure, despitie temerality
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and successful applications for sresdhle problems in existing studies, the metaheuristics can suffer from
excessive computational burden in order to explore the large solution spacklimg the largescale
network instances with complex flow-based functionality quantificatiom ookt
1.4 Objectives

The transportation infrastructure is prone to many natutairnanmade disaste@ndthusthe normal
daily mobility patternscan be disrupted. In order teelp devise coseffective disaster mitigation and
recovery decision® save human lives and ensure infrastructure sdtfetyimportant to take into account
the impact othhumanmobility modesin disaster scenarioAs discussedn Section 1.3 previousstudies
have certairlimitations in theoretical considerations and modeling methodologigarding this topic.
Thereforethis dissertation focuses amdeling and assessing timoportantmobility modeg(i.e., walking
and driving)in disaster scenarioft aimsto (1) developagentbased crowd simulation moddb evaluate
the crowd dynamics in complex environmeahnd investigate the interpldetweenhuman factorand
evacuation behavio(2) developfunctionality modeling and decisiemakingframeworls to assesand
enhancehe resilienceof TN subject to hazardsSpecifically, the objectives dhis dissertation are as
follows:

The first objective is tanodel crowd dynamics in complex environments such as subtatipn in
both normal and emergency scenaridempared with most of existing studies on pedestrian evacuation
which usually focused on the general environment or single behavioral or envitahfaetor, this study
providesa more comprehensive and Istit model for assessing the egress safety of a typical subway

station for people in both trains and platforms under normal and extmrditians.
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The second obijective is incorporate the effects of emotion contagion and information transmissi
into the crowd evacuation simulationhis studycharacterizeand examingthe interplay among emotion
contagion, information diffusion, decisionaking process, and crowd dynamics; meanwhile, the casualty
phenomenaretaken into account. In an emergency scensuch as the toxic gas incident in which the
danger is not detected promptly and an effective warning systanking the proposed model considering
the interactions between the human factors and crowd dynamics may leadetrealistic simulation
results.

The third objective i2o develop aresilience assessment framework of the interdependent traffic
electric power systenThe proposed framework captures three types of interdependenciesriieaffime
and electric power systenand covers three stages (i.e., preparedness, response, and recovery) of
functionality in characterizing the resilience of this interdependenteraysbifferent resilience
improvement strategies tlifferentstages of resiliencare compared and the most effective strategies are
suggested for each system.

The fourth objective is tdevelop a decisiemaking framework t@ptimize the resource prioritiian
to enhance the resilience of the interdependent tralffictric power systenThe proposed framewolitkas
the following four major contributions: (1) the formulation of mitigatiord aepair decision framework to
support resilience enhancement of tdweipled traffieelectric power system considering interdependent
network functionality, uncertainties of the disruptions, traffic demands at&] eosl budgetary constraint;
(2) the modeling of interdependencies between traffic and electria ggatemsvith more refined details;

(3) the adoption of the simulatidrasedlynamic traffic assignment algorithm in characterizing traffic flow,

which can capture more realistic traffic dynamics in congested urban roadwayks; (3) the application

30



of the binay particle swarm algorithm combined with the knapshaked heuristic initialization to find
solutions; (4) and the development of priority index ranking the impatafh@ach component in the
interdependent system for mitigation and repair efforts.

The fifth objective is talevelops a decisiomodelfor the resiliencébased recovery scheduling of the
TN in a mixed traffic environment with connected and autonomous veli€¢hss) and humardriven
vehicles(HDVs). The major contributions are twofold: (et formulation of decision framework for
resiliencebased restoration scheduling of the transportation network consideringlassltisers’ travel
behavior. With the travel behavior of both CAV and HDV users captured, sfreéimawork can help
decision maers better quantify the functionality of TN with different CAV penetratiatios to support
effective recovery scheduling of TN; (2) the development of an a&amaihg approach for solving the
recovery scheduling optimization of TN efficiently and effectively, which krsathe consideration of more
complex and realistic lowevel network functionality quantification and bears the potemiabeing
extended to general largeale network recovery problems with different types of networks anddsazar
1.5 Outline of the dissertation

The outline of the dissertation is as follows:

Chapter 1 provides the research background for this dissertation and sittesditdrature review on
five mainresearch topicsThen the research gap for each research topiédargified andthe research
objectives arelescribed

In Chapter 2 an agenbased crowd simulation model is established which enables defining both
normal and emergency scenarios with realistic considerations of sdinal ggarameters and software

functions, including number of trains, number of passengers, stairs, ticket gatbsy of exits, passenger
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destination choicesggsible delaying of exiting the train and station. Comparative studiestohbomal
and emergency situations are conducted on a prototype subway station. Panawestigations show the
impacts of some key parameters on evacuation time and delayesahtpsome valuable insights for
understanding the potential causes of delay of evacuations and possible imgmisvef the subway station
design in terms of emergency response.

Chapter Joresenta method of crowd evacuation simulation under toxicigeident considering the
effects of emotion contagion and information diffusitirconsists of four main parts: the gas dispersion
model, the information diffusion model, the emotion contagion model, amidtified social force model.
First, the gas dispersion model characterizing the concentration of theyéaxis used to determine the
impairment of the pedestrian. Second, the spread of the informétban #ne incident and the exits is
modeled by the information transmission model and the emotion contagionwasdatiopted to quantify
the emotion and panic. Then the social force model is modified to integeste effects to generate the
movements in the evacuation processimerical simulations show that the incorporation of emotion
contagion andéhformation transmission can cause significant difference as comparedtiogexisedels in
terms of evacuation time, number of casualties, and number of@wdlisihe influences of the number of
evacuees, the perception radius, and the number of aytiigures on the evacuation are examined in the
parametric study.

Chapter 4presents a framework for resilience assessment of an interdapénadfec-electric power
system subject to hurricanes. The traffic and electric power systenatlachbracterized using the flow
based mathematical representation and three types afép@mrdency are captured. A modeling procedure

coupled with Monte Carlo simulation is presented to assess theresibf both systems and to integrate
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different improvement strategies into corresponding stages of mnesili@he traffic and electric powe
systems in Centerville considering three improvement strategiestudied to demonstrate the proposed
framework

In Chapter 5a bilevel, stochastic, and simulatidiased decisiemaking framework is proposeddr
prioritizing mitigation and repair resirces to maximize the expected resilience improvement of an
interdependent traffielectric power system under budgetary constraints. The upper level sérldie
optimal resource allocation plan to maximize the expected attainaistiofuality gain And the lower level
characterizes the functionalities of the traffic and electric power systems erimgidhree types of
interdependency based on network flow analysis methods. The dynamic ssifficraent algorithm, rather
than the static traffic aggnment algorithm, is used in order to capture more realistic tdgffiamics in the
congested urban roadway networks. Uncertainties in disruptiofii, tlemands, and costs of mitigation
and repair actions are also considered in the problem formulation. Therprizbkolved by the binary
particle swarm optimization algorithm initialized with the kregisbased heuristic, and the priority indices
of disrupted components for mitigation and repair are thenlisstedh based on the solutions. The proposed
decision model is demonstrated using a portion of the tralffictric power system in Galveston, Texas.

Chapter 6developsa bilevel decisiormodelfor the resiliencébased recovery scheduling of the TN
in a mixed traffic environment with CAVs and HDVEhe lower level quantifies the TN'’s functionality
over time considering different travel behavior of CAV and HDV usesemaifrom their different levels of
information perceptionThe upper level presents a novel surroditged active learning approdufised
on the deensembleassisted efficient global optimization algorithm to solve the netwedovery

scheduling problem. In this approach, the embedded deep convolagonal network ensemble can assist
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in exploring the large solution space suffitily as a computationally cheap surrogate function, and the

efficient global optimization algorithm updates the deeprabtein an active learning fashion and finds

improved recovery schedule solutions iterativéhe proposed methodology is demonsttatsing a real

world traffic network in Southern California under earthquake considel@grministic and stochastic

repair durations.

Chapter 7concludes the dissertation by highlighting the nfaidings and suggestingomefuture

research directions
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CHAPTER2 AGENT-BASED EVACUATION SIMULATION FROM SUBWAY TRAIN AND
PLATFORM!

2.1lIntroduction

Subway systems have been adopted by many large and msideadrcities due ttheadvantages such
as large capacity, high efficiency, and low pollutiBithough subway systems provide convenience in
public transport, factors regarding complexity of station layout and heaxgrgrmwded population can
pose potential risks to human safety in emergency situations. dreenafth a high number of people using
subways at the same time, subway stations must be appropriately désighed people to move easily
during both typical operations and under emergency evacuation situations.

This chapteraims to develoan agenbased modglABM) covering the simulation of passengers both
from trains and on platforms facimtifferent normal and evacuation scenarios in a typical subway station
Developed based on the NetLogo platform, the proposed model enables defining both amarma
emergency scenarios with realistic considerations of some critical paranagid softwareuhctions,
including number of trains, number of passengers, stairs, ticket gatdsemiraxits, passenger destination
choices, possible delaying of exiting the train and stat@wmparative studies of both normal and
emergency situations are conducteda prototype subway station. Parametric investigations show the
impacts of some key parameters on evacuation time and delay and presentk@ile wnsights for

understanding the potential causes of delay of evacuations and possible imgmisvef thesubway station

! This chapter imdapted from a published paper by the author (Zou et al. 20ttOpermission fromTaylor &
Francis.
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design in terms of emergency response.
2.2 Model development for subway evacuation

Engineers and architects must consider unique characteristics of subway gtatians mot present in
many other buildings: the totalimberof people remaining inside the subway station can vary dynamically
because of two major sources. These include (1) people being transpatetidaway from the subway
station through subway trains, and (2) people entering and leaving the bfribdintpe exits of the suimy
station. To comprehensively simulate the movement of people within the atioway station is a very
important and yet challenging work that needs to incorporate-dependent interactions among
passengers on the trains, passengers entering from outside of the station,eaykmassside the station.
Therefore, in this study, the focus will be remained on the movements of people oatfibvenplpeople
from the arriving trains, and people who choose to exit the subway station undgemeyercenios.
2.2.1Subway system modeling
2.2.1.1Subway station

The prototype subway station used in this study is based on L'Enfant M¢ino St&Vashington DC,
as shown ifFrigure2.1 There are two side platforms where people wait for the subway trairisgralong
two adjacent tracks in the middle. Each platform has a length of 136.5 mg4¢d)ehd a width of 4.5 m
(14.76 ft.). The main station exits located around the middle points of ttierpichave 4.5 m of width
while the other exits have 2.5 m of width. The prototype station has a mmaxafnsix exits for the station

(three on each side).
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Figure 2.1The layout of the prototype subway station

2.2.1.2Stairs to the exits

In reality, the station exits can be on the same level of the platforms (iiegrtak and no stairs), or
be lower or higher than the platform (i.e., linked by stairs or dstg)aFor multifloor structures, stairs
and escalators can lie on the primary evacuation paths to exits, and chaotic mowm&aiss and
escalators of panicking pedestrians during emergencies can lead taraagiting acalents(Li et al.
2014). Thus, to consider the effect of stairs on the evacuation, inddi nthepath between the platform
and the exit can be defined as horizontal, upstairs, or downstairs, taatéldsnFigure 2.2a), (b), and (c),
respectively. The total ight of each stair in this model is set to vary between 3 and 10 meters. The

inclination angle of the stairs in this simulation is assumed to bedd@ate(Qu et al. 2014)
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Figure 2.2Three configurations of connection between the station platform and the exit: ganketri(b)
upstairs; (c) downstairs

2.2.1.3Ticket gates

Subway stations usually have automatic ticket gates for ticket checking latdtedentrances and
exits, and passengers need to lower their speeds to pass through suchogetesider such speed
reduction on the evacuation process, thiglelincludes the ticket gates with a width of 10 m at the end of
each exit Figure 2.). Furthermore, the speed that each agent passes the ticket gate &\&due lower

than its normal walking speed.
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2.2.1.4Trains

The subway train includes 5 carsléaVing a typical train configuration. Each subway car has a similar

layout with a length of 25.5 m (83.67 ft.) and a width of 3.5 m (11.48 ft.), in which there xite & ¢otal

with three on each side (Roh et al. 2009). In this study, the station has twandatfoopposite sides and

thetwo tracks are between these two platforms. The exits for eactagutaw will be only opened from

the side next to the platform while the doors on the other side will rentgedcI Therefore, there will be

only three exits open for each subway car ia ffimulation. The areas of a typical car are classified into

three categories, i.e., “Seat”, “Corridor”, and “Clieadoor”, as shown in Figure 2.3.

Corridor Close-to-door Corridor Close-to-door Corridor

: 10K 1

Figure 2.3Theareas in the car

In addition, this model also considers different numbers of the subway traoménst on the tracks
inside he station, which can be 0, 1, or 2, representing scenarios of no train, one traing aradnisy
respectively.
2.2.2Pedestrian modeling

In the model being developed, each pedestrian in the subway station ismegrdsean agent who
can interact with surrounding environments based on predefined rules. Indkénglsections, the terms
“pedestrian”, “passenger”, and “agent” will be used interchangeably. dtelnmitializes all agents’ initial
locations by randomly distributing them over the trains datfqgms considering the passenger capacity

of the station. Then, the main rule governing the agent's movement is to ideténe walking speed,

destination, and walking direction in normal and emergency scenarios. It should be riotieel dgmess
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behavor also depends on the psychological factors such as perceived emotion amahstiasowledge of
spatial environmenr{Helbing et al. 2000; Tan et al. 201%drst (2010)pointed out that the negative effects
of these factors on the evacuation should be included in the evacuation model to &tertongh the
reality. Although such psychological facdoare not easy to be characterized using clear simulation
representations, researchers have been developing models to reprodutieecbbdavior observed in the
emergency evacuation. This study focused on the effects of perceivediptmcegress batior: different
from the behavior in normal scenarios representing the normaligpesathe station, agents in emergency
scenarios all try to exit from station as soon as possible and can usudiiy typital panic characteristics
(Helbing et al. 2000)(1) trying to move faster than normal; (2) starting to push and ititegaziore
physically with people nearby; (3) being slowed down or blocked by fallen or dnpeeple acting as
“obstacles”; (4) arching and clogging near exits. These panic featutakemento account ithe following
rules.

2.2.2.1Rules of walking speed

The main formulas to calculate the speed of agent are based on the Predetathdfikpsiii method

(Shi et al. 2009and are defined as:

:l.lZD4 38M°% 43D? 213 57
«
60 «

m

(2.1)

V, PV (2.2)

where 8 is the standard speed (m/s) in the normal scenario, &ds the speed of pedestrians in the

emergency scenario. Usuall\g. is higher than8 (Gupta and Yadav 2004)& is the dimensionless
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density:

D —_ (2.3)

where 0 is the total number of agent< is the area that an agent occupies, Wiscequal to 0.125 fin

this study (Almeida et al. 2012); an# is the area of where agents are locatednd .in Egs. (2.1) and
(2.2) are the adjustment factors of speeds in different areas of the subway station, whietinack as
follows:

For horizontal paths:

m 1 (2.4)
R 149 0.3® (2.5)
For upstairs movement:
°0.785 0.08*** sin 150 when OD O

m .785 0.10sin 7.85 1.57 when 0.® @ (2.6)
P 126 (2.7)

For downstairs movement:
m 0.775 0.44e°*° sin 56D 0.22 (2.8)
P 1.21 (2.9)
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2.2.2.2Rules of destination choice

The destination choice depends on the scenario and the initial locatti@neafent. Generally speaking,
in the normal scenario, some agents will remain in the station and other adeaistwollowing the
typical subway travel patterns; in the emagescenario, all agents will try to exit from the station and
will also move faster than in normstenarios.

The initial locations of agents determine their possible destinatiehsaving paths. For passengers
on a train arriving at a platform, they can choose either remaining on the trairting gétthe train.
Similarly, those passengers remaining on the platform also haveediffeptions: getting on the train,
staying on the platform, transferring to another train, or exiting the stApparently, this information can
vary significantly from station to station and from time to time. Thetragtcal information from the
evacuation simulation perspective, however, is about how many passeilgget off the train and exit
the subway stationin order to define the destination choices of the passengerspavameters are
introducedPyain andPpiaiorm, denoting the probability of exiting from the train and the probgtafiexiting
from the platform, respectively. For example, in the radrecenario, iPyain is 50%, half of agents inside
the subway train will remain in the train while the other half will try td &im the train. Similarly, if
Ppiattorm IS 50%, half of agents on the platform will stay where they are whilettie hal will try to exit
from the station. Th@yain andPpiaorm Can be adjusted to consider more sophisticated scenarios.

Apparently, the two percentages during normal situations usugdgrdi on the specific travel behavior,
such as how many people wikigoff the train at a specific station, and then how many will exit the station

or transfer to another train. This data can usually be obtained fatistiss of the historical data from a
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specific subway station. As a general model, these two paraReieesdPpiaorm are defined as variables
instead of fixed numbers to allow for flexible applications with trecHiec data of traffic patterns. If it is
in an emergency, bofPyain andPpiatorm Will becomel00%, provided that all agents will choesating from
the station.

2.2.2.3Rules of walking direction

Once the destination of an agent is determined, the local moving airémtievacuation is needed to
be assigned. For passengers initially distributed inside the train, theirgmtixéctions changwith the
specific areas they are located: passengers located in the “Seat” area mogds thevaCorridor” area,
passengers located in the “Corridor” area move towards the “@laksor’ area, and passengers located
in the “Closeto-door” area move towds the platform through the car doors (refergndeigure2.3). For
passengers on the platform, when multiple station exits exist, they tamaéotowards the closest one.

To analyze the pedestrians passing through an exit, the width of the exit isl dinaenany imeter
channels. It is assumed that each person has the same probability toachobageter “channel” of the
exit door. In other words, for a given width of the exit, each person has the same pydioadsiiit through
the left, middle or right portions of the exit. This allows passengeaesatistically move across the width
of the exit.

In addition, the rule of collision avoidance is addehiich states that if an agent is very close to another
one, the first agent will try to avoid the contact by changing the walking diretjain, this makes agents
spread around the space because each agent will try to find a space thatdapietidiy others.

2.2.2.4Possible delays

In order to more realistically consider the movements of pedestrians, sdays dbould be
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accommodated, including possible delays of passengers exiting thartdadn the way to the exits of the
subway station. The parameRgiayis used to control the probability that agents (only those who will exit
the station) will have some delays during the process of exiting theagubain due to several possible
reasons: 1) in the normal scenario: decisimaking process or delay afoiding congestion; 2) in the
emergency scenario: health condition, injury, or being unaware of emgrgeevacuation needs. For
example, ifPgelay is 50%, an agent who is seated or standing inside the train has 50% cdhizacéng
from where the agent is for each second. Moreover, another parametaksBris introduced to enable
agents to make some stops on the way to the exits. These stops can occunbetangeeasons such as
falling, injury or other health conditions for those physicallineuable peopl¢Helbing et al2000) This
parameter in the model can also be used to characterize the scenarios whgastoxiother hazardous
conditions exist which may impede the movement of people with more temgtwps for health reasons.

After the walking speed, destination, amalking direction are determined, the agent can start to move.
The simulation stops when all agents who choose to egress have exited succe$sfUlBM is
established using NetLog®&igure 2.4a) and (b) show the interface of this model and also the model
visualization of the simulated results, respectively.

For the visualization purpose, all agents are coded with different colonssliblack, green and yellow)
in this model per the instantaneous stakigure2.4(b)): if an agent is coded in black, it will remain where
it is; if an agent is coded in green or yellow, it will toyexit from the station: yellow means it is currently
on the platform and green means it is inside a subway train. Diffedemtsobhlemes are updated in real
time and allow the users to easily identify where people currently are antheinabstantaneous statuses

are in terms of movements.
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With the proposed model, it is possible to create other different smebgrmodifying the number of

people inside or outside the subway trains independently. In other words, therrafrpeople inside the

subwg train has nothing to do with the number of people outside of the train. In this modegxineum

number of people inside is 1,337 for each subway train and the maxinmipenof people outside is 1,250

for each side of the platform, so a wide rangditierent numbers of people can be selected to create

different scenarios.
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Figure 2.4The interface of NetLogbased agertbased model for the subway evacuation simulation: (a)
model configurations; (b) adel visualization

2.3 Simulation

A total of 12 cases are established in the simulation considering the wvairatibe scenario, the
existence of ticket gate, stairs, the number of agents, and the vaRigs,Prain, aNdPpiatorm. Due to the
randomness of some variables (eigitjal locations of agent®seiay and “Breaks?”), for each case, the

simulationsarerepeated 10 times with stairs and 10 times without stairs to obtaindgregavevacuation
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time as shown iTabe 2.1. Simulations with 6 exits refer to the scenarios with all exits availahile
those with 2 exits imply the scenarios with only Exits 1 and 2 being éjguré 2.). For simulations with
stairs, the stairs have inclinations of 30 degrand vertical heights of 6 tm emergency scenarios, it is
assumed that no one tries to enter the statiorttandtairs are only used for moving people upstairs to
evacuate. It is also assumed that people do not move between two trains hy aal&iss the tracks. So,
when two trains are on the tracks simultaneously, one train in the statimhnebaffect themovement of
people from the other one. The simulation with two trains remaining otratles simultaneously is to
capture the evacuation scenario when two trains happen to stop at thenglaifdihe same time when an
evacuation starts following the incident. The parameter “Breaks?” is set tsitiggin this case to make
the movements of people more realistic during emergencies. Two populitaries are considered: a
low number of people (885 people=360 people inside the trains + 525 peopteptatitbrms) and a high
number of people (5,174 people=2,674 people inside the trains + 2,500 people on the platforms)
Considering that the ticket gate with turnstiles in subway stations cantib@iyaeduce the speeds of
pedestrians who pass throudgem (Roh et al. 2009)for cases witla low number of people, the speed to
pass the ticket gate is assumed to be 0.2 m/s; for cases with a high number offpeepbxd to pass the
ticket gate is defined as 0.05 m/s to represent the lower passing speexeddrg the clogging effects at
the gate when there are many people passing through the narrow gate siougharThose speed values
can be further updated by observation data to reflect a more realisticicCeaale 2.1 summarizes the

simulation scenarios, associated parameters and the results.
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Table2.1 Simulation results of all cases

Time to Time to

Time to
exit exit
People People Walking exit
All Poelay  Pran  Pplatom  Number outside outside
Case inthe onthe speed from
people (%) (%) (%) of exits station station
train  platform (m/s) the
with without
train (s)
stairs (s)  stairs (s)
% 1 2674 2500 5174 50 45 10 6 0.32 24 268 253
(o2}
k3]
<
2
3
2 g 2 2674 2500 5174 50 100 10 2 0.32 27 392 371
g
(0]
[S]
2]
o
E
S o 3 2674 2500 5174 50 45 10 6 0.32 25 290 273
S
k3]
X
c
£
= 4 2674 2500 5174 50 100 10 2 0.32 27 414 395
5 360 525 885 50 100 100 6 1.10 15 120 118
% 6 360 525 885 50 100 100 2 1.10 15 175 174
(=]
3]
X
2
5
) =l
§ £ 7 2674 2500 5174 90 100 100 6 0.43 74 216 207
g =
2]
>
[8)
j
[
2
g 8 2674 2500 5174 90 100 100 2 0.43 74 294 278
w
o 9 360 525 885 50 100 100 6 1.10 16 122 121
S
3]
X
c
£
= 10 360 525 885 50 100 100 2 1.10 15 180 178
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11 2674 2500 5174 90 100 100 6 0.43 76 232 221

12 2674 2500 5174 90 100 100 2 0.43 78 318 302

2.3.1Normal scenarios

Case 1, 2, 3, and 4 are for normal scenarios that need to be evaluated tothedypical daily travel

pattern.n this scenario, the train stops at the station for a fixed time accordingtimé¢htable, and agents

can board or alight at their normal speeds without panic beh&udhermore, this scenario is tested by

using a high number of people to evaluae ittost critical condition for a standard case. In addition, the

parametric studies regarding thgistenceof ticket gatesPuain, and the number of exits in the normal

scenarios are conducted to assess which variables are critical and how edubt atieicts the travel time.

FromFigure2.5, as expected, in normal scenarios, having more exits and no stair will fieelesd time

of the passengers. The stence of ticket gates will slightly increase the exit time. More detailed

comparisons are made in the following.
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Figure 2.5 Comparison of evacuation time of cases in the normal scenario
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2.3.1.1Case 1 and 3: rushour and six exits

The only difference between these two cases is the presence of ticketr gaied-or Case 1, there is
no ticket gate, but for Case 3 theme For Case 3, the total time to exit from the station is almost 21 s
longer than that for Case 1. Since most platforms have exits at the ends, tbin@hen suggests that the
ticket gates have quite considerable impacts on the evacuation time.

2.3.1.2Case 2 and 4: rush hour and two exits

For Case 2 and 4, the same number of passengers as Casedreang8ied representing rush hour
scenarios. With only two exits (Cases 2 and 4), the final time to exittfrerstation becomes higher (122
s longer) than the scenario with six exits (Case 1 and 3). For Case 2, therekstngatie, but for Case 4
there are. For Case 4, the total time to exit from thénstés almost 23 s longer than that for Case 2. To
evaluate the additional time people would need to exit from the submiaydiie to an increase in the
number of people that want to get off the train, the ratio of people who leageaittivay is increased to
100% of 2,674 individuals while for Case 1 and 3 the ratio is 45% of 2,674 individuaseaslt, the time

to exit from the subway is increased by 2.5 s (average) for Case 2 and 4 tear Case 1 and 3.

2.3.2Emergency scenarios

Case 5, 6,7,8,9, 10, 11, and 12 are for emergency scenarios. During an emergency Srebras
a terrorist attack, all people will try to exit and the probabilityyifg to exit from the train and the platform,
i.€., Pyain andPpiaorm, both lecome 100%. Those eight cases differ in the number of people in thetteain
number of people on the platform, the total number of people, the existendesbyite Pyelay, and the

number of exits. Different impacts tfeseparameters on the evacioat time can be found out and based

49



on which, the critical parameters can be identifiédure 2.6llustrates the results of the eight cases.
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Figure 2.6Comparison of evacuation time of cases in the emergency scenario

2.3.2.1Case 5, 6, 9, and 10: low number of people

For Case 5 and 6, there is no ticket gate, but for Case 9 and 10, therectigatiek. For Case 9, the
average total time for all agents to exit from the station is 2.5 s Itimgethat for Case 5. For Case 10, the
average total time for all agents to exit from the statioh5ss longer than that for Case 6. There is just
difference of a few seconds between Cases 5 and 9 and there is also #feneaite of total time to exit
between Cases 6 and 10. This is because there are only a few people that are pasginticttet gates
and only a little delay was observed. The difference between Case 5 ahd Gusnber of exits. For Case
6 with only two exits, the total time for all people to exit from the station & $%nger than that of Case
5 with six exits. Similarly, for Case 10 with two exits, the total time f@rgbody to exit from the stain
is almost 57.5 s more than that for Case 9 with six exits.

2.3.2.2Case 7 and 11: high number of people and six exits

To evaluate more critical scenarios during an emergency, some parameters aré¢oveoieduct

numerical simulations. It is assumed that the incident occurs durinchauss with a higher number of
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people inside the subway train and station. People lsdl spend more time to exit from the train due to
obstacles (e.g. debris, fallen people), smoke, or possible injury, and accotidéngipbability of delay to
exit PgelayiS increased to 90% for each second. For Case 11 with ticket gates, thenedtad dill individuals

to exit from the station is 15 s longer than the time for Case 7 without ticlest Jdtere remains such
significant difference because of the speed reduction effects cauiekdbygates located near the exits.
Moreover, it is alsdfound that the results between the scenarios with stairs ahdulvistairs have
considerable difference, which is more significant than that when the nofbeople is low (Case 5 and
9).

2.3.2.3Case 8 and 12: high number of people and two exits

The most crittal condition is probably when only two exits are available during rusls hbuo exits
for many people will increase the evacuation time considerably. Agsae Tand 11, tH@eiayis set to 90%,
and the difference between Case 8 and 12 are only about the existence of tiskdtagaase 12 with
ticket gates, the total time for everybody to exit from the station & [2Ager than the time for Case 8
without ticket gates. The higher number of people increases the timestihpagyh ticket gatesoF cases
of rush hour with two exits (Cass 8 and 12), the average time for all agexnis from the station is 79 s
higher than the time of cases of rush hour and six exits (Case 7 and 11). Thiemexfutie number of
exits increases the total time exit from the station. The comparison between the results with igimalitv
stairs for both Case 8 and 12 suggests that the existence of stairs will caumsficargiglifference to the
total evacuation time as compared to the rest cases when thereigitenamber of people and only two

exits.
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2.3.3Discussion about factors influencingittime
Based on the parametric studissmediscussions are made in terms of the factors influencing exit
time.

2.3.3.1Effects of Reiay, Prain, and number of people in th&in

By analyzing the results above, it is found that there are sevetiahlckiariables affecting the
evacuation time to exits from the subway. The first orféds, which indicates the probability of delay
when evacuating from the subway trains.

For normal scenario®geiayis assumed to be 50% (per second before starting to move) to characterize
an expected delay that people exhibit daily. This delay happeasdsesome individuals can spend time
thinking about where they need to get off the train or trying to get up fromdheste This is apparently
a minor delay because each agent inside the train will start to move mostrikedyfollowing a couple
seconds. In other words, in this model, tRafay being 50% reflects that in normales@rios, there is
sufficient time for all individuals to exit the subway train before dioors close and the train departs for
the next station.

For emergency scenarios with a high number of peBplgyis assumed to be 90% (per second before
startingto move) to study an extreme delay. Such a severe delay can happenfduexample, people
not being aware of the emergency situations or physical cornstgaich as injury and congestion. Under
this situation, the delay becomes considerable becagbeagent on a seat will most likely start to move
during the next 20 s. TherefolRyeiayOf 90% reflects that the time for the last agent to get off the train can
be long (more than 1 minute), which can put people who experience delay in dangmerfgney

scenariosFigure2.7 shows the effect dqelay0n the time of exiting from the train. Wh®geiayis 90%, the
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time for the last agent to get off the train carabdrigh as almost 80 s. In contrast, for the same number of

people (2,674 people) bBRteay being 50%, the time to exit from the subway train is much lower: 27 s.

50% 90%

Pdelay

Figure 2.7The effect oPgeiayOn the time of exiting from the train (high number of peopleRad= 100%)

Other parameters that also considerably increase the time to exit from \Waey dtdin arePy.in and
the number of people in the train. With the same values for the numbeoé pe the train an®gelay
whenPyinis increased to 100%, the time to exit from the train becomes 27 s. Wieercanditions remain
the same an@.in is 45%, the time to exit from the subway is 2 s less than thatRuithbeing 100%

(Figure?2.8).

45% 100%

train

Figure 2.8The effect ofPyain ON the time of exiting from the train (high number of peopleRuag, = 50%)
When all other parameters remain the same, the scenario with auinidger of peple can cause the

53



time to exit from the train to be 12 s more than that with a low numbegeagle. For this situation, the

results are 15 s for a low number of people and 27 s for a high number of pégole 29).

30

Low High
Number of people

Figure 2.9The effect of number of people on the time of exiting from the tRig(= 50% andPain =
100%).

2.3.3.2Effects of stairs

Comparisons are also made between the results with and without stiira. Mgh number of people
and stairs, the average time for all the people to exit se&6nds higher than the situation with no stair.
With the low numbers of people and stairs, the average time for everybady itojest 1 second higher
than the situation where there is no stiig@re2.10. The results suggest that many people trying tb exi
through stairs at the same time can cause some delay that can put peoplatsribked he challenge is
how to avoid stairs on those subway platforms that are often not at thdesteéeBiven the fact that it is
nearly impossible to eliminate treairs, some more effective evacuation measures are needed, such as

designing faster emergency vertical evacuation venues, etc.
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Figure 2.10Time difference to exit from the station between cases with ahduwtistairs

2.3.3.3Effectsof number of exits

Six exits are apparently very helpful during an emergency as compared to festei(exj., 2 exits)
by substantially decreasing the time to éndtn the station. As can be seen frdable2.1, the additional
time for all individuals to exit from the station due the reductionxd$ és around 60 s for a low number
of people and between 80 and 120 s for a high number of people. The reduction of exitstis feutn
main reason that causes the exit time to increase. Therefore, crdadidditmnal emergency exits will
allow for a more effective evacuation from the station during an emergencylmining the time for all
people to exit.

2.3.3.4Effectsof ticket gates

Another important issue is the ticket gates. Although the existencdelf ¢jates does not increase as
much additional evacuation time as the reduction of exits does, thetutwgiiaround 20 s) is still
something that should be seriously consideredruiipg on the nature of the emergency. In addition, during
an emergency with a high number of people, the presence of ticket gates catdcanrextremely high

density of people gathering around these gates, leading to clogging. This is very dape@rmses people
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may push each other, fall or be trampled. In some situations, peoyplé die because of the high

concentration of panicking people trying to escape rather than froemtbyency incident itself.  If the

ticket gates are essential, it will ery helpful to develop “smart” gate systems which can automatically

open all the ticket gates at the same time during an emergency withougcausiarther delay.

2.3.3.5Effectsof crowd density

When the crowd density is lowegoplecan walk normally due tthe ample space around them. The

time that someone requires to exit from a subway station will be lessskegaople will usually have

sufficient room to move around and the chance of suffering from the “bottlenféettsearound the exits

will be low. In contrast, with a high number of people, people will start to clog around the eftizugth

in normal scenarios the station space usually can accommodate albphe toeexit rather quickly, the

“bottleneck” phenomenon can decrease the speeds ofepexiting the subway station considerably.

During rush hours and under emergency with two doors, the “bottleneckl lefismmes more severe and

people lose precious time around the exit doors without being evacuated.quickl

Meanwhile, the pedestriarépeed is a function of crowd density due to the clogging effect. Therefore,

a high number of people will decrease the average walking spedide ©ther hand, an emergency incident

may also motivate people to move faster because of the urgency they et their liveqTsai et al.

2013) Thus, the actual speed of thedestriardepends on the tradeoff between these two factors. Ideally,

the station management team should control the population size not to go theyoriticalpoint without

jeopardizing an effective evacuation and causing significant delay, casualtiapiaied. By appropriately

defining desired evacuation performance, -iifhrmed management plan for possible emergency

scenarios of any subway station camize.

56



For evacuations involving subway trains, another important isstiedn considerably decrease the
movement speed of the public is the possible delays on the path to thé&xiiscussed earlier, if the
probability of delay to the exits fromdbsubwaytrainsis high because of some specific reasons, such as
injury, toxic gas or smoke, fire, or health conditions, the time spent foreafigbple to escape from the
subway trains can be as high as those listed in Case 7, 8, 11, and 12. Medeasfessment can be made
based on more detailed characterization of the specific emergency incident, sidtigayestvironment
and possible health and psychological conditions of the passenger populdtiorsioe the subway trains
and on the platforms.

2.4 Conclusions

A study to simulate passenger movements under normal conditions and evacuatien extreme
conditionsis carried out including people from both the subway trains and platfoome Sietailed
configurations of the station and pedestrians’ different behaafierconsidered. Parametric studies
including some main variableseconducted and the impacts of several major variables on the evacuation
time are also discussed. Different from the previous studies focusing e single aspects of éh
evacuation of people inside the subway station, this study peaidhore comprehensive and holistic
model for assessing the egress safety of a typical subway station for ipebpth trains and platforms
under normal and extreme conditions. Further experimental and observation data cahtbeaigarate
some key parameters to achieve more realistic andggfic simulation results. Some valuable insights
are made from the demonstration and parametric study to understand the majar chdstay of
evacuations and possible improvements of the subway system design in termgeheyesponse. It is

also found that more comprehensive studies based on specific emergencyreverdded to provide more
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customized analysis, which can provide #ite- and evenspecific emergency response plan including

optimal routes and potential design improvements for different emergenidgrits.
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CHAPTERS3 SIMULATION OF CROWD EVACUATION UNDER TOXIC GAS INCIDENT
CONSIDERING EMOTION CONTAGION AND INFORMATION TRANSMISSION

3.1Introduction

The energency egress behavior of human is not only affected by damages caused by dangeresis

directly, but also depends on tiraarying internal states of evacuees, such as the familiarity with the

environment, the information perceived, and the emotioegponses triggered by the incident and

casualties. Thichapterpresers a method of crowd evacuation simulation under toxic gas incident

considering the effects of emotion contagion and information diffusion, whitdists of four main parts:

the gas dispersion model, the information diffusion model, the emotion contagion nmoidélke anodified

social force modelThe concentration of the toxic gas described by the gas dispersion aetelehines

the casualty and the impairment of the pedestrian mpHilite spread of the information about the incident

and the exits is modeled by the information diffusion model, and the emotitagmn model quantifies

the emotion and panic. Then the social force model is modified to ateetirese effects to govettme

movements of people in the evacuation process. Numerical simulations fstotliet incorporation of

emotion contagion and information transmission can cause signififfenedce as compared to existing

models in terms of evacuation time, number of casualties, and number sibnslliThe influences of the

number of evacuees, the perception radius, and the number of authority figures on tlaticevace

examined in the parametric study.

3.2 Model descriptions

2 This chapter is adapted from a pubéig paper by the auth@ou and Chen 2020lwith permission fronASCE.
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In this section, the gas dispersion moddira introduced and the four damage states of pedestrians
are defined. Agents are designed with certain attributes to reppes#astrians allowing for considering
information transmission and emotional contagion. The effects of toxiinfagnation transmission, and
emotional contagion on the movements of agents are integré&tetiénsocial force model to simulate the
evacuation process.
3.2.1Hazardous environment: gas dispersion model

The toxic gas attack studied here is assumed to be an instantaneous chlorine/aithakeans the
concentration of chlorine is formed instantaneously once the attack hagipesthe time of release is
much shorter than the dispersion time. The Gaussian Puff Model &ssi@l model to calculate the
concentration of instantaneous sourg@éanna et al. 2008). When the wind speed is no more than 1 m/s as

assumed in this study for indoor environment, the concentration of the gasaaoubated as

v 2
5 )exp(V2 5 (3.1)

y z

2Q X
Cx %2 2%,y Z\9Xp|(/2 Xz)ex%z

whereC(x,y,2) is the gas density at the spatial locatiog,£); Q is the total mass of toxic gas; add 1,

and % are dispersion coefficients along they, z-axis, respectively. Since the chlorine concentration level
does not vary much from= 0 m to the typical height of the pedestrian (approximately-1.80 m) here

only the concentration level a& 0 m is computed, which reduces the gas dispersion model to a 2D model.
Suppose the total amount of leaked chlorine is 5 kg in the study and the maximuntretiooeat location

(X, ¥, 2 near the ground is (Wan et al. 2014)

C(x Yy, 2 26.15exp[ 2.2635¢ y (3.2)
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After the concentration of chlorine gas is known, the casualties due taxic load can beéetermined

and are classified into four categories as listethinle3.1 (Wan et al. 2014)

Table3.1 Damage states of pedestrians caused by chorine concentration

Distance to gasource (m) Damage state Speed reduction factog®b)
Q2.025 Dead 100
[2.025, 2.34] Seriously injured 50
[2.34, 2.435] Slightly wounded 10
>2.435 Normal 0

3.2.2Agentdesign

To allow for interaction dynamics of pedestrians from information anotiem perspectives and
consider the heterogeneity, pedestrians are designed to be intelligeatvdy®nan possess certain degrees
of knowledge about the environment and their neaghtand actccordinglybased on the perceived
information and emotioMable3.2lists relevant attributes used for modeling information trassiomand
emotion contagion, including both tirtkependent (defined as functions of titheand timeindependent
attributes. For timelependent attributes, they will be recalculated in each time step durisigniiation,
while the timeindependent attributegmain constants once they are initialized at the beginning of the
simulation. The detailed explanations about the parametérahlie 3.2 can be found in the following

sections introducing the information transmission and emotion contagiortsmode
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Table3.2Pedestrian’s attributes related with information transmission andemuoantagion
Parametel Value Description Reference
Depending on the

Rip . Perception radius (Ma et al. 2016)
environment
{Dead, Injured,
t Damage state Wan et al. 2014
Se() Wounded, Normal} 9 ( )
{Infected, .
t Emotional state Cao et al. 2017
Se) Susceptible} ( )
Indicaing whether the agent
t True, Fal . -
S {True, False} knows the incident or not
() {0.2, 0.5} Tendency of herding (Helbing et al. 2002)
Reaction time after know incident .
ti reaction ls s . (Shieldsand Boyce 2000)
and before initiating evacuation
EC(t) Exit number Exit choice -
P Uniform random Personal sensitivity index (Caoetal. 2017; Fueta
| number within [0,1] Y 2017)
Uniform random
Tie Emotion threshold (Cao et al. 2017)

number within [0,1]
Uniform random
Ei(t Emotion value Durupinar 2010
O umber within [0,1] (Durup )
Initial emotion value once

Random number changing

E i Cao et al. 2017
v greaterthaie  from susceptible state to infected ( )
state
Lognormal random
) (Cao et al. 2017;
di(t) number Panic dose released Durupinar 2010)
( <=0.5, 1=1.5) P
Summation ofi(t) of : . Cao et al. 2017;
Di(t) _ ® Accumulated panic dose received ( .
neighbors Durupinar 2010)
Lognormal random

Threshold of accumulated panic

Tip number dose (Durupinar 2010)
( 7=4, k7=2.8)
0.2 Emotion decay coefficient (Cao et al. 2017)

Note: the subscriptindicates the agent numbeg;and 12 are the mean and varianceddf), respectively;
tp and kp?are the mean and varianceTg#, respectively.

Each agent in the simulation has its own independent perception space defingdudgr area with

the perception radiuke, as shown irFigure 3.1 The small circles represent the pedestrians, within which
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the arrow indicates the current moving direction. The agents can only gencismation within the
perception space, i.e., theigatircular area, via its vision and hearing. In this study, the visual infamma
includes the building information, other agents’ moving speeds ardidirg, panic based on others’ facial
expressions, body languages, dangerous sources and casualties. The auditoatianf indicates the
emergency information, the exit information, and other knowledge and exgetieat the agent is able to
share with its neighbors using verbal language while passing by each other. Jitde podivities of
informaion exchange and emotion contagion are all assumed to occur within thetiparsppce. The
perception radius depends on the agent’s physiological condition and the surroundioignesnv. Two
types of agents are considered here: common pedestriangthodtg figures. The authority figures are
typically security officials or evacuation leaders who are famitith the environment and can calm the
panic emotion of evacuees nearby. They differ from general publiaiis wfrthe behavior of information

transmission and emotion contagion, which is elaborated in following sigdrsect

Q

Perception space

Figure 3.1lllustration of the perception space of the agent
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3.2.3Interactions among the agents: information transmission and emotion contagion

The information transmission and emoticontagionmodels are constructed based on the OCEAN
personality model and the epidemiological SIS md@elo et al. 2017; Durupinar 2010)he OCEAN
personality model includes five dimensions: openness, conscientiousriessrsion, agreeableness, and
neuroticism (Wiggins 1996). Among them, the neuroticism refécs emotional sensitivity and
susceptibleness to the mood swifigarupinar 2010), and can play a significant role in crowd behavior in
emergency scenarios. Therefore, only thigetgf personality “neuroticism” is considered in this study and
is denoted using the personal sensitivity inein Table 3.2 The higher the valuef ¢he P;, the more
sensitive the agent is to the external informational or emotionallsigna

3.2.3.1Information transmission

When a disastrous incident occurs, it is important to detect the dangerous solatesffected areas,
distribute emergency information, and initiate emergency responses (Fl2éLg Wan et al. 2014)
Meanwhile, the famiarity level with the facility information can vary among pedestriandanes such as
an airport and contributes to the pedestrian’s exit choice during theatioaglisd et al. 2011) Therefore,
two types of information are considered here: the incident informatidth@ exit information.

The incident information refers to whether the agent is awarhefdisastrous event, which is
represented by a state variaBigt). Provided that the toxic gasaftenhard to be detected by common
agents without being directly harmed and an effeatrarning system is lacking, common agents can detect

the toxic gas attack under three situations, as illustrated in Figure 3.2.
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Figure 3.2Situations of common agents aware of the incident (agents with theasad are common
ones who are aware of the incident): (a) personal harm from toxic gas; if@dnioy authority figures
nearby; (c) informed by other commagents nearby

Figure 3.Za) indicates that if the common agents are in the gas influence ardwrieed by the toxic
gas, they know the incident deterministicafjgure 3.Zb) shows that common agents can also become
aware of the incident if the authority figures who know the incidemtngarby, such as through voice
directions.Since authority figures such as security guards usually thiatiactive features, e.g., special
uniform, and can be easily distinguished and capture others’ attention, itriseglthat the authority figures
can always deliver the incident information to common agents neadogssiully(Ma et al. 2016)

However, the success of information transmission among common ageigara 3.2c) depends on the
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probability related to the agents’ personality. Due to the variatigperfonalities, each person can be
affected by surrounding environment in a different way (Cao et al) 2@%énsitivity indexP; is used here
to represent the sensitivity of the agent to surrounding stimuli, includiagration and emotion, which
can also be interpreted as the probability of changing its own mindcaegtimg external information.

Therefore, the algorithm of information transmission in Figuréc3.s as follows:

Algorithm 3.1 Information transmission among agents
1: Input: sensitivity indexP; , perception radiuR, p

2: for each agend do

3 Initialized set=1

4 for other common agengs do

5: if distance &, a) <R rand S,(t) = Truethen

6: A=Ak €y

7 end if

8 end for

9 for each agers in A do
10: Generate a uniform random numipewrithin [0,1]
11: if u QP; then
12: The information is delivered successfully(t) = True
13: break
14: end if
15: end for

16:end for

It is noteworthy that each common agent in&gthas and only has a single chance to deliver the
information to agend;, either successfully or unsuccessfully. The rationale of this assumptienfold.
First, the information transmission model is based on the Independenti€adaodel, one of the most
basic and prevalent diffusion modéempe et al. 2003)This model stipulates that in the social network,
one active node has only one single chancactivate each inactive neighbor. Second, the information

transmission here needs to account for the crowd dynamics. S@gerd® becomes aware of the incident
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and initiates its evacuation. Along its evacuation route, it can encathtgragents whare not aware of

the incident and send the message about incident by the way. Suppdsgiagent aware of the incident
and encounters ageat If agenta successfully receives the incident information based on its sensitivity,
then ageng will also begin to egress. However, if ageytails to receive the incident information, agent

g still continues its random walking within the room while agemboves towards the chosen exit. In the
simulation, it was found that these two agents are unlikely to ereroeath other again. It should be
pointed out that although agemtas little possibility to encounter the same agerit can still encounter
other agents being aware of the incident and then get to know the incident since tthéscabmays in
motion. In other words, the set of nearby agéaterho can potentially deliver the information to agant
defined in Algorithm 3.1, isime dependentt is also assumed that once the common agents receive the
incident information, they are fully aware of the distributionafi¢ gas and can avoid the gas influence
area during the evacuation.

For authority figures, apart from receiving the incident information fromneson agents using the
algorithm above, they are assumed to be able to recognize the attack by déteagjag influence area
directly without being harmed. And once one authority agent knows the incidenthallitgufigures can
instanty know this incident as well, which simulates an immediate radio comumtioricamong the
authority figuregTsai et al. 2011)

Once agents obtain the incident informatithey initiate their evacuation and make their own exit
choices after a short reaction titagcion The exit information can also spread among evacuees, especially
for those who enter the environment for the first time and have inconkpletdedge ofexit locations

(Tsai et al. 2011). The exit information combined with thenigemotion state can finally determine its
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exit choice behavior. Authority figures are assumed to be familiar wigxiallocations and always choose

the nearest or specified exit to evacuate. The common agesds the following algorithm to determine

its exit choice;:

Algorithm 3.2 Exit choice for common agents
1: Input: perception radiuR p, current emotion valui(t)

2:for each common ageatdo

3: if distance &, authority figures) R pthen
4 Choose the exit choice of one of the authority figures
5 else
6: Generate a uniform random numipewithin [0,1]
7 if u RE(t) then
8 if distance &, exits) <R pthen
9 Choose the nearest exit
10: else
11: Choose the exit which thegent is most familiar with
12: end if
13: else
14: if distance &, other common agents with exit choices being mad®) then
15: Choosehe exit choice of one of them randomly
16: else
17: Choose the exit which the agent is most familiar with
18: end if
19: end if
20: end if
21:end for

It should be noted that the exit choice in this model also depends on tkis egenion state as stvn
in Algorithm 3.2. The emotion valugi(t), reflecting the panic level, is used to determine whether an
individual either makes its own decision or follows others’ strategieshéderding behavior (Helbing et
al. 2000; Lovreglio et al. 2016). In addition, similar to the algorithm for the intiddormation
transmission, each agent can have and only have a single chance to follow tteiegitfrom other

common agents, which avoids the unrealistic phenomenon where an agent chaexgjeslitice too
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frequently. But if the agent only forms its exit choice based on its awilidaty or other common agents’
exit choice, it still has the second chance to change its mind if it etecsw@authority figures or exits within
its perception spacén other words, the priority of exit information sources from high to low fadltine
following sequence: from authority figures > from perception > from ita tmiliarity or from other
common agents.

3.2.3.2Emotion contagion

The emotion contagion is simulated by a modifie®lB model which combines the personality model
and the epidemiological SIS model (Cao et al. 2017). From the emotion petspaatiagent in the
simulation can be in either susceptible state or infected state, which is defined By \eagtbleS:(t). If
the ageng; is in the infected state, the emotion valiug) is above the emotion threshdig, and it reflects
more panicking behavior and calsogenerate a random panic dagg). If the ageng; is in the susceptible
state, the emotion valug(t) is below the emotion thresholde, and it reflects less panicking behavior.
And it has the probability of changing into the infected state based eurttoeinding environment or the
accumulated panic doses perceived (@) andT, p). For authority figures, it is assumed that they always
stay calm and rational and are not affected by others’ emotion; meativdyilean have a calming effect
on canmon infected agents nearby and enable them to change from infeaed stestceptible state, which
is represented by an emotion decay coefficieffthe algorithm for emotion contagion among common

agents is shown in Algorithm 3.3.

Algorithm 3.3 Emotion contagion among common agents
1: Input: Before the toxic gas attack, for each agent, initiafzeT; e, andE;n: according to thei
distributions inTable3.2 Sett = 0, E;(0) = 0,D;i(t)=0, andS(0) = Susceptible

2:for each time stepdo
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a &

10:
11:
12:

13:
14.
15:
16:
17:
18:
19:
20:
21:

22:
23:
24.
25:
26:
27:

28:

29:
30:
31:
32:
33:

34:
35:

36:

for each common agentdo
updat§,(t) first based on the information transmission model (Algorigh)
end for

for each common agentdo
if S,(t)=Truethen
if distance &, the gas influence area or any casual&eR)r and
distance;( authority figuresy R pthen
s& e(t) = Infected Di(t)=0, andEi(t) = E; init
end if
end if

if §,(t)=Falsethen
if distance &, any casualtiesy R » and (&, authority figuresp R rthen
setEi(t) =P
if Ei(t) > Tethen
setSg(t) = Infected and;i(t)=0
end if
end if
end if
end for

for each common ageatdo
if distance &, the gas influence area and casualtiésp then

Aip=the infected agents nearloy; the total number of infected agentship

for each common ageagtin A, do
Generate random panic dag)
end for

n
setD, () : d; (1) |

i1

if Di(t) > Tipthen

s&h e(t) = Infected Di(t)=0, andEi(t) = E; init
end if
end if
end for

for each infected common agem(S,(t) = True)do
if distancga;, authority figuresk R pthen

SeLE() (I BE(t 1
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37: if Ei(t) QTiethen

38: setSe(t) = Susceptible anD;i(t)=0
39: end if

40: end if

41: end for

42:end for

In the Algorithm 3.3, lines-83 imply that the conditions of changing from susceptible state into
infected state depend on both the incideftrmationand emotion perceived, while lines-34 show that
whether the infected agent can enter the susceptibleosiigtdepends on the calming effect of the nearby
authority figures.
3.2.4Crowd dynamics: modified social force model

The social force model is modified to simulate the crowd dynamics incamupthe effects of toxic
gas, information transmission, and emotbomtagion. Each agent is represented by a circle with a radius

of ri and a mass oh and the motion of each agent is governed by the following equation:

dv, VM) vy, o G ©
5 7 " +jj f! ) f, g:fg (3.3)

m

where the subscriit j are the agent numbers;°(t)y and et are the desired moving speed and
direction, respectively,y{t) is the actual moving velocity/As the relaxation timgfi, fw, andfig represent
the repulsive forces used to maintain a safety distance from otthestpang, wallsw, and gas sourag
respectively, which have a similar form:

A MR (Q @ Q?)%%riJ whenq, >

fix ®

(3.4)
G
A e B QX)%)MN&Q& d)mn  Ng(, d))'v'tx whend,
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where the subscriptcan bg, w, org, referring to pedestrians, walls and gas source, respecitiyed/the
distance between the centers of mass of agahbbjectrix equalsi+ ry whenx =j and equals; whenx =

worg; AiandBi define the strength and range of the social force, respectivelgontrols the anisotropy

of the social force;n,, is the unit vector pointing from objextto agent; tiis the unit vector pointing

the tangential direction;)s denotes the angle between the direction of moving motion and gutiaiir

I
vector ni ; 'int (vx Vi) tx is the tangential velocity differencex, and , are constants
related to the body compressiand sliding friction, respectively.

The pedestrian’s tendency of keeping away from the toxic gas is representexpblsiae force term

yu

fig in Eg. (3.3). It should be noted that only those agents who are aware of thenirmideble to perceive

this repulsive force. Those agents who do not know thidentcan enter the toxic gas influence area and
result in different levels of damage, which can lead to the speed mdtatior @n v.°(t) as listed in
Table3.1.

The information transmission mainly affects the agent’s decision on whetimitiate the evacuation
and the exit choice from a global perspective as discussed previously, which regordsented by the

desired moing direction:

G -pointing the chosen exit, whé& True

35
%ointing the random target, whg&n Fe (3:5)

The emotion contagion can influence the agent’s local moving behavior ratiese step, more

specifically, the original desired speeg°(t)y and the desired moving directiog®(t) , which are

modified as follows:
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° (1) éél Jv°(t) when in "Seriously injured" or "Slightly wounded" st (3.6)
new 1 E@®)))V°(t) E(H)y™ when in "Normal" st e '
0 = >
Bl @ ()& D () v(D | 3.7

where V., (t) and q‘iew(t) are modified desired speed atitection, respectively;°(t) is the desired
speed in normal conditionk (t) is the current emotion valueyis the speed reduction factor based on
the damage state;;m is the maximum speed the agent wants to achieve in emergency scenarios;

)

Vvi(t) ,is the average moving direction of agémineighbors within its perception spaceyxt) is the
herding tendency, which is assumed to be 0.2 vii€t) = Susceptible and 0.5 wh&x(t) = Infected.

Eqg. (3.6)suggests that the higher the emotratue is or the more panic the agent is, the higher desired

speed the agent tends to adopt. B217) represents the herding behavior that the infected sigend to
weigh more on the choices by other people than the susceptible ones. it Bbowbted that some
researchers pointed out that the herding behavior is always pfieserdglio et al. 2016), and that is the

reason that a relatively low/xt) is also adopted for the susceptible agents.

The whole simulation procedure as described previously can be summairkzigdras3.3.
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Initialize all agents

v

Toxic gas attack occurs at /=0

12

Determine gas influence area

i
<

v v v
Determine casualties Information transmission Emotion contagion
Event information Exit information
A4 v v \ 4
Speed reduction factor y Desired direction & Emotional state
| Modify social force model based

A

on Egs. (3.5). (3.6) and (3.7)
v

Move agents

1f all alive agents are No. t=t+ At

evacuated?

End simulation

Figure 3.3 Flowchart of the simulation

3.3 Simulations

In this section, a computer code was developed based on software NetLogo ansksyaearoom

with one and two exits, were used to demonstrate the simulation framewwerlaybut of the square room

with the side length of 27 m is shownkigure 3.4a). The exit with the width of 3 m is located in the

middle of the side wall. Only one toxic gas source is considered, and theoodieg gas influence area

is a cicular area with a radius of 2.435 fable3.1). It is assumed that pedestrians’ initial positions are

randomly distributed over the room space, and those pedestrians who do not know tteckjdeep

walking randomly in the room (the black area). These agents ariéiethsdo male and female based on

the gender and young and old based on the age since these characteristicainafoative hetegeneity
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in mobility. And it is assumed that twtbirds of the crowd are young adults and one-third to be old adults;
44% are male and 56% are feméleu et al. 2015) Table 3.3 summarizes the parameters for the social
force model used in the simulation. Values of parameters rdiatéte information transmission and
emotional contagion models can be foundable3.2 It should be noted that although values of some
parametersi.g., .i(t), tireacion Tie, di(t), and ) in Table3.2 werechosen based on the literature, existing
studies pertaining to this topic are still mainly simulati@sed, indicating that these chosen values may be
possible, but can also vary frorase to case and no agreement has been made. Therefore, these possible

values were only chosen in order to demonstrate the proposed methodology.

Table3.3Values of parameters related with the social force inode

Parameter Value Reference
Young female Uniform [0.22, 0.26]
Young male Uniform [0.25, 0.29] :
i Liu et al. 2015
i (m) Old female Uniform [0.23, 0.27] (Liueta )
Old male Uniform [0.23, 0.27]
Young female 1.42
Young male 1.52 ,
0 m/s )
ve @ (mis) Old female 0.91 (Liu et al. 2015)
Old male 1.12
v, (1) (m/s) 3 R
m (kg) Gaussian (h= 80, 2= 10) -
RS) Uniform [0.8, 1.2] (Korhonen 2016)
A (N) 2x10° (Korhonen 2016)
Bi (m) 0.04 (Korhonen 2016)
i 0.5 (Korhonen 2016)
Aw (N) 2x10° (Korhonen 2016)
Biw (M) 0.08 (Korhonen 2016)
iw 0.2 (Korhonen 2016)
Ayg (N) 4x 10° -
Big (M) 0.9 -
ig 09 =
k (kg nT?) 1.2x10° (Cao et al. 2017)
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(kg sY) 2.4x10° (Cao et al. 2017)
t(s) 0.04 ]

3.3.1Room with one exit

In this case, the toxic gas source is placed at the center ofotine $ince only one exit is available
which is located at the middle of the side wall an@isiliar to all agents, only the incident information is
transmitted among agentsigure 3.4presents the comparative results of evacuation simulations of 350
agents with different models, wheRe- = 3 m, and no authority figure is availabfegure 3.4a)~(d) show
the simulation results using the proposed agents considering informegi@mission and emotion
contagion, and agents being aware of the incident are represented by trindglessa unaware of the
incident represented by circlésgure 3.4e}{(h) show the results using the omniscient agent who can detect
the incident and initiate the evacuation instantaneously and always belavallyaFigure 3.5gives the
time histories of the number of evacuees with these two types of agensmodel

It can be seen that when the proposed agents are used, after the toxic gasaitackhe agents in
the gas influence area first detect the incident, and therbdistithe incident information and propagate
the emotion to others. After that, thoseaiwing the incident information initiate their evacuation, and their
movements further enable the incident information to be received byagfhets they encounter. Thus, the
numbers of agents who know the incident and who are infected both increase, as dhigurei.%a)
during the time range-Q2 s. As most agents in the room who are aware of the information movedgowar
the exit and the evacuation rate becomes stable. The curve entihemof accumulateagents who are
aware of the incident flattens and the number of infected agents in the ro@asgéscwhen more agents

have escaped from the room, as showhigure3.5a) during the time range 4@0 s.Figure3.4({) also
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illustrates the snapshot when most agents know the incident and aredritet 12 s. For the omniscient

agants, they initiate the evacuation as soon as the attack begstspwas inFigure3.5b), which has no

first 10-second delay due to information transmission and emotintagion Figure3.5a)). It can also be

observed that the solid curvekigure 3.%a) has a longer upper tail than thaFigure 3.%b), which can

be explained by the fact that as most agents evacuate successfully, some agemes wiaware of the

incident can still linger in the room for some time. Because of the decfearesvd density, the chance of

detecting the incident undesuch low crowd density is small, which may prolong the simulation

unnecessarily, and these scattered lingering agents are less likely to sighifieant disaster during

evacuation such as trampling and overtaking in practice (Wang et al. Z8&&fore, the evacuation time

with the proposed agents is limited to the time instant with 95% of agentsavb@hleady escaped from

the room in order to make a better comparison thighsimulation with omniscient agents. In this example,

the evacuation time with the proposed agents is 61 s which is smatiefGhsawith omniscient agents.

Meanwhile, from the perspective of the maximum evacuation effigiedefined as the maximum

evacuated agents per second, the case with the proposed agents is 6.5 while tmabisdient agents is

4.5. This phenomenon is due to the fact that the infected agents becaustai eontagion tend to adopt

higher moving speeds, which may shorten the whole evacuation process.

Further parametric study is conducted to show the effects of number of,gueoeption radius, and

proportion of authority figures on the evacuation process.
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(e)
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(h)

Figure 3.4Snapshots of evacuation simulation using different types of agents {d)(akd triangles
represent agents being aware of the incident and green circles represesni@@eare of the incident): (a)
t=0s;(b)t=12s;(c)t=22s; (dx=54s;(e)t=0s; (Nt=12s; (gx=22s; (hx=54s
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Figure 3.5Time histories of number of evacuees using different types of agentan(aelsing proposed
agents; (b) usig omniscient agents

50 60 70 80

Time (s)
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Figure 3.6shows the results about different numbers of agents the evacuation using the proposed

agents or omniscient agents. It can be found frigmre 3.6(a) and (b) that larged does not necessarily

lead to longer evacuation time when the proposed agents ardrufsd, whenN is low, the evacuation
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speed of omniscient agents is faster than that of thmpeal agents, while whéhis high, the opposite is

true. The reason is that when the crowd density is low, the chaagemtf encountering the gas source or
each other is low, leading to a relatively long period of transmission d@fiditent informatbn, and thus
agents can have a longer delay to initiate their evacuation; wherotte density is high, on the one hand

the incident information can spread more rapidly, while on the other hand agemstdafected more
easily due to emotion contagiand thus move faster, which decreases the evacuation time as compared to
the omniscient agents.

In addition to evacuation speed, casualty is another concern. It should be noted dhat agent
unaware of the incident enters the outermost layer of &lseirgluence area, it can be in the “slightly
wounded” state as defined Table3.1 The agent can become aware of the incident and then keep away
from this area and will not likely be further harmed to the “seriouslyddjuor “dead” states. This implies
that apart from those agents whose initial positions are within the gasniodl area, the agents who get
harmed during the evacuation are usuiallthe “slightly wounded” state and the number may accumulate.
Figure 3.6c) shows the total number of agents being slightly wounded in the evacuation. hleattve
collision among evacuees is another source of causing damages, which is shayuneir8.§d) (Zhao et
al. 2017) The collision is defined aseloccurrence of the physical contact among agentsdii.e€Qrix in
Eq(3.4).

It can be observed Figure 3.6c¢) that the number of slightly wounded agents is relatively stable under
different numbers of total agents. This is also because the way of gettinghirinidemation under the
low crowd desity mainly relies on the direct contact with the gas influence arede \§ihiler the high

crowd density, more frequent occurrence of information transmissisraa@nother important means of
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distributing the incident information, which explains why ght@r number of agents does not necessarily
lead to a larger number of wounded agents. However, in terms of the collision, the oficdésions
among proposed agents is much higher than that among omniscient ageisessaniir the increase bf

Whenthe infected agents tend to have higher desired speeds, higher driving forces aadligions will
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(a) evacuation time; (b) maximum evacuation efficiency; (c) slightly wouadedts; (d) collisions

3.3.1.2Effect of perception radius
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Due to the specific environments and physiological conditions, peatestdan have different
perception radiR;p. Figure3.7 shows the effect of perception radius on the evacuation and all agents are
assumed to have the same valuR effor the illustrative purpose. It can be seen that laRyecan lead to
reduwctions in the evacuation time, the number of slightly wounded agents, and the numbksiofso
This is because larg& p enables each agent to interact with more agents and perceive more imfiormati
which accelerates the incident information traission and moving speed and also decreases the collisions.
Such a finding highlights the importance of visibility in evacuation, whichoeecritical in some occasions

such as heavy smoke or power loss (Jeon et al. 2011).
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(a) evacuation time; (b) slightly wounded agents; (c) sioltis
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3.3.1.3Effect of ratio of authority figures

As discussed earlier, authority figure is a special kind of agents widkvfiol features: (1) can detect
the toxic gas attack without being harmed; (2) can always stay calnt;{te= 0; (3) can transmit the
incident information instantaneously amotiggmselves; (4) can always deliver the incident and exit
information successfully to common agents nearby; and (5) has a celfectpn the emotion of common
agents nearby. Therefore, authority figures can act as leaders of theievaougilide commn agents to
exits. Figure 3.8lepicts the effect of varying the ratio of authority figures on the etiaouand it is
assumed that the initial positions of authorigufes are all beyond the boundary of the gas influence area.

It can be found fronfrigure3.8(a) that adding more authority figures can reduce the evacuation time,
and such reduction is more significant for the low crowd numbers tiainef high crowd numbers. This is
because authority figures reduce the evacuation time mainly by dedjvre ncident information
effectively and decreasing the meacuation delay. Under the high crowd density case, the more frequent
communications among common agents also contribute to the incidentatifarnransmission, which
weakens the effect of authorfigures. This also confirms the finding that a large ratio of authority figures
is needed to increase the evacuation speed effectively for a small sizmfMa et al. 2016)Moreover,
due to the calming effect on common agents, the increase of ratio of authoritg fipeatly reduces the
numbers of slightly wounded agents and collisions, as showigime 3.8b) and (c). This phenomenon

implies that the authority figures can effectively help soothe thesciiad maintain the evacuation order.

82



90 T T T T 30 T
—6— N=150 [ —6— N=150
—#— N=200
80 ——N=250
—A— N=300
N=350

N
[0
%

1

~
(=3
593
(=)

(=]
T

Evacuation time (s)
3
Number of slightly wounded agents
O

40

W
T

_— -

e

0 5 10 15 20 25 0 5 10 15 20 25

(a) Ratio of authority figures (%) (b) Ratio of authority figures (%)
200 | T T
—6—N=150
180 —%—N=200 |
—— N=250
1604 —A— N=300
N=350
« 140
g
21201
°
o
< 1004
g 80
=
=) 9
Z 60q
40
20

0 5 IIO ll5 2’0 25
(c) Ratio of authority figures (%)
Figure 3.8Effect of ratio of authority figures on the evacuatiByE 2 m): (a) evacuation time; (b) slightly
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3.3.2Room with two exits

The example of a room with two exits is presented to demonstrate the irhpaecing more exiten
the simulation results. The room has Exit 1 and Exit 2, locating at the lower and sigipenalls,
respectively and other dimensions are the same as the room with oftégexit 3.9(a)). The location of
the toxic gas attack is near Exit 1, and common agents areessointer the room through Exit 1 and
thus are only familiar with Exit 1, while authority figures, which areegsented by pentagramskigure

3.9(a), are familiar with both exits.
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Figure 3.9 andrigure3.10 list the simulation results of 350 agents whigre= 2 m and 5 authority
figures are wailable. InFigure 3.9 the agents choosing Exit 1 are represented by triangles and those
choosing EXxit 2 are represented by squares. Because the toxic gas sdosectskxit 1, the exit choices
of all authority figures are assumed to be Exit 2 in order to keep away from teraiasource and guide
common agents safely through evacuation. But since common agents in this case amitahwfith
Exit 1, afterthey are aware of the incident, the exit priority becomes Exit 1 wkir2 is out of perception
space or they are panicked, and no authority figure is nearby. Once theytenaathority figures or other
informed common agents, they may change thaiicels. Such behavior about exit choices is illustrated in
Algorithm 2. At the time = 10 s inFigure 3.9b), several clusters of agents around authority figures (harke
in yellow) all move towards Exit 2 with the help from the authority figukdsanwhile, common agents
near the gas influence area (marked in red) can detect the incident migrarehtfius choose the nearest
and most familiar Exit 1 to evacuate. Durithg movements of agents choosing EXxit 2, they can pass by
other common agents and change their minds about exit choice due to irdorratsmission, as shown
in Figure3.9(c) (the red turned yellow). Therefore, eventually the final number ddbats using Exit 2
can be greater than that of the agents using Exit IF{gaee 3.9d) andFigure3.1Qb)). As expected, the
total evacuation time (45 s) for the room with two exits is tleas the evacuation time (61 s) for the room

with only one exit.
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Figure 3.10Time hstories of evacuation from the room with two exits: (a) the evacuation prgogdse
condition of exit using

The effects of the number of authority figures on the evacuation time, numbeunafieasand number
of collisions for the room with two et are also studied. The reduction rati&igure 311is computed as

follows:

RR Th M 1000 (3.8)
m
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whereRRis the reduction ratio, i.e., theaxis inFigure3.11; mis the measure, i.e., the evacuation time,
the number of slightly wounded agents, and the number of collisions; sulbsiaditates the number of
authority figures, i.e., the-axis inFigure3.11.

Similar to the room with one exit, it is also found in the resultshefroom with two exits that
increasing the number of authority figures in the simulateonreduce the evacuation time, the number of
slightly wounded agents, and the number of collisions. Comparatively regltiction effect is more
significant for the small crowd size than the large one. Once ab#&rstbecause the higher the crowd
densiy is, the more frequently the agents can encounter each othéedntbtmation transmission occurs,
leading to faster spreading of the incident information and wedkeéhe effect of authority figures. It is
noteworthy that when the number of authofigures is greater than 4, the reductions in the evacuation
time and the number of slightly wounded agents stay stable. This inhaltesscritical number of authority
figures may exist for a certain environment to achieve the best ¢éwacoatcome(Tsai et al. 2011)
Increasing the number of authority figures beyond this threshold would not produce Betterirecause
the evacuation efficiency is also governed by other environmental facttrasthe width of the exiiMa

et al. 2016).
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3.4 Conclusions

This study preseata method of crowd evacuation simulation under toxic gas incident consitteging
effects of emotion contagion and information transmission. The coatientof the toxic gas quantified
by the gas dispersion model determsittee casualty and the impairmesf the pedestrian mobility. The
spread of the information about the incident and the exiteodeled by the information diffusion model.
The emotion contagion model quantifies the emotion and panic. Then thif@me models modified to
integrate lhese effects to govern the movements of people in the evacuation processaség, i.e., room

with one and two exitgreused to demonstrate the proposed simulation framework. The effects of number
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of agents, perception radius, and ratio of authorijyris on the evacuation procassfurther examined.

Conclusions based on the simulation results are drawn as follows:

(1) Compared to using omniscient agents, using agents considering emotion contafjion an

information transmission can cause considerablerdiffce in the evacuation outcome in terms

of the evacuation time, the number of casualties, and the number of nsllisio

(2) Increasing the perception radius can accelerate the evacuation and reduceertial pot

physical threats to evacuees;

(3) Adding authorityfigures improves the overall evacuation performance, and such impgotzem

is more significant for a small crowd size and tends to remain stable thbenumber of

authority figures surpasses a certain value.

These findings from the quantitative model ooty underline the necessity of incorporating human

factors into crowd simulation but also provide some suggestions for emgmanagement in practice.

Since the evacuation safety and efficiency can be improved by singethe perception radius and

knowledge of the environment, it can be critical to establishing effectivlg @arning systems (e.g., by

means of smart sensors and intelligent information sharing sysiemsblic areas in order to detect the

dangers, issue evacuation orders, and disseminate emergency messages tdimélidaintaining good

illumination in emergency scenarios can provide sufficient visibilityefoscuees and reduce possible

collisions of evacuees. The emergency signage can be placed at importamddoaitiform evacuees of

alternative exits and help them make better choices of egress routes. Ikonfasiad that the authority

figures can be helpful in alleviating the anxiety and accelerating the ewacspted, even for a small

crowd size. The quantity, deployed locations, and patrol routes of aufiguies may be further optimized
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to deliver evacuation guidance more effectively and efficiently accorditigetcrowd density distribution
and the environment layout.

This study highlights the importance of human factors, i.e., emotion and penceptithe crowd
evacuation simulation in emergency scenarios. The proposed model and findindp @apleenent more
effective emergency evacuation planning strategy, including adopting somtesensing and infonation
sharing technology through artificial intelligence and incorporatingmesalistic modeling of pedestrians’

behavior.
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CHAPTER4 RESILIENCE MODELING OF INTERDEPENDENT TRAFFHELECTRIC
POWER SYSTEM SUBJECT TO HURRICANES

4.1 Introduction

As the basic lifeline infrastructurdsansportation networkd {\s) andelectric power network€EPNs)
are crucial to nearly all emergency response, humanitarian religfsefind postlisaster emergency
restoration of other critical facilities throughoviding essential accessibility and power supfihd these
two systems have strong interdependencies. However, little attention has beeio fied realistic
interactions of traffic flow in road networks and electric power supplthe resilience assessment with
sufficient details.

In fact, signalized intersections are common for urban road networksthair delays have
considerable impact on the total travel time and the passengers’ routes ¢hzizioumi et al. 2010)The
normal functioning of traffic signals relies on the electricity supplytref EPN, and the overhead
distribution lines of the EPN oftertilize the rightof-way for transportation systems (Ellingwood et al.
2016) In the U.S., there are still many areas with aging overhead pofrastincture§ASCE 2017)
While undergrounding the distribution system can be used to harden thegesjstiem, researchers also
pointed out that burying the system is not cogtaife due to the high co&alman et al. 2015Thus, for
these areas, hazards such as hurricanes can damage the poles supportingutierdistes, which may
block the road and interrupt the traffic flow (Alipour et al. 2018; Sal@@16) The indirect loss caused by

the functionality degradation (i.ehd increase of traffic delay) of the disrupted TN can accumulate over

3 This chapteris adapted from a published papgrtbe author (Zou and Chen 2@3®vith permission fronASCE
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time until the TN is fully recovered. It was found that this iedifoss usually surpasses the direct loss (i.e.,
the repair cost of the damaged components of the TN) (Alipour and Shafei 2016&)vétptiee disrupted
TN impacts the accessibility and efficiency of recovering efforts of damagedr ystem, whilehe
delayed repair of EPN in turn impacts the recovery planning of othertiéssilincluding TN (e.g.
intersection traffic lights without power). Therefore, given their ingare of underpinning the resilience
of other critical facilities and the whotmmmunity, the sophisticated interdependency between these two
CISs need to be modeled appropriately in any resilience study.

This chaptempresents holistic resilience assessment framework for the traféictric power system
by capturing three typicalypes of interdependencies under hurricanes over different phases of hazard
resilience Based on the graph theory, the traffic and electric power systems are repregénwtedirected
graphs. In the TN, the traffic flow pattern is determined by soltfiadraffic assignment problem, in which
the link delay and intersection delay functions are affected by the state ofdiinie plewer system. In the
EPN, fragility functions are used to estimate the damage level of comppaedtthe functionality ohe
whole EPN is determined considering cascading effects. Since the accesditlitylamaged components
for emergency recovery depends on the state of the TN, some effectivgiesratémproving the system
resilience of both TN and EPN in preparesheresponse, and recovery stages are investigeted.
proposed framework is demonstrated usangumerical example based on the virtual community called
Centerville.
4.2 Framework description

In this framework, the traffic and electric power systems aredi@acterized using the flebased

mathematical representation and three types of interdependency taned.afs procedure coupled with
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Monte Carlosimulationis presented to assess the resilience of both systems. Improvementestiategi
correspondingtages of resilience are also integrated into this framework.
4.2.1Transportation network

The transportation network focuses on the roadway networks, in which both topology anddvaffic f
performance are important to assessing the ability of the system to itbplisasters. While the topology
defines the ability of maintaining connectivigimong critical facilities, the traffic flow reflects the
throughput of the roadway network, and traffic efficiency between orignts destinations. The
transportation network is represented as a directed @aplfVv', AT), whereV™ andAT are the set afiodes
and arcs, respective{gheffi 1985; Vugrin et al. 2014). The nodes define origins, destinations, and the arcs
(i,j) wherei j VT andi . j are all roadway links. Given the set of origdand the set of destinatiobs
and the traffic demand between each oridgistination (@D) pair, the traffic flow pattern of the network

at timet can be determined by solving the user equilibrium traffic assignmeslepr¢Sheffi 1985)

minimize | ?’(t)tij(w)dw (4.1)
0)eAT
subject to:
ikad g, O O,deD (4.2)
X, () O: i :k ¢ (.j) ATk Ky,0 O,d D (4.3)
f* © k Kg,0 O,d D (4.4)

wherex;(t) is the total flow from nodeto nodg on arc (;j); tj( ®is the arc cost function that is separable,
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convex, and strictly increasingsq, fk°d andKoq are the traffic demand, the flow on p&thand the set of
paths between andd, respectively; ﬁ is the pathkarc incidence indicator (for paths betweeandd,

if arc (i,j) belongs to path, ﬁ =1, else ﬁ =0). Eq. (4.1) is the objective function to achieve user
equilibrium condition; the constraint in Eq. (4.2) indicates that the floallgraths connecting each -
pair has to equal the-D travel demand; the constraint in Eq. (4i8)he patkarc incidence relationship;
and the constraint in Eq. (4.4}ipulates that all flow should be nonnegative.

The key part as shown above is the definition of the arc cost funtgtiPoalculating the travel delay
from nodei to nodej, which depends on both the traffic flog(t) and the road configuration. For those
arcs with ending nodes belonging to the set of intersect\é}};@ecﬁon yAYA , this function should account
for not only the driving time spent by vehicles from notienodgj, but also the possible intersection delay

at nodd, which is defined as:

(XJ ( )) J VT anersectlon
t. .
SO G0 o0 T Wanes “9)
t (x;) s [1 0.15 ?(t) s )] (4.6)
(% () sig [y () delay, (3} @ F(B delay,,;( ;%)M @
(A sig; ) delay,gq; (x (1) '
delay,; (% (9) %0 Cydig creep! &9
1 [min(l,— . ~7) Green / Cycle]
¢nG (4.8)
900 _ X;(1) X; (1) 16x (1)
= ] 1 ( ] Hy 17
4 TOC )\/Gif(t)Q,T ) (4 (G )
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@)gj(t)h, \/( % (DR 12 x() b 5 (4.9)

delay, ., . -
Yinsig; (4 (D) L, 4 " 3600 3600 450 3600/ 4

where ti} ()gj (1)) is the travel delay for aré, {) and is characterized by the famous Bureau of Public Roads
(BPR) function in Eq{(4.6) ; lj, VIJ , and CT are the distance, free flow speed, and original flow capacity
for arc (,j), respectively; q;(t) indicates the ratio of the remaining capacity of ar¢) (o its original
capacity CijT and is also referred to as the functionality level of arf);( tjz()qj (t))is the intersection
delay at nodg as shown in Eq(4.7) sig indicates the type of signalization of intersection npde
(signalizedsig=1; unsignalizedsig=0); y]-T (t) indicates the condition of the traffic light for a signalized
interstation (functional:yjT (t) =1; failed: ij (t)=0); delay,,;()and delay,.,; () are functions from
Highway Capacity ManugHCM) to approximate the time delays for signalized intersections amdgll
stop intersections, respectively (unit: secofidansportation Research Board (TRB) 20@ycle is the
cycle length (unit: secondBreenis the green time (unit: secondT)s'eMceJ- is the service time (unit: second);
hq is the departure headway (unit: second). More detailed information appu{dEB) and (4.9)can be
found in HCM(Transportation Research Board (TRB) 2000). For the signalized intensechis study
assumes that traffic signal lights are-preed and operated in the isolated mode.

It should be noted that the interseatidelay in Eq. (4.7) depends on both the design of signalization
and the functionality of traffic signal. For a particular intersecticamad only if it issignalized ¢ig=1) and
the traffic light operates normally yJ.T t =1), the intersection delay can be defined as

t*(x (1)) delay,;( x(3); otherwise, this intersection is assumed to work as an unsignalizeicane,

t2(x (1))  delay,, ;( ¥(3). Therefore, given the traffic demand input (e.gD@airs and) and the
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roadway state (e.gsig, ij(t), q;‘(t) C,JT Cyclg, andGreen), the traffic patterrx;(t) for the roadway
network can be solved using E¢8.1)-(4.4) and then the TN's stas(t)={ x;(t), ij t, q; t }attime
t is determined.

To study the resilience of the system, it is important to agaropriate metrics to quantify the
functionality of the roadway network. For the TN, those metrics can befidds$naio topologybased and
flow-based. Topologpased metrics often describe the number of immediately available arcs after the
disaster or the accessibility of the network (i.e., the probability iotaia at least one path betweerDO
pairs of interest{Zhang and Wan@017; Zhang et al. 2015Wwhich are often used to evaluate the
functionality of disrupted networks. Flelased metrics, e.g., flow capacity and travel time, focus on the
efficiency aspect of the network functionality. It should be noted that dieckotv pattern also relies on
the network topology, the flolwased metrics can also imply the topological characteristics of the ketwor
For example, the losses of connectivity among nodes may result in the irafrzasel time. Further, the
disaster mayot cause full damage of some nodes (e.g. bridges) or full clobsmne arcs (roads), and
partial traffic may still be allowed which cannot be welllected with topologybased metric. Therefore,
flow-based metrics can provide more comprehensive irgthom of the functionality of TN in both normal
and disrupted conditions than the topoldmpsed ones. The following flehased metrics for TN in state

sr(t) are used:

Qo) — (4.10)

@i,j)-AT

X UG Xt
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where Q;tal(t) represents the reciprocal of total travel time for all users and measuregthi wavel
efficiency of the TN.
4.2.2Electric power network

The EPN’s main function is to deliver electric power from the power plant to endl aiseiis contains
three subsystems: generation, transmission, and distribution. For gratgemsystem, the power plants
produce electricity and generation substations step up the voltage to tshmsheigels. The transmission
system, consisting of transmission lines and substations, is respofwibtarrying electricity from
generation gbstations over long distance to the distribution system. It often athegtsdike design from
the topological perspective to ensure redundancy and reliabilitie distribution system, the electricity
is stepped down at the distribution substations and then flows through titeutitst lines to end users.
Distribution networks usually have a radial topology, i.e., a unique patk &xist a substation to each end
user. It has been found that since generation and transmission systems atg dpsigjakd to resist high
wind loads, the distribution system is often the one particularly siisieefat hurricanes (Salman 2016)
This is because overhead distribution systems are widely used due to economic reastissibanidn
towers and poles can be knocked down by hurricane winds, which can cause degblagkouts
considering its radial topology. Therefore, this study focuses on the distributiaf gae EPN subject to
hurricanes.

Models simulating the behavior of EPNs can be classified into two main categaaieg €¢Fal. 2015)
those based on complex network theory and those based on the power flow analysithéNialver flow
analysis, which uses the power flow equations to describe the flow dynamaiggive moe detailed

information, it requires more parameter settings and computatffoatis, limiting its application mainly
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to small networks and operational analyses of energy industry. In this tstedgPN is modeled using the
complex network theory, whicis more computationally economic but can provide sufficiently detailed
results for the resilience assessm@ntefias-osorio and Vemuru 2009; Ouyang et al. 2014).

The EPN is also represented as a directed g&&ph(VE, AF), where the set of nod&& consists of
the union of the set of supply nodéss'PPY, the set of transshipment nodés@"ss"? and the set of demand
nodesVE demand(j g \/E = \Esupply g \Etansship ¢ \/Edemany (] e et al. 2007; Loggins and Wallace 2015)
The structurally hurricareulnerable components aassumed to be only power towers and poles and the
failure of power line is determined based on the failure patterns of tresgonding towers and poles
(Salman et al. 2015; Unnikrishnan and van de Lindt 2018 stuctural damages to the distribution towers
and poles, which can be nodes or lie on the arcs, can be estimated by performingaksaneatysis
explicitly or implementing the fragility functions. Then, given the struciyraffected components, a
networkflow model based ofL.oggins and Wallace 201§ established to calculate the st&{®={ yiE (1),

yi(t), G(t), ¢(t), X (1)} of the EPN at time due to cascading effects as follows:

maximize yE(t) : yijE(t) 4.11)
i VE,demaqd Vv E transship %o (i,j) AE
subject to

X 1 x5 @ i Ve (4.12)
(i.j) A% (ji9 AE .

(M I X @ i e (4.13)
(i) A" (ji9 AE .

XM 1 5 @ i e (4.14)
(i.j) A (ji9 AE .
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(4.15)

(4.16)

(4.17)

(4.18)

(4.19)

(4.20)

(4.21)

(4.22)

(4.23)

(4.24)

(4.25)

(4.26)

where yiE (t) and yijE (t) denote the functional states of noded arci(j), respectively (functional:yiE ()

=1, yijE(t) =1; failed: Y (t) =0, yijE(t) =0); )ng(t) denotes the flow on ard,(); ((t) and q;(t)

denote the experiencing functionality levels for nbdad arci( j) at timet, respectively; Cs,i and Ct’i
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are the supply flow capacity and the transshipnfiemv capacity of node, respectively; C,E and C,JE are
the total flow capacities of nodend arc( j), respectivelyp andd; are the actual supplied and required
flows of demand node

The objective function of this model (E(4.11) is to maximize the number of survival compatsen
after the hurricane. The constraints in E¢s12)—(4.16)regulate the electricity flowing with respect to
supply, transshipment, and demand flow levels. The constraints irf4&8)—(4.19)ensure that the flows
respect the disrupted capacities for both nodes and arcs. The constraists(th2b}-(4.24) describe the
relationship between the state of components and the flow pattern. It is ribtethat the constraints in
Egs. (4.20) and (4.21introduce the coefficients of 100 wehiare arbitrarily set to handle the partially
functional components, i.e., whegk &) 1, the componeritis not totally disrupted and its functional
state yiE (t) can still be 1; Only when E(1)=0 the componeritis totally disrupted anids functional state
y© (t) should be 0.

The inputs of this model are the network topology, the flow parametehsas C;, C,; , C,E, C,JE
andd;, and the structurally damaged statég(t) and (?(t) It can be also found that when the data of
electricity supply and demand is not availabihés model can also be adapted for the connectivity analysis
which only depends on the network topology (i.@sj , Ct’i ,CiE, and C,JE are set to large constantkis
set to equal tg, )ng(t) , (E(t) , and C-‘;(t) are set to be binary, and the constraint(&d.3)is omitted).
The following metric characterizing the ratio of the number oftional components to the number of total

components is used to evaluate the functionality of the EPN inss{te
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where [Ris the cardinality of the set.
4.2 .3Interdependencies betwe&N and EPN
Three types of interdependency between TN and EPN are considered, assfiowrei4.1:
(1) Type | (physical and geographic interdependency): The functitmafb€ lights at signalized
intersections in TN depends on the electricity supply of EPN;
(2) Type 1l (geographic interdependency): The function of some roadwaynafts depends on
whether the fallen towers or poles due to hurricanes in EPN can block the ypadwa
(3) Type lll (physical interdependency): The accessibility to damsigeslin EPN in the recovery

process depends on the function of TN.
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Figure 4.1nterdependencies between TN and EPN

These three types of interdependency can be delineated using followingintsstra

4.2.3.1Type |

Type | interdependency denotes the relationship mapping from nodes in EPN tomolNed$-or a
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signalized intersection nodlén TN, its functional state depends on its power supply podEPN.Those

poles supporting power lines which are directly connected to the traffiits lare explicitly modeled as
nodes in the EPN. In other words, no additional poles exist betweerptileseand the traffic lights, and
the state of the traffic lights only depends on the state of these peltds/(T,E) denote the set of such

node pairsi(j) wherei VmTtersection andsig=1, and j VE Then the following equation must hold:
y (@ ¥ (@) R(TE (4.28)

4.2.3.2Type |l

Type Il interdependency denotes te&ationshipmapping from nodes and arcs in EPN to nodes in TN
and occurs in the damage propagation stage. The towers or poles, whichileandiies or lie on the arcs
of EPN, may be knocked down and block the traffi€N. LetFya(T,E) denote the set of such component
pairs ({,j),rj) where (j) A" andrj is the corresponding set of nodes and arcs of EPN affectingjarc (
of TN. R; is determined based on the geographical proximity in this study. Thislepgndency is

represented as:
Glt)  fooa) (@J)F;) Fua(TE) (4.29)

wherefuocd BiS the function mapping the potential blockages caused bygdgmh@mponents of EPN to
the TN’s state. The blockage is reflected in the capacity reduction obdldevay using q:‘(to) in Eq.
(4.6).
4.2.3.3Type |l

Type lll interdependency occurs in the recovery stage. In this $wolyypes of recovery activities
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are considered: (1) removing debris for TN; (2) repairing damaged compémeBRN. These activities

both involve the route choices of delivering repair resources to desigitaieavhich depend on the TN’s

state. Once part of the blockage is cleared and some traffic lights are egl¢dfiertravel time may be
reduced and the disrupt&fPN sites can be accessed and recovered sooner. Thus, this section describes the
recovery process in which the Type Il interdependency is embedded.

It is assumed th&cdenotes a set of available generic recovery resource units with a numlaerdof
they are located at some depot nodes of TN before hurricanes. The recevargaealso referred to as a
repair team here, is generic enough to capture the required persmuipent and material to conduct
the necessary recovery activities. Each damhagenponent is assumed to only require one unit of resource
for recovery(Ouyang and Wang 2019)et, Z AT V%, AF denote the set of damaged components
(nodes and arcs) needed to be repaired in TN and BEiP@ienote the set of precedence relationships for
components paird,[) wherei,j , ~iis repair duration for componenin , and Tspa{to, t1, ..., tx}
denotes the set of time ticks for the recovery process wheteO ... 0ty and the difference between any
adjacent time ticks is a constant incremgntFor each component , the decision variablg(t) is 1 if
the repair activity starts on the componieat timet, and 0 otherwise. Accordingly, following constraints

should be satisfied:

11' u(t) d i ¢ (4.30)

pan

t W't
' :ui(z) h t T, (4.31)

|
ie4 t
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span o Tspan

where the constraint in Eq4.30) indicates that any damaged component can only be scheduled to be
repaired no more than once; the constraint in(Bc1) indicates that at any time, the number of damaged
components under repair is limited by the total number of available resparwt the constraint Eq.
(4.32) states that any precedence relationshRrimust be respected (e.g., the repair for compadmanst

be completed before the repair for componean be@). It is also assumed here that the repair scheduling
is nonpreemptive, i.e., the repair team should complete the regawmrigbe currently assigned component
before it moves to next component.

It should be noted that the repair duration consistf two parts:

l/'/,travel iV%pail (4-33)

where lﬂépai,is the repair time required for componénb recover to a desired functionality level; and

Wa\,d is the travel time for a repair team from its current position to conmponé/hile lﬂépaircan be
pre-estimated baskeon the empirical data,Wa\,eldepends on the TN's state which may change over time
as the recovery process progresses. Two assumptions are made to dé(g\;gla(&) the repair team will
try to utilize the roadwag/in TN as much as possible to reach the damaged component; (2) once the repair
team finishes the repair task, it becomes available for next task withittag position being assumed to
be the TN node which is geographically closest to its last repadragonent.

Suppose at timg there exists at least one repair team which is unassigir(bégmis determined as

the minimum travel cost among all available repair teams to reach comione
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Wover NN fo0rel POS(, | S{I} With ©, pos( X V (4.39)

wherepos(t) denotes the current waiting position of available repair teaimimet; and fshonest( Ris the
function to calculate the shortest path frpag(t) to component based on the TN's states. An&honest( (D)
is defined as:

£ (POS (D, ctr(), $() i« A (4.35)
Y

fshortest( pOS(D1 i’ ST( D) QTN(pOS(D’ Ctr( D, $( )) 2 d|§( J Ctm ))/ Mlt i ¢ A

where ctn(i) is the TN node which is closest to comporigspecifically, ifi is the arc in TN, ctn(i) is

the closest one in its two endpointsi i the node in EPNgctn(i) is the closest TN node; andiifs the

arc in EPN, ctn(i) is the closest TN node considering its two endpointEr)q (®finds the lowest time
cost from pOS(t)to ctn(i) within the TN using the shortest path finding algorithm such as Dijgstra
algorithm; dist(i, ctn(i)) calculates the straight line distance betweemd ctn(i) ; and V, is the
travel speed for the repair team outside of TN. It should be noted that {@.B): (1) since emergency
repair vehicles are usually not expected to follow traffic signals in the enwrgesponse stagef,TN A

only uses the free flow time without congiitg the effects of traffic flow and traffic signals to compute

the shortest path in the emergency response stage (i.e., defined as/ihhhenmediately after the

disruption) (Nikoo et al. 2018after the emergency response stagfrm A XWLOL]JHV WKH WUDYHC
by othe traffic with the traffic signals to find the shortest path; (2) the termist(i, ctn(i)) / v, is used to

handle the additional travel cost for reaching the components of EPdamaside of the TN.

As the recovery process progresses, the fumality level of the component A" V%, Afat

any timet can be expressed as:
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where [Ris the Iverson bracket, which returns 1 if the statement is true aheé®vide; and the superscript
of CIS can be T or E, indicating TN or EPN, respety; G'S(to) is the functionality level of component
i at timeto; and G'S(td) is the normal functionality level of componetefore the hurricane at tinie Eq.

(4.36) states that componentmaintains its initial functionality Ieveléls(to)before its scheduled repair

activity is completed, and retus to its normal functionality IeveIG'S(td) after the completion of the repair

works.
4.2 .4Resilience assessment
The analytical definition of resilience in this study is adopted filéiméllaro et al. 20163s follows:

as 1 % Te cis cIs,
R T—tci Q"(9/ Q) dt as {T,E} (4.37)

LC

whereRc'®is the dimensionless resilience index of the Q13;s the control time for the period of interest;
andQC'S(t) is the chosen functionality metric of the CIS such that the |QgEt) is, the better functionality
level the CIS is at; an@'S(tq) indicates the normal functionality level before the hazard. Noteltlsat t
definition of resilience relates itself with the shaded ardagarel.1 (Bocchini and Frangopol 2012).
Based on the aforementioned models quantifying states of TN awafdPtheir interdependencies,
the simulation procedure to calculdes for the interdependent ffic-electric power system is shown in
Figure 4.2 The three stages of the functionality leveFigure 1.1 are considered in this procedure. At
every time point, the functionality level of each componerﬁgls(t) in TN and EPN is evaluated and

then used to update the two netwsidtates £r(t) andse(t)) and their functionality level at the system level
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(Qr.0,Q,.. (0, and QE  (r). When all the damaged components are repaired, the resilience indices f

TN and EPN candobtained using Edq4.37) based on the chosen functionality metrics. It should be noted
that similar to the reliability analysis, the resilience assessshentd also account for uncertainties within
the hazards and the system. Apart from the load and resistance uncertaintibge fstructural perspective,
the uncertainties in functionaliyelated variables, e.g., the supply and demand of service flegutntity
of available resources, and the repair duration, can also play andntpaie in affecting three stages of
the systemevel functionality. Given the probabilistic information of $kevariables, Monte Carlo
simulation can be employed to gesterinput random samples and coupled with the resilience assessment
framework.

Different strategies can be implemented in three stages to improver€sdience. In the context of
TN and EPN, the following strategies are considered:

(1) Preparedness stage: the key components in EPN can be strategically andeproac
strengthened to increase their resistances to hurricanes and redposbttslity of severe
damage, which may cause serious consequences in the following stages;

(2) Response stage: backup power generators can be deployed at strategjiofriePN, which
can provide power for some critical locations for a certain petiﬁ;dfter supply nodes failed.
These locations are identified to achieve the best resilience outcoméved ihéerdependent
CISs. The functionality of noden the set of nodes equipped with backup generani&up

can be expressed as:
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Similarly, backup batteries can be equipped for traffic lights at criigahbzed intersctions
and provide power for a certain perid@n after power supply nodes failed. The constraint for

Type | interdependency can be modified to be:
v [t ] gt 1 (i) R(TE (4.39)

Compared with Eq.(4.36) incorpaating the backup generators and backup batteries is
expected to lower the negative impact of infrastructure interdepgn@eiccan delay the
functionality losses of the two systems;
(3) Recovery stage: advanced decisions can be made to improve the efésstiged efficiency

of restorative efforts. Objective functions can be established based on needsi@gzing
the makespan of restoration and maximizing resilience indices of @Hslspptimization
techniques can be applied to find optimal resource allocation strategiespairdschedules.

It should be stressed that these strategies are only based on the TN atiteERAIN study objects of

this research. Such strategies may need to be maodified if other inteddap€ISs are included.
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Figure 4.2Flowchart for resilience assessment of the interdependent-eldtitric power system

4.3 lllustrative example

The TN and EPN in the Centerville Virtual Community Testbed (Ellingwoa. €2016)subject to

hurricanes are used here to illustrate the proposed framekigtke 4.3depicts the layout of these two

CISs of Centerville, which locate in an approximately 13 km8 km rectangular region ariable4.1

lists the descriptions of components of two networks. In the EPN, EP1 and EP25 anerbemedes and
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provide power for the left and right parts of the EPN, respectively. It is asstinathe transmission lines
are supported by steel towers with the spacing of 320 m, and the distributicardirsegoported by wooden

poles with the spacing of 46 m (Salman 2016).

B71 B72

B41 B42

O TN’s node

TN’s arc

Figure 4.3 TN and EPN of Centerville community

Table4.1Descriptions of TN and EPN of Centerville

CIs Component Description

TN P1-P7, R1R7, and V1V3 Major origins anddestinations
11-17 Major intersections
E1-E3 Critical facilities
(B11, B12),..., (B91, B92) Bridge arcs

EPN EP1 Power plant
EP2, EP5 Transmission substations
EPG6, EP7, EP8, EP19, EP27 Distribution substations
Other nodes Towers or poles

(EP2, EPJ), (EP3, EP4), (EP4, EP5),
(EP25, EP26), (EP26, EP27)
Other arcs Distribution lines

Transmission lines

In this example, the whole region is assumed to be under the same wind spees samethwind
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direction and five typical wind speeds representing five hurricane categasged on the Saffsimpson
hurricane wind scale are usetbble 4.2. To determine the state of EPN immediately following the
hurricane at timéy, the structural damages on towers and poles are simulated using tlitg fragitions

in Table4.3. Specifically, given the experienced wind spegdhe failure probabilityp(vy) is compared
with a uniformly distributed random variable [0,1]: thetower or pole is assumed to fail completely if

0 p(vn) and experience no damage otherwise. It should be pointed out that the assumption ndémiepe
fragilities for adjacent towers and poles, which have been adopted in mams@iletisah and Duefias
osorio 2016; Ouyang and Duefasorio 2014; Salman and Li 2015; Unnikrishnan and van de Lindt 2016)
might not always hold since they may be correlated due to structugdingsu Further research is needed
to quantify the conditional probabilities of failure of adjacent towers and Dke®stani et al. 2018;

Salman et al. 2015).

Table4.2Values of parameters instantiating the resilience assessment of illustsatiaple

Parameter Value
Wind speedi (km/h) 135, 165, 195, 225, 255
Free flow speedR‘J1 «mph) Uniform[50, 55, 60, 65, 75]
Traffic demandog Normal (mean: 500, COV: 0.8)
Length of cycleCyclg (s) 70
Green timeGreen (S) 42
travel speed outside of Ty (km/h) 50
Set of signalized intersections {11, 12, 14, 15, 16, 17}
Set of depot nodes dispatching repair teams {P5}

Note: COV is the coefficient of variation; the free flow spelé)d and traffic demandoq are only sampled

once to initialize the network and then treated as deterministic awioly) resilience assessment.

Table4.3 Probabilistic information for attributes of tower and pole (Unnikrishnan and Vaindt€2016)
Support structure Attribute Distribution Parameter
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Tower Fragility Lognormal Median: 304 km/h, COV: 0.15

Repair duration Normal Mean: 72 h, COV: 0.5
Cleanduration Normal Mean: 1 h, COV: 0.5
Pole Fragility Lognormal Median: 188 km/h, COV: 0.15
Repair duration Normal Mean: 5 h, COV: 0.5
Clean duration Normal Mean: 0.5 h, COV: 0.5

And the functionality level of each EPN’s componelﬁ(t) is assumed to be either 0 or 1, and the
connectivity criteria of EPN model as defined in E{%.11)—(4.26)are used. When the towers or poles
happen to be the nodes in the EPN, the correspon(ﬁﬁ@) are assigned 0 or 1; when the towers or poles
lie on the arcs of EPN, the failure probabilities of towers or poles are assuimeddependent. The arc
is assumed to be out of servic$(to) 0) if no fewer than two towers or poles fail, and operate normally
( (,E(to) 0) otherwisgSalman et al. 2015). For the TN, the settings afteel parameters are summarized
in Table4.2 It is noted that the data on the change of traffic demand after hazards is ofterrd¢oytiea
collected, and the poslisaster traffic demand is assumed to be the same as théesaseer level in this
study. In reality, the hazard can significantly change the traffic debeoalise the infrastructures essential
for some social and economic activities may be damaged and therefore stimezpos activities can be
either reduced or relocated to other places. As a result, travelers mayhait travel plans, such as
canceling their trips and changing destinations. Furthermore, as theiirfhass recover and the eveayd
activities return to normality gradually, the pbstzard traffic demand can also evolve correspondingly
(Alipour and Shafei 2016; Kilanitis and Sextos 2019)

However, predicting the poesiazard traffic demand and its evolution during recovery stage is very
complicated because many uncertain s@cionomic and behavioral aspects are involved and thus remains

as a common challenge in transportation resiberesearciChang et al. 2012a; Khademi et al. 2015)
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Researchers on the effect of the earthquake on the TN typically propassethe modified prearthquake
traffic demand by applying trip reduction factors to the origadestination matrix to approximate the post
earthquake traffic demarfdlipour and Shafei 2016; Bocchini and Frangopol 2011; Guo et al. 2BWLY)
estimating the trip reduction factors still requires related data amteoanomic analysi Since the data
for the posthurricane traffic demand change is lacking and the semmomic analysis can introduce
additional level of uncertainty, this study does not explicitly addresssile, but rather adopts the same
traffic demands for both before and after the hurricane. Similar prosedamealso be found in literature
(Bocchini and Frangopol 2011, 2012; Guo et al. 2017)s noted that the proposed framework can
accommodate the updated pbstricane traffic demand once such data is available.

To simulate the blocking effects.{ ®on the traffic flow caused by the damaged towers and poles, it
is assumed here that each damaged tower or pole can cause three lgeeldrgf impact on the traffic
on the flow capacity of related TN’s arc, i.e¢(t0) =0, 05, or 1, corresponding to fully blocked, partially
blocked, and no impact, respectively and the corresponding proleahilitder different wind speeds are
given inTable4.4. This is based on the assumption that the higher the wind &pdlbd more likely the
fully blocked and partially blocked are to occur. More detailed simulation can beddopéefine the above
structural damage analysis at titgee.g., using the simulation tool such as HAZM8 4.0 to generate
more realistic hurricane scenarios, and performing detailed striuata atatistical analyses to investigate
the blocking effects of fallen towers and poles. In addition,Herrecovery stage, the reeopy activities
are set to begin after a period of delayiay= 4 h when the hurricane occurs (Ouyang et al. 2Gi#®) no
precedent constraints are imposed on the repair sequences of the damageekotsin fact, to evaluate

all possible disrupted scenarios for a large infrastructure systemnatdeal hazards such as earthquakes
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and hurricanes is often impractical and computationally expensive. S® m@®archers developed a
methodology to select a small set of realistic hazard cases associatedrvasponding hazaabnsistent
probabilties to approximate all the cagghang et al. 2000; Romero et al. 2015). Since this study aims to
propose a framework to explore the interdependencies between TN and ERdhlitegian of scenario
selection methodology is beyond the scope. In this study, a simple Monte Cdrtwl imedpplied for a
given wind speed and a number of repair teams, the simulation procedrigeri@4.2 is repeated 200
times independently so the average resilience indices converge and are réOongety et al. 2012;

Ouyang and Wang 2015).

Table4.4 Probabilities of three blocking effects under different wind speeds
Wind speed (km/h)

Blocking effect 135 165 195 225 255
Fully blocked 0.13 0.20 0.33 0.40 0.47
Partially blocked 0.27 0.27 0.33 0.40 0.40
No impact 0.60 0.53 0.33 0.20 0.13

4.3.1Resilience assessment of the original systems

Figure 4.4shows the variations of the functionality metrics of both systemstimith. The repair
sequences are assumed to be random and still satisfy the repair scloshgiragntas listed in Eqq4.30)
and (4.31). It can be seen that with the increase of the wind speed, thenlitgtlevels of both systems
decrease, and the total recovery time increases. While the functionality letletstevo interdependent
systems remain almost unchanged (near 1.0) when the wind gpmsetl35 km/h, they both dezase
significantly whenvy exceeds 135 km/h. Specifically, at titve O h, the hurricane witty, higher than 135
km/h can decrease the functionality of EPN by more than 50% of its normlaAkkieugh the hurricane

does not affect TN directly according the assumption, the functionality of TN can still drop below 20%
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of the normal level due to the Type | and Il interdependencies with. Bfdnwhile, the Type lli
interdependency determines the rapidity of the recovery stage by tirepitapaing and lathree types of

interdependency contribute to the shapes of functionality curves of tvemnsyst the recovery stage.
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Figure 4.4Variations of normalized functionality metrics of both systems with:tif@e TN; (b) EPN.
(Number of repair teams= 4)

Based on the functionality variations, the resilience indices of batteras can be obtained by
integrating the functionality curves over time based on(£87) The control time for the period of interest
Ticis setto be 30 24=720 h for the purpose of comparing different hurricane scengigose4.5depicts
the distribution of resilience indices of two systems based on 200asiomutesults of each scenario. With
the increase of the number of repair teams, the distribution bénesi index shifts rightward and thesem
value increases, indicating that more recovery resources can enhancdigdmeees both systems. To
better demonstrate this trerielgure4.6 shows the variation of the mean system resilience index with the
number of repair teams. It can be observed that the resilience indices of bethssgecrease with the
increase of the windoged and both systems can withstand hurricanes with the wind speed as high as 135
km/h. Increasing the number of repair teams generally improves the syssiliance, and such

improvement effect becomes more significant when the number of tepaisn is low and turns stable
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whenn surpasses a certain value. This is partly because wiseless than the number of the damaged
components, increasingcan allow more damaged components to be repaired at the same time and thus
shorten the total recovery tanWhem is greater than the number of the damaged components, the repair
scheduling becomes less important as all damaged components carired iegaarallel with sufficient
resources. As a result, the total recovery time would be same asdbstiione of those components taking

to repair. It should be noted that in reality, due to budget constraint andysef/enajor natural hazards,
available resource is often scarce compared to the needs, as evidenced by many hasgarits It is
therefoe important to have appropriate decisinaking tools to prioritize repair, assist on resource

allocation and make the optimal scheduling to enhance the system resilience.
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Figure 4.6The variation of average system resilience index with the number of tegais: (a) TN; (b)
EPN

4.3.2Effects of resilience improvement strategies

To investigate the effects of different improvement strategitdsré@e stages of the system resilience,
four cases are studied to be compared witlotlggnal interdependent system (denoted as Case 0). Case 1
focuses on enhancing the resistance of components to hurricane in the preparedndssssiagamed
that all towers and poles in the EPN vulnerable to hurricanes are strextjtheflected as increasing the
median values in their fragility functions by a rati®nagen Of 1%, 5%, and 10%, respectively. Such a
strategy is also shown in the damage analysis of the flowchaigune4.2 Case 2 focuses on improving
the robustness in the response stageaksumed that all substation nodes in EPN are equipped with backup
generators which can still provide power for 24 hours after they fail (@Qustal. 2012)All signalized
intersetion nodes in TN are equipped with backup batteries which can still provide fuovtietfic lights
for 10 hours after the main power loss. This strategy is characterized.ifdE38) and (4.39).

Compared with Cases 0, 1, and 2, Case 3 focuses on imptbeirgpair scheduling in the recovery
stage. First, thelelay time for the repair activities to be initiated is reduced from 4 houtshbur to

represent an emergency/fast response. Second, better repair sequences o damageents are
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determined, instead of being randomly arranged in Cases 0, 1, and 2. An objective funitignahi
maximizing the resilience of the interdependent system can dgislséd as followgOuyang and Wang

2015):
maximizew' R" w (4.40)

wherew" andwF are weight coefficients for the resilience indices of TN and EPN, respectivelgatisfy
w' + wE= 1. The values ofi" andwF can be adaptively set depending on which system is deemed more
important and should be recovered first under a particular situation indlweand judgment of the
decisionmakers. In this demonstrative study, three repair modes are adopted(MEquai = 0.5), TN-
first (W' = 1 andwf = 0), and EPNirst (W' = 0 andwF = 1). It should be noted that the final resilience
indicescan only be determined when the whole recovery process completes!| fgqovary process takes
time and during the duration of recovery, the topology of the network andtieed®ows will dynamically
change. So the stochastic scheduling optimizatih the objective function in Eq(4.40) and the
constraints in Eqs(4.30) and (4.31)s essentially a type of dynamic job shop problem and also known to
be NRhard. The approximate solutions are often obtained based on heuristics, suefbasead, genetic,
and simulated annealing algorithms (Bocchini and Fspob2012; Vugrin et al. 2014)

Here, a heuristic method based on the importance ranking is adopteddedrtiye repair scheduling.
First, the important measubg; for each componemtis computed as follows:

Mow Q-1 e F®) FE) |y g e x a
Q'(t,) F(t,)

where Q'(t,|i) and Q°(t, |i) denote the functionality of TN and EPN after only removing component
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respectively. Under the chosen repair moslegndwF), thelM; directly reflects the impact of removing

componenti on the functionality of the two systems. The larger e is, the more important the

componenti is to the functionality of the two systems. Then the repair sequenctdse afamaged

components are determined based on the ranking ofth&irfrom highto low. Further, Case 4 combines

all strategies in Cases 1, 2, and 3 to improve the original system%the, is set to be 5% and all three

repair modes are considered).

Figure 4.7shows the functionality curves of different cases for a typicalasierandTable4.5 and

Table 4.6 summarize the improvement ratios of average resilience indices fonieapiiN and EPN as

compared to the original ones, respectively.
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Figure 4.7Comparison ofvariations of normalized functionality metrics of both systems over tiitte w
different improvement strategies: (a) TN; (b) EPN. (wind spgedl95 km/h, number of repair teams
4, Faden = 5% for Case 1, and Equal repair mode for Cases 3 and 4)

Table4.5Improvement effects on TN’s resilience (number of repair taam4)

Wind speed (km/h)

Case Improvement strategy 135 165 195 225 255
Case 0 None 0.00% 0.00% 0.00% 0.00% 0.00%
Case 1 1% 0.24% 4.49% 5.69% 0.40% 2.14%
5% 0.35% 16.87% 66.06% 4.96% 7.09%
10% 0.45%  30.96% 161.88% 11.77% 9.69%
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Case 2 Backup power 0.17% 0.25% 3.14% 0.44% 1.00%

Case 3 Equal 0.41% 22.60% 202.99% 178.64% 97.66%
TN-first 0.42% 22.83% 243.10% 241.45% 166.96%
EPNHirst 0.25% 5.62% -2.89% -7.94%  -13.04%

Case 4 Equal 0.60% 32.86% 260.95% 225.80% 154.03%
TN-first 0.60%  34.87% 292.27% 280.29% 232.54%
EPNHirst 0.55% 22.85% 79.10% 447%  -5.48%

Table4.6 Improvement effects on EPN'’s resilience (number of repair teems)

Wind speed (km/h)

Case Improvement strategy 135 165 195 225 255
Case 0 None 0.00% 0.00% 0.00% 0.00% 0.00%
Case 1 1% 0.03% 233% 2.29%  240% @ 2.42%

5% 0.06% 9.77% 19.12% 4.08% 23.66%

10% 0.07% 16.15% 42.25% 8.82% 39.30%

Case 2 Backup power 0.00% -0.36% 0.46% -1.20% 0.55%
Case 3 Equal 0.17% 5.40% 25.74% 27.86% 47.01%

TN-first 0.16% 4.15% 18.47% 16.11% 19.49%

EPNHirst 0.18% 6.15% 30.43% 29.96% 49.13%

Case 4 Equal 0.21% 13.74% 42.28% 33.72% 70.09%

TN-first 0.20% 12.62% 34.33% 22.06% 50.45%

EPNHirst 0.21% 14.23% 47.00% 36.19% 73.09%

It can be observed that for Case 1, hardening (strengthened) towers arid géllscan reduce the

number of the damaged components and thus shorten the recovery stage andlemhesitence of both

systems. It should be pointed out that the reason the functionality of EPN fdk {Sadmost equal to that
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for Case 0 at timeé= 0 in Figure 4.7b) is that the adopted functionality metrQirvi\,dl (t) represents the
ratio of number of functional components in EPN rather than the esathumber of structurally intact
components. This is based on the fact that a structurally intact componestilimet be able to provide
service due to the failure obitipstream components. It is true however, that a higher numibierobfisally
intact components due to the jlisaster hardening usually means lower overall -gisstster repair
workloads and faster recovery process.

In Case 2, it can be found fromable 4.5 and Table 4.6 that that adopting backup generators and
batteries doesat enhance the resilience of interdependent TN and EPN significBh#yfirst reason is
that the EPN used in the demonstrative example is dilsadistribution network with nearly no
redundancy. Through the unique failure path to the demand node, the upstream substatbmebeer
the power successfully even with backup generators equipped. The second rehagnfas the TN,
although the backup generators for some substations which directly powerligats and the backup
batteries at sigalized intersections can delay the failure of traffic lights tempofatite the delayed drop
of functionality level immediately aftear= 0 h for Case 2 ifrigure 4.7(a)), the lasting time of backup
generators (i.e., 24 h) and batteries (i.e., 10 h) are relatively short compardwewitole recovery process.
Since the resilience index is calculated based on the integration obhalityi level over the control tien
T.c = 30 days, the effect of backup generators and batteries on the resilience isificdrgighihis is also
reflected inFigure 4.7 except for some small diffamee immediately aftar= 0 h, the functionality curves
for Case 2 are almost identical to those for Case O.

The effect of repair scheduling on the resilience can be clearly reflected in.Easm3able4.5and

Table4.6, the improvement ratios of TN and EPN are found to vary under different nepadés. The most
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effective repa mode for each single network is always the “selfish” one (i.e., kxér§t mode is the best
for improving the resilience of TN, and the Efirét mode is the best for improving the resilience of EPN),
and apparently the worst repair mode for eacheingtwork is always the “unselfish” one (i.e., the EPN
first mode is the worst for improving the resilience of TN, and thdifdtimode is the worst for improving
the resilience of EPN). The result of the equal mode lies in between the ot “séfish” and “unselfish”
modes.

It can also be seen that frarable4.5, the negative ratios in Case 3 indicate that using-fi8Nmode
actually impairs the resiliee of TN, but fromrlable4.6 even using TNirst mode can still improve the
resilience of EPN. This is because the durations for repair actifiigesdebris cleang) on TN are much
shorter than the durations for repair activities (i.e., towers and pglaging) on EPN (setable4.3). If
most repair teams are firassigned to repair EPN under ERi$t mode, they need to take a relatively
longer time to finish their repair work before moving to the next task. And again, duedtatike EPN,
the first repaired components (i.e., with high valulvbf under EPNirst modearelocated near the power
source nodes, which had little contributions to TN (i.e., not directly powtgraffic lights). Thus, the
functionality of TN remaisat a low level for an extended time, resulting in reduced resilience. Bet if th
most repair teamare assigned first to repair TN under st mode, the debris cleaning on important
roadways could be quickly finished and the overall TN state couichpeved at an earlier time, which
resulted in shorter travel time and faster ingvto next assigned tasks. Meanwhile, due to Type |
interdependency, some EPN’s components can also be important to TN’srfaligtiand be scheduled
for repairing first, which explains the improvement of EPN'’s resiliemaier TNfirst mode inTable4.6.

Equal mode balamsthe importance of different components to each system and thus can achieve an
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in-between improvement for individual systems. It can be seem Figure 4.7(a) that for the TN, the
functionality of Case 3 is lower than that of Case 0 in the early durati@e@fery stage but surpasses the
functionality of Casé in the later duration and results in a shorter recoverg.séega result, the equal
mode strategy can effectively enhance the resilience of both systbiaste$ult also underlines the
importance of the TN’s state to the recovery processes of bsttnsy. The faster the TN's functionality
can be recovered, the more efficiently the repair activities can be ¢eddua thus the greater resilience
can be achieved for both systems.

When all the improvement strategies are combined in Case 4, thenpesiof both systems is
significantly improved as expected. Different repair modes can still genernailarseffects on the
improvement ratios as in Case 3 but all have positive numbers. By compariegutief Case 4 to those
of Cases 1, 2, and 3, theost effective single strategy to improve the system resilience catdrenthed.
For the TN, adopting a better repair schedule ranks first, and hardening &PNjonents is the second,
and setting up backup generators and batteries gives the leastéampra. But for the EPN, hardening
EPN’s components and adopting a better repair schedule both wibikkhite setting backup generators
and batteries barely improves the resilience of thislig&EPN.

Figure 4.8depicts the variations of average system resilience indices withctteage of the number
of repair teams in all five cases. The overall trend is similar to that ofridgiead system: more repair
resourcs result in larger resilience indices. It also clearly shows the rankingpoovement of different
strategies. Note that Figure4.8@), when the number of repailatas was less than 12, the components
were not hardened in Case 3 and the number of damaged components in Case 3 getytbarlahat in

Case 1. However, adopting a better repair schedule (Case 3) still outpstf hardening EPN'’s
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components (Case 1) hweh highlights the benefit of using an improved repair sequence in thigiviah
repair scheduling problem (when the number of repair team is less thamuthiger of damaged
components). And it can be also found that the improvement levels fowEfesmaller than those of TN;
however, the economic variation may be significant. This is becauseaifti data on customer demand
for electricity was available, the functionality metric for tBBN can be represented as the proportion of
customers affeetd by outages which is strongly correlated with the fraction of functionataiieg used.
For large networks, even a small change in resilience index based on the #litgtionhis study could

mean millions of dollars in economic saving or I8siyang et al. 2012).
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Figure 4.8Comparison of variation of average system resilience index with thberushrepair teams in
different cases: (a) TN; (b) EPN. (wind spegad 195 km/h, Faen = 5% for Cases 1 and 4, and Equal
repair mode for Cases 3 and 4)

4.3.3Computational cost

All analyses in this chapter were coded using Python and conducted on a desktoprowitipluttel
core i#6700 3.40 GHz CPU, 16 GB RAM, and-b# Windows 7 operating system. The running time of
each sample in the simulation varies from 20 s to 60 s degendithe wind speed and the number of
repair team, i.e., higher wind speed leads to more damaged componentseanmilfater of repair teams

leads to longer recovery time, which both increase the running time. For thesinggoranking algorithm,
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it took 26 minutes to obtain importance measures of all components of the TEP&hdised. The
importance ranking algorithm aims to provide a heuristic solutioaamivery schedule for maximizing the
resilience of the TN and EPN since the original problem ih&l and its efficiency depends on the size
of the networks. For larger instances of TN and EPN, ranking all componepntser@mputationally
expensive and the efficiency of this framework can be further improned the perspectives of
computational setig (e.g., implementing parallel computing) and algorithm (e.g., using topblssd
measures for ranking or applying optimization to the recovery scheduling prdivkatiy).
4.4 Conclusions

This chapter presents a framework of resilience assessment fitdtgependent traffielectric
power system subject to hurricane. Flbasednathematical modelreestablished to describe the traffic
and electric power systems. Three types of interdependenciescamrged: type | interdependency
describes the traf lights at signalized intersection nodes in TN requiring power supply froewanet
nodes in EPN; type Il interdependency is the potential blocking effetisaed by the failed components
of EPN on the traffic flow in TN; and type Il interdependergyhe effect of accessibility of TN on the
recovery processes of both systems. A procedure coupled with Maritesimulations proposed to assess
the resilience of the two systems. The TN and EPN in a virtual commuanritgd Centerville considering
three improvement strategiesre studied as a demonstration. i$t found that interdependencies can
significantly affect the resilience of both systems and each system comegp different most effective
single strategy. While hardening hurricandgnerabé components and adopting a better repair schedule
both improve the resilience of the electric power system significadtypting a better repair schedule

works best for the resilience of the traffic system. The equal repair mode caneatte resiliece
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improvement in a balanced fashion. The results also highlight the impertd repair scheduling to the
resilience improvement for these two interdependent systems wheratlablawecovery resources were
limited. Due to the interdependencies, the faster the functionality of tsgftem can recover, the more
efficiently the repair activities can be conducted and thus the greater msitieboth systems can be
achieved. It is noted the specific findings in terms of resili@mckerecovery strategies are highly dependent
on the specific network configurations. Therefore, some specific §adibout Centerville may be different

from another community.

CHAPTERS ENHANCING RESILIENCE OF INTERDEPENDENT TRAFFKELECTRIC
POWER SYSTEM BY PRIORITIZING MITIGATION AND REPAIR RESOURCES

5.1Introduction

TN ard EPN are critical lifelines underpinning the normal functioning of the nmostesiety andhe
investigation in Chaptet suggests that these two systaran be strongly interdepende@haracterizing
the interdependencies among theseigbly interconnected critical infrastructure systems with adequate
detailsis critical in devising costffective resilience improvement strategis.addition the available
resources to perfornpre-disruption mitigation and postlisruption repair actionsre often limited,
especially during the poslisruption stagadoweverthese cruciaflecisionson the resource allocati@ne
often made from personal experiences, judgement or intuition, whigatanly be ineffective but also
introduce extra damages to the disrupted system. Therefore, it is necessavise scienebased cost

effective resource allocation strategies to prioritize limited resouexchieve the optimal balance

4 This chapter is adapted from a published paper by the author (Zou and Chewig®p@ymission fronElsevier.
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between CIS performance and cost.

This chapter develops a decisioraking framework for prioritization of mitigation and repair actions
to enhance the resilience of amterdependentraffic-electric power system in terms of its functionality
under budgetary constraints. A-lbivel, stochastic, and simulatittased optimization problem is
established with the objective of maximizing the expeéaesilience improvement of the interdependent
system. The upper level of this framework seeks to find the optilaralgb allocating limited mitigation
and repair resources to multiple disrupted components to estimateximaum attainable functionality
gain. And at the lower level, the functionalities of the traffic and étegower systems considering their
interdependencies are measured based on network analysis methods. Moheodsnamic traffic
assignment algorithm is adopted to overcome the shortcominge efatic traffic algorithm and capture
more realistic traffic dynamics in congested urban roadway networks. Untiegtén disruptions, traffic
demands, and mitigation and repair costs are considered in the probtaitatam. The proldm is solved
by the binary particle swarm optimization algorithm combined with the knkyisesed heuristic
initialization and based on which, the mitigation and repair prioritiedissfipted components are then
further established.

5.2 Network representationand functionality
5.2.1Transportation network

The transportation network here refers to the urban roadway network mptésented as a directed
graphG™ = (VT, AT, whereV"™ andAT are the set of nodes and links, respectively. The nodes define origins,
destinations, and the links j) wherei, j BV™ andi M are all roadways. Since the static traffic assignment

(STA) model cannot capture traffic dynamics (e.g., queue spillbadkseed variations), a simulation
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based mesoscopic dynamic traffic assignment (DTA) model is developedetmihet the traffic flow
pattern of the TN by solving the dynamic user equilibrium (DUE) traffiggagsént problem. The period
of interest is dis@tized into a set of small interval§ {0, t,2 t,...,M t}, wherelis a small
time interval during which no considerable variation in traffic conditionsocaur, andM is a large integer
such that the intervals from O kb (t covers the period dhterest. Given the set of origi@and the set of
destinationd and the timevarying traffic demand between eackDpair, the traffic flow pattern of the

network should satisfy the following DUE conditi¢(®bayti et al. 2007)

() W) 8 oWl td Dek Ko T (5.1)
fON() W) 0 So GWVdt Dek K% ), T (5.2)
fX) W o Oed D, kKeK*(), W (5.3)
k.KL(wkad() qQ*Uy o O, d I, T (5.4)

whereT is the set of departure time intervalk, ZS; ke°( Iy is the set of feasible paths framandd in

departure time2 o°( Ais the traffic demandfrom o to d in departure time2 fk°d( m is the flow on path
k from o to d in departure time2 CEd( Wis the path travel time for travelers on pétfrom o to d in
departure time2and OdG) is the minimum path travel time for travelers frorto d in departure time2
Compared with the STA model, the DTA model does not have nice mathenpaitpalties (e.g.,
highly nonlinear and nedifferentiable objective function) to be exploited eaihiu et al. 2011; Sbauyti

et al. 2007)As a result, if the DTA model is implemented in the followingisien optimization model,
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the whole bilevel problem cannot be linearized and coteeto an equivalent singlevel problem as in
the work by Fotouhi et a{Fotouhi et al. 2017). To achieve such DUE conditions, the DTA method usually
contains a dynamic network loading model simulating traffic dynamics to obtaircttied experienced
travel time, a timadependent shortest path algorithm which finds the neatest routes, and a path
assignment adjustment algorithm to iteratively update the routesafaldrs to approximate the DUE
condition(Chiu et al. 2011)A mesoscopic and simulatidrased dynamic network loading model is adopted
here, in which vehicles in each departure time inteake divided into a number of packets and loaded
onto the networkTong and Wong 2000; Zhou and Taylor 2014)

The travel time for a packet of vehicles traversing a link consists of two parts: the cruise time
along the link and the queuing time at the end of the link. The cruise time dependogttnef the link

lij, the traffic densitykij (1), and the following speedensity relationshigBen-Akiva et al. 2012):

i oo \ kijjam Kjo

)Jr7 ts (5.5)

¢ Gy )

where (1) is the current cruise speed on link) at time intervat;\/i;nin , Vi?, k,j)

jam
i

and C,?are the
minimum speed, free flow speed, optimal density, jam density, ansarftpw capacity for link , j),
respectively; L and £ are parameters; ancq; indicates the ratio of the remaining capacity of link (
j) to its original capacilyCi? and is also referred to as the functionality level of link(and the original

functionality level in the intact TN is 1 (i.e.,q;oz 1).

Once vehicles arrive at the end of the link and yet reach their destinatiepanay egerience
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additional queuing delay before they can enter the downstream link because of congegiitaipation

of intersection. A modified point queue model with the spatial storageitgpnd firstin-first-out (FIFO)
constraints is adopted hereaocount for queue spillbackZhou and Taylor 2014). Thus, at each time
intervalt, for vehicles arriving at the end of the link, the condition for emgettie downstream linl, ) is
that the outflow capacity of the current Iﬁj?”t and the physical space awdillity k]jf(‘m Ky () of the
downstream linkj( k) can both accommodate these vehicles. Otherwise, the vehicles wonldrfenter
the queue at the end of the current link)(

Two types of signalization of intersection are considered here: sigaaizd unsignalized. For the

signalized intersections, traffic signal lights are assumed to be pdetind operated in the isolated mode

and the effect of traffic signal is reflected in the outflow capaditthe link (, j) with the signalied

interstation nod¢ (Zhou and Taylor 2014):

ou satura ionG I'eer] saturation R
Ciit yJTC;]t t (:yclq +(1 y]T)CI:J et J \éiggalized \% (57)

Cijsat”raﬁonis thesaturation flow of link i{ j); andGreen andCyclg denote the effective green time

where
and cycle length of the traffic signal for nojdeespectively;VsiTgnaﬁzedis the set of signalized nodes in TN;
the binary variableyjT is introduced to indicate the condition of the traffic light for gnalized nodeg
(functional: Y| = 1; failed: y; = 0).

The unsignalized intersections are assumed to beagistop intersections and their impact is

considered by forcing all vehicles about to enter the downstream link throughsilgealized intersection

to stop and wait at the end of the current linkd@pecified length of time lggp, which aims to mimic the
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behavior of drivers encountering stop signs. It is assumed that if dffie fight of the signalized
intersection fails (i.e.,yjT = 0), the intersectiowould operate as an unsignalized one.

Once the dynamic network loading model produces the actual experiemaddime by each traveler,
the timedependent shortest path algorithm computes the shortest paths for eatthreléper interval and
then the flows of paths are adjusted using the method of successive avdilasigegrocess is repeated
iteratively until the DUE condition is reached with acceptable accuracse Méormation of the DTA
model can be found in relevant literat(@hiu & al. 2011; Sbayti et al. 2007; Tong and Wong 2000; Zhou

and Taylor 2014)

To summarize, given the timerying traffic demand input (e.g.,-D pairs and g°¢( iy ) and the

mnovO kPM L CY cycle, andGreen),

roadway state (e.g.yjT and q; ) and characteristics (e.g¥;~ , Vi, K, I, 4,

the DTA model can yield the state of the Bis{ ij, q;’ f (W, (W, where f2( ) and (b
represent the traffic flow pattern over the period of inte8esttisfying Eqs. (5.1)—(5.4).

The resilience of the CIS is usually characterized by measurinvgitiagion of the functionality of the
system and various functionality metrics have been proposed based on the research Tdmuse
functionality metricof TN can be classified into topologpased and flovbased ones. While the topolegy
based metrics concern about the ability of maintaining connectivity aftexpticm (Bocchini and
Frangopol 2013; Freiria et al. 2015; Liu and Frangopol 2005; Reggiani et al. 2015; ZhhriZp&5) the
flow-based metrics reflect the throughput of the roadway network, and traffic reffidietween origins
and destinations (Fotouhi et al. 2017; Guo et al. 2017; Liao et al. 2018; Nodabafi@019; Zhang and
Wang 2017). It should be noted that since the flow pattern also relibg oretwork topology, the flow

based metrics also imply the topological characteristics of theoretim this study, as the disruption to
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the TN is congestiodue to partial capacity loss and traffic signal outage, the followinglfesed metric

for TN is used (Fotouhi et al. 2017; Zhang and Wang 2017):

1
17O

Qo (5.8)

WT o O,d Dk ( 1y

where Q;m represents the reciprocal of total tratieie for all users over the period of interest. The total
travel time is computed by the summation of all users’ travel tiora their origins to destinations and
reflects the overall travel efficiency of the TN.
5.2.2Electric power network

In the EPN, the electric power is first generated from power plantscéngad through transmission
lines to distribution substations, and finally delivered to end usersgtindistribution lines. The EPN can
experience many ddfrent types of disruptions: random failures (e.g., short circuit anddeadf some
devices), natural hazards (e.g., hurricane and earthquake), and intenticrlal(eija sequential or
synchronous attacks) (Abedi et al. 20183 in Chapter4, this chapter also focuses on the distribution
networks, which usually have a radial topology and are instakedjahe urban roadways. Compared to
power generation and transmission systems, the power distribution sgsparticularly susceptible to
huricanes because overhead distribution lines are widely used due to ecoe@soigs, and the support
structures (i.e., towers and poles) can be knocked down by hurricane winds, whicllwze sizable
blackouts considering its radial topology (Salman 2016).

The EPN here is also represented as a directed @%aplf\VE, AF), where the set of linkaF denotes

the distribution lines and the set of nod€<onsists of the union of the set of supply node& "™, the set

131



of transshipment node# "a"sship and the set of demand nodésdemand(j.e., VE = \ESUPPlY g \/Etransship g
VEdemany The only structurally vulnerable components are assumbd thstribution towers and poles,
which can be nodes or lie on the links. The failure of power line is determinetidratiee failure patterns
of the corresponding towers and po{€alman et al. 2015; Unnikrishnan and van de Lindt 200
EPN's statese={ yiE, yUE (5' (1[5 >qu }, is not only affected by the structural failure pattern of towers
andpoles but also determined by the following network flow model to account for casctidoig hich

is the same as the model in Sectol.2in Chapter4 (Loggins and Wallace 2015):

maximize yF | Ve (5.9)

i VE,demaqd Vv E transship %o(i,j) AE

subject to

X% @ | v (5.10)
(i.j) AF (ji9 AF .
)g:E : )SF 0 | :V E,transshi; (5 1 1)
(i,j) A" (ji9 AE .
XF : )SF q’i ‘ VE.transshi[ (5 12)
(i,j) A% (ji9 AF .
)Q:E : XJIIE - p ? VE,deman( (5 13)
(i.j) A® (ji9 A% .
0 ¢ dd i VEE™™ (5.14)
0 d} x @Gy i V° (5.15)
(i,j)-AF
0d! x @G i Vv© (5.16)
(ji)-A®
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0 xd GGy (i,j) A5, i VF (5.17)

y, dOG i V¢ (5.18)

y; 06 (i,j) A° (5.19)

yi o4 i VE (,j) A (5.20)

Vel o i e (5.21)
(11)-AF

yo /g i vEem (5.22)

x Z2y {013,0 ¢ 1d (i,j) dA° (5.23)

v 03,0 & 1di VE (5.24)

where yiE and y“-E denote the functional states of naded link (, j), respectively (functional:yiE =1, y“-E
=1; failed: yiE =0, yijE =0); )QJ-E denotes the flow odink (i, j); Gand (-Fdenote the experiencing
functionality levels for nodeand link {, j), respectively, and the original functionality levels in intact EPN
are 1 (i.e., G’Oz land 4?‘0: 1); Csj and CU are the supply flow capacity and the transshipment flow
capacity of node respectively; CiE and CijE are the totallbw capacities of nodieand link ¢, j), respectively;
piandd: are the actual supplied and required flows of demandinode

The objective function of this model (E¢5.9)) is to maximize the number of survival components
after the disruption. The constraints shown in E&§s10)—(5.14)regulate the electricity flowing with

respect to supply, transshipment, and demand flow levels. The constraints ishBgs. (5.15)—(5.17)
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ensure that the flows respect the disrupted capacities for both madasa. The constraints shown in Egs.
(5.18)—(5.22) descrile the relationship between the state of components and the flow pattern. The
coefficients of C in Egs.(5.18) and (5.19jre introduced to handle the partially functional components
and are set to 100 here, i.e., whea & 1 the componeritis not totally disrupted ants functional state
yiE can still be 1; only Whenq;:o, the componeritis totally disrupted and its functional stabeE should
be 0.

The inputs of this model include the network topology, the flow parametemsasiCy, C;, C',
C,JE andd,, and the structurally damaged staté and CF If the data of electricity supply and demand
is not available, this model can also be adapted for the connectigityses which only depends on the
network topology (i.e.,Csj, Cm : ,E, and CijE are set to large constantspqualsp; XJE é and (1[5 are
set to be binary, and the constraint £§.11) is omitted). Thesamemetricin Section4.2.2in Chapterd
characterizing the ratio of the number of functional components to the numbtal @bimponents used

to evaluate the functionality of the EPN in stait) (Loggins and Wallace 2015; Ouyang and Duefas

osorio 2014; Panteli et al. 2017):

E E

E ivEyi :(i '-)AEyij
qurvival |VE| il (525)

AE

where [Ris the cardinality of the set.

5.2.3Interdependencies between TN and EPN

The same thretypes of interdependency between TN and BBNescribeth Sectior4.2.3in Chapter

4 are considered:
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(1) Type I: The function of traffic lights at signalized intersectiongMdepends on the electricity
supply of EPN;

(2) Type II: The function of some roadway links in TN depends on whether tha fallvers or poles
along the roadways in EPN will block the roadways;

(3) Type llI: The accessibility to damaged sites in EPN depends daribton of TN.

Type | interdependency denotes the relationship mapping from nodes in E@Ne® of signalized

intersections in TN, which can be expressed as the following equation:

yo ¥ (i) R(T.E) (5.26)

where node D\/SLnauzedis the signalized intersection in TN, and ngd& " in EPN directly supplies
electricity to node, andF(T,E) is the set of all such node pairg).

Type Il interdependency denotes the relationship mapping from the nodeskand EPN to the links
in TN. The towers or poles, which are the nodes or lie on the links of EPN, may be knockedrdbw
therefore disrupt the traffic of nearby roadways in TN. The remainingitgpéroadways after disruption

is denoted using ¢°:
¢° fua(ry)  (G)r;) Fua(TE) (5.27)

wherefuoc RIS the function mapping the potential blockages caused by the damaged cospbEEhN

to the TN’s state;ij) PA" andrj is the corresponding set of nodes and links of EPN affectingilijkof

TN, which is determined based on the geographical proximity;Fak(d,E) denotes the set of all such
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component pairsi(f), ri).

Type lll interdependency mainly impact the repair actions on the EPNladtdisruption occurs. It is
assumed that the repair resources, also referred to as repair teameHecated at some depot nodes of
TN before déruption. After disruption, the repair teams will utilize the roadway$N to access the
damaged components to perform repair activities (e.g., removal of falleers and poles from roadways
and restoration of the distribution lines). If tbeationsof damaged components are accessible (i.e., at least
one path exists for the repair teams to reach the locatiomgpalir actions are assumed to be completed
instantaneously (Fotouhi et al. 2017). Otherwise, the damaged components caesturbd.

5.3 Problem formulation and solution procedure

With the network representations, the functionality metrics, and thelémendencies introduced
above, the blevel, stochastic optimization problem of prioritizing mitigation and repefions under
budgetary constraints can be formulated. The dedmitif resilience adopted in this study is adapted from
(Chen and MilletHooks 2012; Fotouhi et al. 2017; Milletooks et al. 2012; Zhang et al. 2015): the coping
capacity of the system considering the effects ofdsauption mitigation and the pedisruption repair
actions, which can be measured as the ratio of thedmrsiption system fustionality to the pradisruption
one. The objective is to maximize the expected resilience improvdRheffitthis interdependent traffic

electric power system, in terms of the increase of the functionalityathaelected disrupted scenarios:

maximize RI=E][ % @ars) %] (5.28)

where E[®is the mean operatorQ™and QFfare the functionality levels of TN and EPN after disruption
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with mitigation or repair actions, respectiveIQdT and QdEare the functionality levels of TN and EPN after
disruption without taking mitigation or repair actions, respectivélg/and QOEare the functionality levels
of intact TN and EPN before disruption, respectively(Q" Q)/(Q Q) and

Q°F Q)/(Q Q) are the normalized functionality improvements of TN and EPHNr afiking

mitigation or repair actions, respectively; and 1 / are weight coefficients for the resilience
improvements of TN and EPN, respectively. The value /gfwhich is referred to as the preference
parameter here, can be adaptively set depending on which system idl deem@émportant and should be
assigned rore mitigation or repair resources under a particular situatitime view and judgment of the
decision makers.

The upper level of this problem is to find an optimal plan of allocating lihritéigation or repair
resources to vulnerable components. In this study, the mitigation reshareaefer to the following pre-
disaster actions: (1) hardening the distribution poles or towers, waitprotect nodes and links of the
EPN; (2) preinstalling battery backup systems for the traffic signals in TN.r€pair resources refer to
the following postdisaster actions: (1) repairing the distribution poles or towers;e§pring affected
roadway capacity by removing fallen poles and towers. It is noteddhsidering the detailed process of
mitigation andrepair actions can be challenging since it involves coordinating and dlisgatnany
different resources, such as crews, equipment, and materials, this stplifjes this process by assuming
that these mitigation and repair actions are only under limited budgetary ousdira., transforming all
types of available resources into the equivalent monetary vdkers) and Sansavini 2019; Fotouhi et al.
2017; Romero et al. 2015; Zhang and Wang 20Ifgse actions can affect the states of compsnent

directly or through interdependencies, which are expressed using followingagusst
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Under mitigation actions with decision variakjﬁe's:

iEG iE i?;O +a iE) i E,d[ i & Eul AE,VUL (529)
yoo ALY T Vigaiea?@0) Ry (T.E) (5.30)
ijT G( kE) ijT’Y -G kE) ijT'd i) AG™, & )rij ) Fu (TE (5.31)
k T K fi .
A (5.32)
P VEW AR g i Vignaiized .
/iCIS {0’1} | \I‘E,Vu| dgd \/Si'g,n o, (533)

Under repair actions with decision variahffés:
iEG iE( iEki G'd(l |))+@- /iE) iE'd I (5.34)

ijTG UT( iT’?( i G'd’(l i ) G/ ijT)ij e (] )MT]VUl G | )rij ) FVA (T.E (5.35)

Lu cEr E : KT B (5.36)
i VEWU  pEwl %o i ATw .
S 0.0 0 WEW AR ATY (5.37)

where the superscripts of CIS can be T or E, indicating TN or EPN,cteghe the superscript vul
represents the set of vulnerable components, which are disrupted in ah&asnsidered scenario; the
superscripts m and r in Eq65.32) and (5.36)enote mitigation and repair actions, respective['b?;IS

and /flsare binary decision variables indicating whether mitigation and repainacie assigned to the
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vulnerable componeitrespectively; G'S’O and Gls’dare the original and disrupted functionality levels
of component without mitigation or repair actions, respectively; (or /ij) in Egs. (5.34) and(5.35)

is a binary variable indicating the accessibility for repesams to reach componer{accessible: 7, = 1;

CIS,m

inaccessible: = 0); C cisr.

and G in Egs.(5.32) and (5.36@re costs for mitigation and repair acgon
on component, respectivelyB in Egs. (5.32) and (5.36) is the total available budget for mitigation or
repair actions.

Finding optimal mitigation and repair resources allocation plans atedras two separate problems
to investigate their different impacts on the resilience improvementmitigation actbns, Eq.(5.29)
indicates that the components in the EPN can be directly protectedpng thisaster hardening; E¢.30)

modifies the original dependency of the traffic signals on the EPN.if{8226) due to insthation of the

backup battery systems; E(p.31) represents that hardening relevant nodes and links of the EPN can

prevent the blockages on the roadwaysctvlsire assumed to only arise from the fallen poles and towers,

and the reason of using product notation is that there are many possible paolesrsaffecting the same
roadway, and unless they are all hardened, the possibility ddgeaemains; Eq(5.32) stipulates that
the costs of feasible mitigation shall not exceed the available budget.

Compared to the prdisaster mitigation actions, the main difference of the-gisstster repair actions
is the need to account for the aforementioned Type Il iafEnddency. Eqg5.34) and (5.35) states that
disrupted compnenti can be repaired and return to original functionality level onlggfdecision maker
allocates the repair resource to ﬂf{s = 1) and the disruption location is accessibje% 1); otherwise,
the componeritremains as disrupted.

Therefore, by introducing these constraints above, the effects of feadilgition and repair actions
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on the states of components in the coupled system are determined. Thiel@lvef this optimization
problem is to eMaate the functionality levels of the TN and EPN in Es8) and (5.25)as well as the
resilience improvement in Eq5.28) under given mitigation and repair actions using the corresponding
network analysis. It should be noted that the DTA model for the TN andttherkenalysis model in Egs.
(5.9)—(5.24) for the EPN are both optimization problems. Such optimization protéenadso be viewed

as the adaptability of the coupled system (one important property of the sgsikemce(Fotouhi et al.
2017; Hosseini et al. 2016)), i.e., the travelers on the TN and the powerditothe EPN both seeking
alternative routes to adapt to the changing environment. To accowmtdertainties, disrupted scenarios,
traffic demand ¢*), and costs of mitigation and repair actio6§T, ¢, ¢, and ¢"') are modeled as
random variables in the optimization problems.

The bilevel binary optimization problems are highly nonlinear involving extersivelation due to
DTA model used and the interdependencies between TN and EPNfofbetbe exact methods, e.g.,
branch and bound, are very difficult to be implemented and would be computationallyiexpehsch
may only be limited to small problem instances. So the metaheumistitods are often adopted to obtain
the approximate optimal solution, such as genetic algorifBmechini and Frangopol 20133imulated
annealingVugrin et al. 2014)and rankingbased approadtiRomero et al. 2015Among them, the binary
partide swarm optimization (BPSO), as the binary version of the traditfmaréicle swarm optimization
method, has been found suitable to solve discrete optimization problenupétfios performance than the
genetic algorithm in several studi@hiu et al. 2012; Elbeltagi et al. 2005; Panda and Padhy 20@B)
therefore is adopted in the pressntdy.

In the original BPSO procedure, the position of a particle represenigtiarsowhich is expressed as
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a vector containing binary decision variables (i.gﬁ.c,'sand /,&G"S); all possible positions of partés denote
the feasible solution space (i.e., governed by the budgetary constraimsitiens of particles are first
randomly initialized and then iteratively updated to find new solutions witarijittess values (i.e., larger
resilience improvemdhbased on the BPSO mathematical formulation (Kennedy and Eberhart T1987)
uncertainties in disrupted scenarios, such as traffic denﬁﬁjr)de(nd costs of mitigation and repair actions
(ct™, ¢, ¢ and c™), can be considered by employing simple Monte Carlo simulation to generate
samples or other advanced sampling methods to construct a reduced ofingpeesentative samples
(Chang et al. 2000; Romero et al. 2015).

In addition, this study uses a knaps#elsed heuristic (Barker et al. 2013; Romero et al. 2@1the

initialization stage of the BPSO in order to accelettaeconvergence and also for comparison. The main

idea is to obtain the following importance meadiefor each componenmt

i T E signalized
Q b

Mo 2 Q0 g,y D GO e A yem A (5.39)

where Q; (i) and Qf (i) denote the functionality levels of TN and EPN after only removing component
i, or changing the signalized intersection to agmeiized one, respectivelyQ; Q; (i)and QF QF(i)

are the functionality losses of TN and EPN after only compdrfeiis, respectively;(Q]  Q; (i))/ Q}

and (QF QF(i))/ QF are the normalized functionality losses of TN and EPN after only compbne
fails, respectively, and both are within the range [0,1].Hbted that the failure of component in one system
may also affect the other system due to the interdependeficesnportance measuligl; represents the

importance of componenbf the interdependent system under the given value of preference parameter
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Under a chosen/, IM; reflects the impact of failed componeinion the functionality of the
interdependent system. The lar¢)dr is, the more important the componéid to the functionality of the
system. SdM; can also provide guidance on selecting which components for mitigation and répas.ac
Specifically, under the budgetary constraints, the plan of alhacatitigation and repair resources to the
vulnerable components is determined based on the ranking ofNheialues (in descending order) and
costs (in ascating order). And the allocation plan is provided as an initial solutidhe BPSO for further

possible improvement and the whole solution procedure is summarized in Figure 5.1.
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Figure 5.1 Flowchart of the solution procedupeandfg are the resilience improvement)

5.4 1llustrative example

A portion of realworld traffic-electric power system in Galveston, Texas is used here to dem®nstrat

the proposed methodolodyigure 5.2depicts this chosen area dfigure5.3shows the TN and EPN. The
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TN has 16 nodes and 44 links and the EPN has 62 nodes and 70 links. The links of TNumdyniraén
and minor streets and the nedare all signalized intersectionBable 5.1). The period of interest for
simulating traffic dynamics in the DTA model is set to 2 hours and thér tepan is located at node 3.
Table5.2gives the assumed total traffic demands fdd Qairs, which are all assumed to follow the normal
distribution.Table5.3lists the timevarying demand profile for all @ pairs, which are used to construct
time-dependent €D demand matrices as inputs for the DTA model. Values of other pararimetee DTA
model are summarized Table5.4. Detailed configuration of the EPN is usually classified and not twpen
the public due to security reasons. The construction of the EPN here mbstiyorethe observation in
Google Streeview, assumptions and the connectivity criteria of EPN modelfasedan Egs(5.9)—-(5.24)
are used. Since the EPN at the distribution level usually has a radialgggbk only one substation found
in this area (seEigure 5.3 is assumed to supply electric power for all other nodes. The digiribintes
are all supported by wooden poles. The traffic lights at the signalizedddtiens are assumed to be
powered by the closest pole, which are used to construct thig, €8t E) in Eq. (5.26) The roadways

can be affected by all the roadside fallen poles, as represented by fRg(@eE) in Eq. (5.27).
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Table5.1Link attributes of the transportation network

Free flow speed/’ Capacity C°
Number of  Lengthl; ! !
Link lanes (m) (km/h (mph)) (vehicles/h)
(1,2)and (2, 1) 2 304.91 48.28 (30) 3600
(2,3)and (3, 2) 2 616.05 48.28 (30) 3600
(3, 4) and (4, 3) 2 720.14 48.28 (30) 3600
(4,5) and (5, 4) 2 202.10 48.28 (30) 3600
(5, 6) and (6, 5) 2 382.56 48.28 (30) 3600
(6, 7) and (7, 6) 2 518.05 56.33 (35) 3600
(7, 8) and (8, 7) 1 160.36 48.28 (30) 1800
(8, 9) and (9, 8) 1 202.45 48.28 (30) 1800
(9, 10) and (10, 9) 1 720.12 48.28 (30) 1800
(10, 11) and (11, 10) 1 617.59 48.28 (30) 1800
(11, 12) and (12, 11 1 304.95 48.28 (30) 1800
(13, 14) and (14, 13 1 704.28 48.28 (30) 1800
(14, 15) and (15, 14 1 616.22 48.28 (30) 1800
(15, 16) and (16, 15 1 306.59 48.28 (30) 1800
(1, 12)and (12, 1) 2 470.46 56.33 (35) 3600
(12, 16) and (16, 12 2 809.31 56.33 (35) 3600
(2, 11) and (11, 2) 1 471.55 48.28 (30) 1800
(11, 15) and (15, 11 1 809.37 48.28 (30) 1800
(3, 10) and (10, 3) 3 469.00 56.33 (35) 5400
(10, 14) and (14, 10) 3 810.36 56.33 (35) 5400
(7, 13) and (13, 7) 2 894.44 56.33 (35) 3600
(9, 4) 2 467.60 48.28 (30) 3600
(5, 8) 2 466.97 48.28 (30) 3600

Table5.2 Statistics of random variables used in the example (all assomf@tbtv the normal distribution)
Coefficient of

Parameter Mean variance (COV) Reference
Traffic demand of O-D pair (1, 13) 600 0.05 -
Traffic demand of O-D pair (13, 1) 800 0.05 -
Traffic demand of O-D pair (6, 16) 800 0.05 -
Traffic demand of O-D pair(16, 6) 600 0.05 -
Cost of hardening a poIec;E'rn (US Dallar) 718 0.1 —

Cost of installing a backup battery syste!

3250 0.05 Wallace et al. 2009
"™ (US Dollar) (Wallace et al. 2009)
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(Unnikrishnan and
van de Lindt 2016)

Cost of removing a fallen pole (US Dolla 100 0.1 -

Cost of repairing a poIe(:,E’r (US Dollar) 1435 0.1

Table5.3Time-varying demand profile for all @ pairs(Sbayti et al. 2007)
Ratio of number of departed vehicles tdO-

Time interval (min) demand (%)
[0, 15] 8
[15, 30] 10
[30, 45] 16
[45, 60] 21
[60, 75] 18
[75, 90] 13
[90, 105] 10
[105, 120] 4

Table5.4 Values of parameters for the DTA model

Parameter Value
Jam density,k*" 75 vehicles/km/lane
Minimum speed,v;"™" 16.09 km/h (10 mph)
Green time / Cycle lengtfgreer) / Cycle 0.5
Stop delay, i, 7s
Saturation flow, 52" 1800 vehicles/h/lane
= 1.6
> 0.5
Simulation time interval i 0.1 min
The length of period of intered¥ (t 120 min

To generate disrupted scenarios, hurricane hazard is taken for exangplntiethe whole area is
assumed to be under the same wind speed of 195 km/h with same wind direlctoabn¢avresponds to

category 3 hurricane wind based on the S&fmpson hurgane wind scale. The structural damages on
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wooden poles are simulated using the fragility functi@syang and Duefiassorio 2014; Salman et al.
2015) Specifically, given the experienced wind speed, the failure probgh#it9.597 (Salman et al. 2015)
is compared with a uniformly distributedndom variable 780, 1]: the pole is assumed to fail completely
if 3Qur and experience no damage otherwise. And the functionality level of each &PMNisnent G is
assumed to be either 0 or 1. When the poles happen to be the nodes in the EPNspundorge G are
assigned with 0 or 1; when the poles lie on the links of EPN, the failurebilitids of poles are assumed
to be independent. The link is assumed to be out of ser\n;"ée ©) if no fewer than two poles fail,
otherwise operate normally@ 1) (Salman et al. 2015). The blocking effefsis( ®on the traffic flow
caused by the fallen poles are simplified by assuming probabilities of diffevels of capacity reduction
on the traffic considering the number of lanes, the distance the pole to the roadway, and the typical

height of the pole, as shownTable5.5(Smith et al. 2003)

Table5.5 Probabilities and ratios of remaining capacity for the roadways blocketidyygoles

Ratio of remaining capacityqfa‘

Number of lanes Probability

1 1 0.33

0.25 0.33

0 0.33

2 1 0.33

0.81 0.33

0.35 0.33

3 1 0.33

0.83 0.33

0.5 0.33

The postdisaster traffic demand is assumed to be the same as ttisgster level. It is noted that the

data on the change of traffic demand after hazards is often very hard todotedoliind the postisaster

traffic demand is assumed to be the saéhe pralisaster level in this study. In reality, the hazard may
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considerably change the traffic demdmstause the infrastructures essential for some social and economic
activities may be damaged and therefore somehasird activities can be eithreduced or relocated to
other places. As a result, travelers may alter their travel plans, such asngathest trips and changing
destinations. Furthermore, as the infrastructures recover and the gvagyidities return to normality
gradually, theposthazard traffic demand can also evolve correspondingly (Alipour and Shafei 2016;
Kilanitis and Sextos 2019)

However, predicting the peblazard trafficdemand and its evolution during recovery stage is very
complicated and challenging because many uncertain eooimemic and behavioral aspects are involved
and thus remains as a common challenge in transportation resiispaectiChang et al. 2012a; Khademi
et al. 2015). Researchers on the effect of the earthquake on ttypically propose to use the modified
pre-earthquakeraffic demand by applying trip reduction factors to the origdesdtination matrix to
approximate the postarthquake traffic demar{dlipour and Shafei 2016; Bocchini and Frangopol 2011;
Guo et al. 2017)But estimating the trip reduction factors still requires related datasacieeconomic
analysis. Since the data for the pbatricane traffic demand change is lacking and the secamomic
analysis can introduce additional level of uncertainty, this study daescplicitly address this issue, but
rather adopts the same traffic demands for both before and after tloaumewr@nilar procedures can also
be found in literature (Bocchini and Frangopol 2011, 2012; Guo et al..20is7hoted that the proposed
framework can accommodate the updated-pasticane traffic demand once such data is available.

It should be noted that this simplified example is only for demdimstraurpose and more detailed
simulation methods and field data can be incorporated to refine the quadiotifiof the disruptions to the

networks, e.g., using the simulation tool such as HAZWUK 4.0 to generate more realistic hurricane
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scenarios, performing detailed structural and statistical analyses ttgateethe blocking effects of fallen
poles, and calibrating the parameters of the DTA model with cetlécffic data. The statistics of the costs
of mitigation and repair actions are reportedTable 5.2 The cost of hardening and repairing the
distribution line (i.e.,cle’mand c,jE'r) and the cost of cleaning the roadway (i.q;;r) all depend on the
number of the related poles since only poles are deemed vulnerable compotientsRi.

To evaluate all possible disrupted scenarios under natural hazards suchcamkestand hurricanes
is often impractical and computationally expensive, some researcherspgelvalmethodology to select a
small set of realistic hazard cases associated with corresponding -baasistent probabilities to
approximate all theasegChang et al. 2000; Romeroat 2015) Since this study aims to propose and test
the decision model to prioritize mitigation and repair actions, the applicatiatesfario selection
methodology is beyond the scope. In the present study, the Monte Carlo simegéiadirrg theandom
variables above is adopted here to generate 50 samples as the representativithcagaal occurrence
probability to be used in the optimization process. For each case, §@iBRpplied, in which the number
of particles is 16, the Von Neumann topology is used, the coeffiaée update functions (i.en, ci,
andc;) are set to 0.689343, 1.42694, and 1.42694, respediivadyet al. 2008)and the maximum iteration
is 50. An additional stop criterion is also implemented whichitextes the search when the objective value
is not improved for 5 consecutive iterations.
5.4.1Solutions of the decision model

Atypical disrupted scenario without mitigation and repair actions is @eliicEigure 5.4a). It can be
seen that due to the high failure probability of the pole under the given wind skt aadial topology

of the EPN, most components of the EPN, except small parts near #gtatisnb are not furtional.
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Moreover, the Type | and Il interdependencies propagate the disruptionsTibl:thiffic lights at all
signalized intersections experience the power outage and the roadwaysyllinthe poles are located,
experience capacity reductions. Therage relative functionality decreases for the EP{l EQdE /QOE)]

is as high as 0.97 while that for the TN(E[ Q] /Q; )] is 0.21. The reasons that the TN has much less
functionality loss than the EPN include: (1) the hurricane is assumethamdahe EPN directly and only
affect the TN through interdependencies; (2) the functionality metricedFikhis based on the totahvel
time of all travelers instead of the topology as for the ERd\the travelers in the DTA model will adapt
to the disrupted TN and try to find alternative routes to minimize ttaiel time.

It should be noted that although the functionaligslof the TN seems small here, the indirect economic
loss can be substantial because such indirect loss considering the contritadioaeronomic factors can
accumulate over time until the functionality of the TN is restored (Afipod Shafei 2016}igure5.5a)
and (b) show the iterations during the BPSO in prioritizing mitigation andrragiddns for a disrupted
scenario, respectively. In most cases, the objective value, i.e., thenasilnprovement described in Eq.
(5.28) increases gradually with the increase of the number of iterationbematnes stable within 20
iterations, which indicates that convergence of the BPSO for this aptiom problem.

Meanwhile, it is found that since the BPSO is initialized with sbkitions of the knapsadiased
heuristic, which can yield better or even the optimal resutteedirst iteration compared with the randomly
initialized positions of particles, the required iterations to achieve openoerin some cases can be reduced,
as shown by the line for/ 1.0in Figure5.5a) and the line for / 0.75in Figure5.5b). Figure5.6
further compares the quality of the solutions from the BPSO and from thedakdased heuristics over

all cases. It has been found that the expected resilience improventeimsafrom the BPSO are greater
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than those from the knapsabksed heuristic, except under large budget levels for mitigation aatiers

they are almosequal. Therefore, such knapsdmsed heuristic can provide a convenient but not

necessarily the optimal solution for this problem and can be used mitiaization method to accelerate

the convergence of the BPSO.
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Figure 5.4A typical case showing the disruption and corresponding mitigation and repairsaCfi= 1
andB = US $x 10%: (a) disrupted; (b) mitigated; (c) repaired
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Figure 5.8Comparison of expected resilience improvement from BPSQraaqgsackbased heuristic under
mitigation and repair actions: (a) mitigation; (b) repair

The chosen components for mitigation and repair actions for one study céhestaeded inFigure
5.4(b) and (c), respectively. It can be observed that the number ohctmsgonents for mitigation is more
than that for repair because the cost forgisaster hardening of poles is only half of that of {ulisaster
repair of danaged poles (see Tal#ie?) and the budget level (US $9x¥)@s sufficient to cover the cost for
hardening most of the components in the EPN. In addition, the pregepamameter / is set to 1.0,
indicating that the decision maker chooses improving the resilienttee &fN as the priority; with this
objective, the solution of the decision model for mitigation covers mosbdisbdn lines, whit are either
along the roadways or include at least one path to the traffic lighghpas inFigure 5.4b). As a result,

the TN becomes nearly unaffected by the hazard.
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As for the repair actions, it should be pointed out that such actions are oidy cat after the disaster.
Therefore, the blockages induced by the fallen poles on the roadways alreadytbgigisrupted scenarios
through the Type Il interdependency, so the actions of repairing damagéuitisirlines cannot prevent
the blockages, which can only be eliminated by the actions of road debris femdkia TN. As can be
seen irFigure5.4(c), although the budget level is insufficient to repair as many distriblities following
the hazard as would mitigate before the hazard, some signalizedadtibersen the left part of the network,
which are closer to the substation, are still recovered. In contrast, thasedtitas in the right part of the
network remain as unsignalized ones because the longer distance of distribati@mdicates higheepair
cost. Meanwhile, several roadway links (16, 15), (15, 14), and (14, 13) in the rightth&rhetwork have
been identified for debris removal actions in the optimization to achievENHirst repair mode (/=1).

To further investigate the effects of the budget I&ahd the preference parametdr on the expected
resilience improvement, multiple values of budget and preference paraane testedrigure 5.7and
Figure 5.8how the variation of the expected resilience improveRemider mitigation and repair actions,
respectively, where not only the objective, i.e., the weighted sum iitrese improvements of two system,
but also resilience improvement of each system, are plotted. It cséered that for both mitigation and
repair actions, the expected resilience improvement shows the overatlingdeend with the increase of
the budget level under differenf values, which is as expected. Also by compaFigure 5.7 to Figure
5.8 theRlI of the coupled system achieved by the mitigation actions is found thegethatby the repair
actions, which is once again due to the lower costs of mitigation castse Adudget level exceeds a certain
level (US $1x1Bas shown irFigure5.7),the Rl under mitigation actions becomes stable and approaches

1.0, meaning that the budget level is no longer a constraint anymbteaa become sufficient to enable
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the functionality of the coupled system to be nearly restored to the let®imtbictstate.

When the prdiazard mitigation cost is still lower than postzard repair cost, the results suggest that
well-planned mitigation efforts could provide more eeffective approaches to improve the coupled
system resilience. Effective pdisastemitigation planning is very challenging, which depends on rational
prediction of the resilience performance and optimization offered by solwemced modeling like the
proposed one in this study. It should be pointed out, however, that this does ndhenegair actions are
less important than the mitigation actions since it is not always practiftaketee or prevent undesirable
conseqguences using paesaster mitigation actions and the pdistaster recovery planning remains to be
one of the key appaches in developing more resilient CISs.

Furthermore, although the! of the coupled system goes up when the budget increaséd aiwingle
system does not always increase monotonously and can stagnate (éR4.oftfiéN during the budget
interval US $[5x16 7x10] in Figure5.7(c) or even decrease (e.g., tReof TN from budget level US
$1x10 to US $2x10 in Figure 5.7(b). This can be explained by the fact that the objective of the
optimization problem is the form of the weighted sum ofRIseof two systems and does not guarantee the
monotonous increasd the RI of single systems. Instead, the two systems can compete for the limited
resources and have different levels of contribution to the weightedfdRisy therefore, when more budget
becomes available, one system may ‘sacrifice’ itself, i.e Rtlséops growth or even drops, to let the other
system use the budget more effectively to achieve the increase of thé Rizefahe coupled system. On
the other hand, the value of reflects the priority of the TN in the resouraiocation. When /0.0,
the line denoting the EPN is on top of the line denoting the TN, as shduguie 5.7a) andrigure5.8a).

When / 1.0, the line denoting the TN is on top of the line denoting the EPN, as shdiguie5.7(e)
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and Figure 5.@). As the value of / changes from 0.0 to 1.0, meaning the resource allocation priority
changing from the EPest to the TNfirst gradually, it can be found that the line denoting the TN moves
up and he line denoting the EPN goes down, as illustrated in FEigtire5.7(a){e) and Figures.8@)e),
which indicates that this preference parametercan successfully guide the resource allocation in the
optimization to obtain desirable mode of resilience mapment for each system.

In addition, it is interesting to note that since the disruptions td@khall originate from the EPN
through the Type | and Il interdependencies, thedaster mitigation actions of hardening the poles in
the EPN can also prent the TN from disruptions. As can be observe#igure5.7(e) when / 1.0
(TN-first mode), when the budget is less than US $8xdlDmitigationactions are applied to the TN and
the EPN performance is not improved at all. When the budget exd&e§i8x10, part of the mitigation
resources is now directed to the EPN andRhef the EPN increases greatly. As a result,Rhef the TN

also goes pi since fewer disruptions are propagated from the hardened EPN.
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Figure 5.7The expected resilience improvements of the interdependent systéam mitigation actions
with different values of budget and preference paramggrZ= 0.0 (b) 2= 025; (c) Z=05; (d) Z=
0.75(e) 2=1.0
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Figure 5.8The expected resilience improvements of the interdependent systiemrepair actions with

different values of budget and preference parameterZ @p.0 (b) Z2=025; (c) Z=05; (d) Z=0.75
(e) 2=1.0

5.4.2Component priority indices for mitigation and repair actions

Based on the solutions from the proposed optimization model, a type ofypimatex @I) at the
component level is introduced here to measure the relative imporfaemehacomponent under mitigation
and repair actions to the resilience improvement of the interdependent.sybteRi is defined as the
likelihood of a component being selected for mitigation or repair actions under givert weand

preference parameter value when the uncertainties in the interdepgystent are considerédhang and

Wang 2017)
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wherePl." and Pl are the priority indices for mitigation and repair actions, respagtiM is the number
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of representative casesis the case index; an®Rl ,is the resilience improvement for casdt should be
pointed out that although boB1; here andM; in Eq. (5.38) for the knapsackased heuristic can reflect

the importance of the single component, the derivations are very diffepesibtdin thdM;, the disrupted
scenario was based on the disruption of only compaonantl no optimization on mitigation or repair
actions was considered. TRé& depends on the disrupted scenarios of failure of multiple components, the
available budget, and the optimal mitigation and repair actions. In contrast|utiens from the knapsack
based heuristic are often less optimal than those from the BPSO in caictheti?l. So thePl; can be

more effective to measure the contribution of single component to the omsiti@irce improvement under

the given budget level.

Priority indices for mitigation of two components withfdient values of budget and preference
parameters are demonstratedrigure5.9. FromFigure 5.3, node 15 in the TN is found to be a signalized
intersection which is powered by node 62 of link (14, 62) in the EPN. In addition, link (16, 15) in the TN
can also be affected by the fallen poles of link (14, 62) in the EPN. So for tha adgdess than US
$9x 10, with the increase of the value of, thePI values of link (14, 62) in the EPN and node 15 in the
TN both increase, suggesting increased likelihood to be selected for imitig@atsupport the TMirst
mitigation resource allocation. For the budget level larger than US1$*9link (14, 62) in theEPN is
always selected, which in return reduces the likelihood of node 15 in the TN beictgde

It is noteworthy that theI value of node 15 in the TN does not always increase when the budget level
goes up, as shown Figure5.9b). This shows that the increase of the resilience improvementheith t
increase of the budget Figure 5.7 and Figure 5i8 not simply due to adding more components to the

solutions of the lower budget. In the optimization process, the likelihosohaé componentaich as node
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15 in the TN being selected can actually decrease when the budget increases becausepuathentso

may be better options with more budgets to achieve larger resiliencavanmnt of the coupled system.

Figure 5.9Priority indices for mitigation of two components ($egure5.3for locations): (a) link (14, 62)
in the EPN; (b) node 15 in the TN

Similarly, Figure 5.10 depicts priority indices for repair of another two components with differe
values of budget and preference parameters. As shdviglire 5.3 unlike link (14, 62) in the EPN for the
mitigation resource allocation problem, link (37, 39) in the EPN has waakedépendencies with the TN
in the repair resourcallocation problem. However, since link (37, 39) is the only dididbuline
responsible for transmitting electric power to the lower pathefEPN, it has significant contribution to
the resilience improvement of the EPN. This is reflectdéignre5.10a): thePl value decreases wher
changes from 0.0 to 1.0. Link (16, 15) in the TN directly starts from the origin (node 16) and can
significantly impact the functionality of the TN, so tRevalue increases with the increase df in Figure

5.1Qb). It is also observed that tR¢ value does not always increase with the increase of the budget level.
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Figure 5.1CPriority indices for repair of two components ($égure5.3for locations): (a) link (37, 39) in
the EPN; (b) link (16, 15) in the TN

The solutions from the knapsabksed heuristic are also used to calculatéthalues in order to be
compared with th®l| values obtained from the BPSEigure5.11 andFigure5.12illustrate the ranking
results of top 25 components for mitigation actions and repair actions reslyetlased on thel values
from the BPSO and the knapsduksed heuristic. For the tick labels of the horizontal axis, E and T denote
EPN and TN, respectively;, f) denotes the link between nadendj, and single number refers to the node.

It can be seen that the ranking of components for mitigation actions is diffeventtat for repair
actions and th&l values from the BPSO and the knapsheked heuristic can also result in different
component selections and ranking results for both mitigation and repiainsacthe larger resilience
improvement from the BPSO once again shows that the BPSO can phmtiteresolutions than the

knapsackbased heuristic.
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Figure 511 Comparison of priority indices for mitigation using BPSO and knapbaskd heuristic £ =
0.5 andB = US $6¢< 10%): (a) BPSO; (b) knapsadiased heuristic

Figure 5.12Comparison of priority indices for repair using BPSO and knaplsas&d heuristic £= 0.5
andB = US $6¢< 10%): (a) BPSO; (b) knapsadkased heuristic

5.5 Conclusions

This chapter proposes a decisioaking framework for prioritization of mitigation and repair acsion
to enhance the resilience of an interdependent talfictric power system in terms of functionality of the
system under budgetary constraints. Aldvel, stochastic, simulatiebased optimization problem is
established with the objective nfaximizingthe expected resilience improvement of this interdependent
system. The upper level of this framework tries to find the optitaal of allocating limitednitigation and
repair resources to multiple disrupted components to estimate th@unaattainable functionality gain.

At the lower level, the functionalities of the traffic and electric powystems are obtained based on
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network analysis methods. Thrgpes of interdependencies have been considered: Type | interdependency
describes the traffic lights at signalized intersection nodes in TNrimgjyiower supply from relevant
nodes in EPN; Type Il interdependency is the potential blocking effectsadbly the fallen poles of EPN
on the traffic flow in TN; and Type Il interdependency is the effect of acdktysdf TN on the repair
actions to both systems. Moreover, the dynamic traffic assignment (DTA)thigasi used in order to
overcome the shommings of the static traffic assignment method and capture meadistic traffic
dynamics in the congested urban roadway networks. Uncertainties in disruptdins demands, and
mitigation and repair costgeconsidered in the problem formulation. The probissolved by the binary
particle swarm optimization combined with the knapsbaged heuristic and mitigation and repair
priorities of disrupted components are then established based on thensolutio

The main findings of this study include) the preference parameter in the objective function can be
set to different values to obtain corresponding mitigation and repair resdogaiah plan according to
the decisiommaker’s preference or needs; (2) the priority indices can reflect thetanperand contribution
of components to the resilience improvement of the coupled system in bigthtiont and repair actions;
(3) the BPSO can produce better resource allocation plan than the kabpsad heuristic to achieve

greater resilience improweent.
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CHAPTER 6 RESILIENCEBASED RECOVERY SCHEDULING OF TRANSPORTATION
NETWORK IN MIXED TRAFFIC ENVIRONMENT: A DEEPENSEMBLEASSISTED ACTIVE
LEARNING APPROACH

6.1 Introduction

Devising effective poshazard recovery strategies is critical in enhancing the resiliencéNaf T

However, existing work does not consider the multiclass users’ travel behavietwork functionality

guantification and the metaheuristic solution procedures often sufferefktensive computational burden

due to theexploratiomeed in large solution space and the expensive functionality quantifichiiie study

develops abi-level decisioamaking framework for the resiliendmsed recovery scheduling the

transportation network in a mixed traffic environment with connected aont@ubus vehiclesQAVS)

andhumandriven vehiclesfiDVs).

The lower level quantifies the functionality of TN over time considering twostygfeusers with

different levels binformation perception and travel behavior: the CAV users can acqanedstailed and

accurate information of the TN, which justifies the user equilibmumdel for their route choice behavior;

while the HDV users are legsformed with only limited kowledge of the TN and their behavior is

captured using the crosested logit model. The upper level presents a novel surrbgasel active

learning approach based on the deapembleassisted efficient global optimization algorithm. The

proposed approach is applied to solve the network recovery scheduling optimpratilem by balancing

the tradeoff between optimization performance and computational pestifi§ally, the embedded deep

5 This chapter is submitted to a journal in a paper that is currently under reaevaifd Chen 2020c)
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convolutional neural network (CNN) ensemble acts as a commdaticheap surrogate function
facilitating exploring the large schedule solution space and in the mearitimeefficient global
optimization algorithm updates the deep ensemble in an active learnirenfaski lead the optimization
search in the right diction.

This framework can help decision makers better quantify the TN'’s fuatitipto support effective
recovery scheduling of TN with different mixed traffic sceagnianging from HDYonly to future CAY
dominant traffic. The optimization approach bears the potential to baded to solving general large
scale network recovery scheduling problems effectively and efficiently. Tomoged methodology is
demonstrated using a reabrld traffic network in Southern California under earthquake consmlerin
deterministic and stochastic repair durations.

6.2 Problem formulation

The optimization problem of resiliendmsed recovery scheduling of the TN is formulated in this
section in a blevel structure, in whickhe lower level takes care of thenctionality quantification of TN
over time in a mixed traffic environment with both CAVs and HDVs while the upperdewners on the

resiliencebased optimization objectives and resource constraints. Relestationsare defined ifrable

6.1.
Table6.1 Notations in the problem formulation
Notation Description
t Superscripteferring to the recovery timestep
Subscript referring to the user class, the CAV uagof the HDV userH]),
U
U <{AH
t, Beginning of recovery horizon
t End of reovenhorizon
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"t Time interval
Nyrews Number of repair crews

Binary decision variable in scheduling optimization formulation (=brhponent

S b is initiated repair at timeand =0 otherwise)
S Schedule solution in matrix form, of which,is the element
T Number of time steps of recovery scheduling horizon
Vv Set of all nodes (origins and destinations) in the TN
Set of damagedomponents
o Set of damagedomponent®n link e
Tb,repai, Repair duration for damagegdmponenb
Ty, completion Completion time for repairing damagedmponenb
TTGore Total travel costs of users of ghazard, intact TN
TTG Total travel costs of users of TN
o} Normalized functionality metric of TN
Wu Set of OD pairs for user claks
Ky Set of feasible paths connecting OD pair Wy
q, Traffic demand of OD paiv for user class)
gC‘ZVLt, Generalized travel cost of pdtitonnecting OD paiw for user clas$)
o v Travel cost of patk connecting OD paiw for user clast)
ka’VL',t Traffic flow of user clas$) on pathk comecting OD paiw
ka’VL’,t* Traffic flow of user clas$) on pathk connecting OD paiw at equilibrium
|, Length of link e * E
vErS Free flow speed of link
t Travel timeof traversing linke
Fet The amount of fuel consumption fvaversing linke
K Unit price of fuel
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VOT, Value of time of user class

w Travel cospf traversing linke for user clas$)
Xy Traffic flow of user clas&) on linke
' wU Link-path incidence indicat for OD pairw and user clasd (=1 if link eis in path
ek k and =0 otherwise)
(;; Remaining ratio of original flow capacity of lirk
(f,,-? Remaining ratio of original flow capacity of componént
C; Remaining link capacity for mixed traffic flow of lirk
Ceu Link capacity for pure flow of the user cldd=f link e in intact state
2, Inclusion coefficient in CNL model
u Degree of nesting in CNL model
c Dispersion parameter in CNL model

6.2.1Functionality quantification of TN in mixed traffic environment

The TN in this study, which igpresented as a directed gr&ph (V, E), refers to the roadway network.
The nodes include the set of origi@sand the set of destinatiomy and the linkse « E include all
roadway segments. The functionality of TN at any time stdfpecovery horizon is quantified based on
the two classes of users: the wieformed CAV users and the lesgormed HDV users, who differ in the
levels of perceived knowledge and route choice behavior. Based on the work of Wang et alt{2019)
route choice behavior of CAV and HDV users camhracterized using user equilibrium and crossted
logit traffic assignment models, respectively.

In order to better quantify tredvantagesf the CAVs over the HDVs and draw a fair comparison of
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travel behavior between these two classes of usegeneralized link travel cost functiondd, and I,
consider two parts, i.e., travel time and fuel consumption, which are both temwhweto equivalent

monetary values (Levin and Boyles 2015):

', VO, WF U {AH,e E (6.1)

It is noteworthy that due to the improved travel comfort and productivityglaommuting time, the CAV
users tend to have lower value of time than the HDV users V@], Q VOT,) (Zhong et al. 2020).
In addition, t; in Eqg. (6.1) is assumed to follow the Bureau of Public Roads fundiéang et al.

2019):

| X X
te( o aX e A CeXX sl 'ACt Hy], e E (6.2)
Xo  bORGW, U {AHhe E (6.3)

weW; koK

where the term |, X, in Eq. (6.2) accounts for the mixed traffic flow in the presence of both CAVs

and HDVs on linke; and Eq. (3) describes the relationship between the link flow and the patiHe
remaining link capacityCé for the mixed traffic flow at timeis affected not only by the disruption or the
recovery progress but also by the different driving behavior betweena@AVHDV usersDue to the
automation technologies, the CAV users can have shorter reaction tintleusrare expected to follow
leading vehicles with smaller headway distance than the HDV (Beas et al. 2020). This also means,
given the same certain period of time, the link can accommodate more GAMdEVs, i.e.C , R C, .

On the other hand, the impacts of the disruption by the hazard or the repairésotrery efforts onC, ,
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and C,,, are assumed to be thens® so C,, and C,, are both modified by Gas ¢C,, and
QEe ,to reflect the remaining capacity for 100% CAV and 100% HDV flows &t timespectively

The link capacity C; for the mixed traffic flow is then somewhat in betweefC,, and ¢C,,,

dependent on the proportions of CAVs and HDVs (Levin and Boyles 2016; Wang et al: 2019)

G
C. t i . C
e A 1 eH 1

;,A X;HCeA XteA X&I C:e,H)(

(6.4)

It can be seen from Ed6.4) that the link capacity for the mixadaffic increases with the rise of the
proportion of CAVs since more vehicles can have smaller headWhgsefore, the increase of the link
travel time function as defined in K6.2) due to the increase of the CAV ratio is no greater than that due
to the increase of the same amount of the HDV ratio the.impacts of HDVs and CAVs on link travel
time are asymmetric.

The fuel consumptiok, for a vehicletraversinghe linkein Eqg. (6.1) can be estimated based on the

model of Zhanget al. (2014¥or the gasolindueled light duty passenger vehicles:

E: 147.92% 0899 (6.5)

where Fe‘, l,, and t; are measured in liter, kilometer, and hour, respectively(&§) suggests thahe
fuel consumption Fef depends on the length of likkand average traffic speely /t;.

With the definition of the generalized link travel costEgs. (6.1)—(6.5)the user equilibrium (UE)
and crossested logit (CNL) traffic assignment models can be established forAheu@ HDV users,
respectively. Due to the V2V and V2| technologies, the CAV users are atdonmossess perfect
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information of the TN conditioand thus can always choose the right paths to minimize their travelcosts

meeting the classical static UE assump(i®heffi 1985). Therefore, the CAV path flows at Uﬁ”j can

be obtained by solving the following variational inequality (VI) problem:

L lggr (R ) 1o (6.6)

WeW, koK Y

sulject to:

H w,it s wit*
mingGia, Mhica 10

w . K, w 6.7
i o_®£ningqﬁv'j\, if £t 0 ao WV (6.7)
.KXV ’ ’
9Ga Goa | Wi kKl w W (6.8)
esk
P fea dn ko KLw oW (6.9)
ke KW
f 0k K¥w W, (6.10)

Eqg. (6.7) states that under the UE condition, the generalized travel costs of thpatBedorthe CAV
users between any OD pair are equal and no CAV user can unilaterally redbee tngs/el cost by
switching to another route. E¢6.8) defines that the generalized path travel cost for the CAVgnggr

is same as the path travel caif,; which also equalhe summation of the generalized travel costs of the
corresponding links for the CAV user along the p&ts. (5.4)and (6.10) impose the flow conservation

and nonnegative constraints on the path flgy, , respectively.
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In contrast to the weilhformed CAV users, who can choose the leastlg path deterministically, the
lessinformed HDV users only receive limited knowledge of the TN's siateperceive travel costs based
on higher levels of uncertainty in traffic information, which leads to the randssim¢heir final decisions
on thepreferred paths for trips. Such stochastic route choosing behavioreistbdie described using the
stochastic user equilibrium (SUE) model, which uses a probabilistie oloice model to account for the
non-=zero probability of choosing other costlieutesover the least costly rou(Baganzo and Sheffi 1997;
Prashker and Bekhor 2004). The CNL model, as a modified SUE nmodédtitess the route overlapping
problemgPrashker and Bekhor 1999), is adopted here to characterize the traffiegpaftttie HDV users.

The HDV path traffic flows at SUE in the CNL model can be obtalnyesblving the following VI problem:

b bl (DS ) o (6.11)
WeWy koK
subject to:
; ming R L A
W <Ky ' ' w
9CH ® e k K, w W, (6.12)
o mingGy, if fyt O
co :'é% k Kiw W, (6.13)
ek
u u fw,t§ .
gg%y  Gi-— Hfn+=In =17k KY,wo W (6.14)
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Eq. (6.12) states that under the SUE condition, the generalized travedfabstsised paths for the HDV
users between any OD pair are equal and no HDV user can unilaterally redbee tn#&s/el cost y
switching to another route. E@6.13) suggests that the path travel cost for the HDV u#é:requalsthe
summation of the generalized travel costs of corresponding links for theud@\in this path. Eq. (6.14)
defines theyeneralized path travel cdst the HDV user gqﬁ”; in the CNL model. Eq(6.15) introduces
the generalized path travel cost correction tdﬁﬁ; to tackle route overlapping issueglie CNL model.

Eq. (6.16)defines the inclusion coeﬁicienQ’k. Egs. (6.17)and (6.18) impose the flow conservation
and nonnegative constraints on the path fld\k&}, respectively. It can be found that the UE model in Egs.
(6.6)—(6.10)and the CNL model in Eq$6.11)—(6.18)ook very much alike in terms of the VI formulations
except for the definitions of the generalized path travel cost for twaeslagsiserBy some mathematical

manipulations, the probability of choosing phttor OD pairw for the HDV user can be shown as:
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For the HDV users witimited perception of the TN’s state, the possibilities of choosing all dtaila
routes instead of only using the least costly one are therefore captured by thligtich@ute choie
model defined in Eq(6.19). Particularly, whenu = 1, Hlfvﬁ, 0 and the CNL model reduces to the
multinomiatogit-based SUE model (Guo and Huang 2016; Liu et al. 2009).

It should be noted that the UE model and CNL model established above are only for 100%%eCAV
scenario and 100% HDV users scenario, respectivetyder to consider the mixed traffic environment in
the presence of both CAV and HDV users, the multiclass user traffic assignriedinformulation can

be developed by combining Egs. (6.6) and (6.11) into the following one:

Ll (R OO ) L R R, T 10 (6.20)
W,k KY

w Wy k KR w

subject to Eqs(6.7)—(6.10) and Eqgs. (6.12)—(6.18).

This type of patHlow-based traffic assignme is often solved by the paffiwapping algorithm:
starting with an initial nomequilibrium solution, the path flows within each OD pair are iteratively
redistributed over available paths until the equilibrium condition is reachiedeceptable accuragiiu
et al. 2009; Lu et al. 2009; Sbayti et al. 2007).

Once the path travel costs(, and c'},) and pathlbws (f"y and f"}) for the CAV and HDV
users at time are determined, the functionality of the whole TN at tineemeasured by the total travel

costs of all CAV and HDV users as below:
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And the functionality metric of TN at tintes defined asTTC normalized by préazard total travel cost

TTC

pre :

TTC

Q ?ge (6.22)

Since typically the intact TN in the pheazard stage has the best functionality level,TSdC,, dTTC
and Q falls into the interval (0,)1 Immediately after the hazard, the TN drops to its lowest funciipnal
level and Q is equal to the minimum value 6f TC, ./ TTG over the recovery horizon; as the recovery

progresses under the given schedulk, gradually increases until approaching the maximum vaioe

6.2.2Problem formulation of resilieneleased recovery scheduling of TN
The analytical definition of system resilience as the optimizatioactise function in the recovery
scheduling is defined as below (Bocchini and Frangopol 20ih2ellaro et al. 2016; Vugrin et al. 2014)

1 "
(tr tO)to

Nt (6.23)

The recovery scheduling horizont,[ t] is divided into a sequence of + 1 time steps
{t,t, tt, 2 t.,t, T t}with aninterval of 't, and the corresponding), at each time stepis
obtained using functionality quantification; then the resilience metiit Eq. (6.23) can be computed
usingnumerical integration. Without loss of generality, the recovery schedulimgphdto, t;] is set to [0,

T 't] hereatfter.
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At time stept = 0, a hazardous event occurs and a set of components of links (e.g., brichyes)
sustain different levels of damages. The damaged componentsaf cause disruptions to the traffic on
their own links ornearby ones, which are quantified as the degraded remaining ratiagioéloftow
capacities (i.e., @ 10, b ). The corresponding links associated with these damaged components
also experience reductions in their traffic flow capacities (i.@., 1.0). Thus, the functionality level of
whole TN is also decreased (i.€Q,) due to the possible travel delays for the CAV and HDV udérs
recovery activities refer to utilizing recovery resources to restore théeaffemmponents from the damaged
states to the intact states (i.e., the transition fr@ to 1.0) in which the functionality of the disrupted TN
can be recovered gradually.

The recovery resource is assumed to be generic enough to capture thed pEygivanel, equipment,
and material to perform the necessary recovery activities. Eactgddraamponent is assumed to only
require one unit of resource for recovery (i.e., also referred toeasepair crew here). Since the post
hazard recovery resources can be very limited, the number of repair gggyysduring the receery
horizon can be far lower than the number of damaged components to be répgi@e., n.... | |).
which makes the scheduling optimization fidwial (Nozhati et al. 2019; Ouyang and Wang 2016js
also assumed that the repair crews work in apreemptive mode, i.e., a repair crew should complete the
repair task on the currently assigned component before it moves to nextrahpo

Given the number of damaged componeht*s, the repair duration of each damaged component

T

b,repair ?

and available recovery resourcés,,, , the scheduling is concerned with arranging these

| Jur

recovery activities in a particular ordes ( (s,) * ); the resulting optimal recovery trajectory
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(Q, t<{0,1,...,T}) over the recovery horizon is expette maximize the resiliendeased objectiv®

in Eq. (6.23). This is formulated as the followinddiel optimization problem:

maxR (6.24)
subject to:
T
Tb,completion :1 (t (Tbrepair/ l1'&» 1)Sb1 (625)
t
t[) Gl? t a-I-b,g)mpletiom LOTbcoﬁwpletioﬂ/ﬁ be ]/ﬁ .{1’21"'11—} (626)
. rtninG{), e Et {1,@r..T} (6.27)
Q 9{ gt t{12..T} (6.28)
T
ls, d, b (6.29)
t1
min(t  Fp repair/ 15 1T)
: SulNoas  to{L2,...T} (6.30)
b t
s, {0}, b ,t{8,12..T (6.31)

where >~ in Eq. (6.26) is Iverson bracket, which returns 1 if the statement is true and 0 abprw
{ @'f'l in Eq. (6.28) denotes the set of(;a‘for all links inE; and & in Egs. (6.25) and (6.30)s the
ceiling function. Eq.(6.24) is the objective function, i.e., to maximize the resilience nfetifi@. (6.25)

defines the repair completion time for comporeiiiq. (6.26) indicates the component states varying with
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the recovery progress. When componeig not being scheduled to be repaired or undergoing the repair

(i.e., t dT, ), its remaining ratio of original flow capacitﬁ stays the same as the disrupted one

completior.

C} and when the repair on componéris completed (i.e.t !'T

b,completiol

), & issetto 1.0. Eq(6.27)
suggests that when more than one damagatponentgxist on linke, the remaining ratio of original flow
capacity of linke equals the minimum of the remaining capacity ratios of thesgonentsn ,, which
implies a series syste(@hang et al. 2000; Guo et al. 2017kEq. (6.28) states that the functionality of
TN at timet (Q,) can be obtained based on the state of all links at ttitfet 'S ); g() denote the
functionality quantification model introduced in E($.7)—(6.10), (6.12)—(6.18and (6.20) Eg. (6.29)
stipulates that any damageaimponentan only be scheduled to be repaired no ritae once. Eq(6.30)

is the recovery resource constraint and indicates that at any timentier of damaged components under
repair is limited by the tat number of available resourcds,,, .. Eq. (6.31) is the binary constraint for
decision variables,.

In this bilevel formulation, the upper level ainis construct the schedule solution considering the
recovery resource constraint to maximize the resilience metric, as dedoribgd. (6.29)—(6.31) the
lower level evaluates the given schedule solution from the upper Euglfunctionality quantification, in
which the timedependent states of damaged components and links are deduced fromittsehepale

and then the corresponding recovery trajectory can be obtained, as deiscEhs. (6.25)—(6.28).

The formulation introduced above is for the deterministic case wiherepair durationsl, are

repair
assumed to be certain. However, in some cases, dueitstifficientpreparedness for the hazards and the

long-term recovery procedsr a large TN, accurately estimating repair durations for damaged component

beforehand can be difficult and the estimated repair durations tend tmnoamtaitainty (Li et al. 2019a;
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Zhang et al. 2017)n such cases],, .., is treated as a random variable, and the objective function in the

recovery scheduling optimization can be expressed as:

max ER) (6.32)

where E(]) is theexpectation operator.
6.3 Solution procedure

This study employs the metaheuristics to find the-npéimal solutions to this NBard problem. As
mentioned in the introduction, populatibased metaheuristics relies on generating and evaluating a large
number of candidate schedule samples to explore the soggaxe sufficiently, especially when dealing
with the large network instances. Generating candidate solusi@mesnputationally cheap but evaluating
them all can be cost prohibitive. Evaluation of the candidate scheslulds,) « "' ™% here refers to
obtaining the corresponding resilience meti based on Eqs(6.25)—(6.28) and is denoted using the

backbox function f():

R f(s) (6.33)

Recall that this evaluation includes computing the recovery trajectory tige loweilevel functionality
quantification model, i.e., obtaining the functionalityede Q, at each time stepwheret 0,1,...7T.1In
infrastructure recovery scheduling optimization, the leleeel functionality quantification model can be
very complex and computationally expensive even it is josthe lowerevel multiclass user traffic
assignment model.

One weltknown issue of the patbwapping algorithm used in the lowlerel traffic assignment is its
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slow convergence; it often requires many iterations to achieve congergethe traffic assignment process
may be timeconsuming, especially when a large number of path flows exist in tl{@ayskrishnan et al.
1994; Liu et al. 2009; Peeta and Yang 2003). So, performing the traffic assignment once ineadye a
expensive, and repeating the algaritfor T+1 times to obtain the recovery trajectory greatly exacerbates
the computational burden. Therefore, it becomes infeasible to evaluateezihtgel schedule samples in
the metaheuristics using the exact functionality quantification modél reiisoable computational
resource.

To resolve this issue, this study proposes a-@espmbleassisted active learning approach for the
general network recovery scheduling optimization, in which the despmble acts as a computationally
cheap surrogate functido evaluate large candidate solutions and assist in finding the promisitignso
In addition, the efficient global optimization (EGO) is adopte@é&allthe optimization direction and update
the deep ensemble by enriching the training data adaptivebach the tradeoff between exploration and
exploitation.
6.3.1Deep ensemble

Since it can be expensive to evaluate all generated schedule samplethesixact functionality
quantification model, a surrogate model df() in Eq. (6.33) can be introduced to relieve the
computational burden. By observing that the high dimensional schedule schnitre converted into an
image representing the component states over time, a deep learning—teddeep CNN ensemble is
adopted as the surratg model to leverage the CNN'’s capability in image learfinighevsky et al. 2012;
Lecun et al. 2015; Szegedy et d&118)and deep ensemble’s capability in uncertainty quantificéBetuch

et al. 2018; Lakshminarayanan et al. 2017; Leibig et al. 2017).
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First, a schedules (g,) * ''™Yis convertednto an image, namely a-dimensional binary
tensor X, (X,) * \!'"™P inwhich | | rows andl+1 columns represerf |damaged components
andT+1 time steps, respectively. The elemefyf is binary which equals 1 if componénts repaired at
time t under givens, otherwise 0A toy example of this conversion is illustratedrigure 6.1 With this
conversion, the schedulg is converted into the binary imag&, which can be fed into the deep CNN

ensemble.

Figure 6.1 lllustration of conversion from schedule to binary image as mgeep ensemble

Although the CNN has achieved unprecedented successes on extensive incagsimyaasks,
training a deep CNN still requires a very large amount of labeladrigailata or it can quickly overfit and
demonstrate poor generalization behavior on unseen data due to its large ofypab@meters. In addition,
the normal CNN only provides point estimates of predictions and lackstieeninty information, which

makes assessment of the model quality difficult and acquisition of ¢ablata costly (Gal 2016; Janet et
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al. 2019) In this study, the labeled training set consists of data f&jrsR ), and labeling a high amount
of such data (i.e., usingf() in Eg. (6.33) to evaluate X;) can be very expensive. And since the
optimization is an iterative process, it is also desirable to obtain theaingemformation of predictions,
which can be used to determine the surrogate model’s most appliegiole in the solution space, sath
only data of most interest is labeled and the surrogate model can be eritenatiedly with a reduced
data acquisition effort.

The deep ensemble serves as a simple yet effective solution to this regrasisiavhich improves
the generalization bakior and enables the uncertainty quantification of deep QNalsshminarayanan
et al. 2017). As depicted Figure 6.2 the deep ensergconsists oM CNNs, which all share the same
neural network structure but with different initializations of parametersach CNI, the input X; is first
processed by deeply stacked convolutional and pooling layers to extractptiréaimb features, and then
two heads at the top, which consist of some fatimnected layers, output the mean prediction and standard

deviation of the prediction based on the extracted features:
( mPim) ENN,(X), m 1,2..M (6.34)
By assuming a Gaussian mixture distribution, the results from allsCi¥&ensembled as fis:
(iensP iens)  €PEX) (6.35)

where

M
1P, (6.36)



Vo R % y (6.37)
i,ens Mml im M o im ien '

Therefore, the deep ensemble is able to give not only the mean predicti@n(oi?ens) but also the
standard deviation (i.e., uncertainty information) Igf ( Vens)- If the input X;is associated with larger
/ons» It Means that the modehsis more uncertain about its prediction ¥t, which may be due to the

sparsity of training data arounk ; otherwise the modekensis confident about its prediction a. To
train this deep ensemble is to minimize the following loss function usagtbchastic gradient descent
algorithm or its variants:

ln i2,ens(Xi) (RI |/i,ens(xi))2
2 2 "fens (Xi)

$ , (6.38)

Figure 6.2 lllustration of the structure of the deep ensemble

6.3.2Deepensemblassisted efficient global optimization
The uncertainty quantification capability of the deep ensemble feeditaolving the recovery
scheduling optimization in an active learning fashion. With the notatifiqi(6.33), the originakecovery

scheduling optimization can be rewritten imaregeneral form as below:

x* argmaxf ) (6.39)
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where x*is the optimal schedule to be solved and the each corresposditii needs to satisfy the
constraints in Bs. (6.29)—(6.31) To solve this problem,a deepensembleassisted efficient global
optimization (DEAEGO) approach is developed, where the efficient Iglopémization (EGO) is
employed as the active learning scheme to be combined with the deep ensémbtheémptimal schedule
solution itergively. The pseudocode of the whole algorithm is detaildednre6.3and relevant notations

are listed inrable6.2.

Figure 6.3Pseudocode of the DEAEGO algorithm
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Table6.2 Notations of the DEAEGO algorithm

Parameter Description
k Thekth optimization iteration
K Total number of optimization iterations
Netart Size of starting training sef * |
Neval Number of evaluated schedule samples of each iteration
Nnew Number of newlygenerated schedule samples of each iteration
m Them" neural network in deep ensembles
M Total number of neural networks in deep ensembles
ens The trained deep ensembles of iteration
Xi Thei" schedule sample
Xopt The optimal schedule solution
Fens Mean prediction of resilience metric of by eng
Vens Standard deviation of prediction of resilience metricXof by eng
R Resilience metric ofX; by functionality quantification
R)pt The optimal resilience metric found
I%pt The optimal mean prediction of resilience metriccbg
El, Expected improvement ok;
0, Set of evaluated schedulansples of iteratiok
(0 Set of newly evaluated schedule samples of iter&tion
* Set of resilience metrics of schedule samples of iter&tion
* hew Set of resilience metrics of newly evaluated schedule samples of itdeation
‘ Set of training set for deep ensembles of iterdt{gx, R)|x ., R 0 .}
"k Set of unevaluated schedule samples céiien k
) « Set of newly generated training set of iterakffx, R) [ x, [ R 0 "%
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In the beginning of this approach, two datasets exist,d.eelatively small initial training set
containing the data pair§X;, R )and a unlabeled set, containing only unevaluatedisedule samples
X;. The deep ensemble is first trained on this small training datgsetnd then perform prediction and
uncertainty quantification on sampb¢ in -,. Since the deep ensemble is computationally cheaper than
the actual evaluation functidi( ), an extensive search becomes affordable to allow for a large sizg.of
What follows is the key of this active learning approach, relying on an &amuisinction a() (or
an infill criterion) to decide whichX; in -, should be actually evaluated using the expensive evaluation

function f() based on the optimization objective. The acquisition funcegiis usually built on the

surogate model's uncertainty. Based on the Gaussian distribution agsumiptthe outputs of the deep
ensemble, the expected improvement (El) is adopted as the acquisitionrfuioctithis maximization

problem as followgJones et al. 1998; Lizotte 2008; Shahriari et al. 2016)

EIi a( i,ensP i,ens; Ropy

(W Ry <t By e Raly e (640)
®

0, if . 10%

1,.ens

iens i,ens

where <) and | () are the cumulative distribution function (CDF) and probability derfsitgtion
of the standard Gauas distribution, respectively;/ is the small explorative parameter which is usually
set to 0.01.

The optimization is about the process to balance exploiting accumulatedekigewdf the function

f () from the historical evaluations with exploring other uncertain regidrese the training data is sparse

and better solutions may exist. Therefore, the El as defined (6.40). can tradeoff between exploration
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and exploitation and thus lead the optimization in right direction. Notéhbadil is high where the mean

prediction is high (exploitation) and where the prediction uncertainkg, . is high (exploration);

i.ens
so with this acquisition function, it is reasonable that only sanplén -, which maximizes the El and
may be potentially a better solution than the existing onebeahosen as the one to be evaluated using
the expensive functionf () and further update the deep ensembles.

However, this infill criterion is originally designed for the Gausgieocess (GP) surrogate model and
needs to be modified to be extended to the deep ensembles. First, analytically findoligtithe ¥;to
maximize El is not an easy task as in continuous optimization with GP model, becausepteaskmble
does not have the same mathematical properties with the GP model, and thée sstblation space is
discrete so the gradiebaised methods cannot be used. Second, the deep ensemble has many parameters
and is trained using minibatch training data, adding only single one samptatistically little impact on
deep ensemble’s parameter updafibgner and Savarese 2018)

To apply this infill criterion to the deep ensemble, this algorithm alkasng tog, ., samples ranked
by their El values in descending order to achieve statisticafisemie on the deep ensemble’s training.
Instead of solving thex;to maximize EI directly, this study adopts a simple strategy: just ctéchla
values of all X, in -,based on the trained deep ensemble meaigland pick the topn, , samplesX;.
In order to further encourage the exploration in the large solyp@aces the unevaluated data sej is,
instead offixed, increased on the fly with the optimization iteration. Here tlogsover and mutation
operations in the genetic algorithm are incorporated to genge, new unevaluated solution samples in

each iteration, which is denoted@8ScheduleGeneratggin line 10 inFigure6.3. Other schedule solution

generation methods such as the local search can also be adopted. It showdd Heahat each iteration,
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the deep ensemble should be retrained from scratch based amrér training set , , as desched in
line 8 inFigure6.3.

These steps are repeated themselves until the stop criteria are mee (ioga) thumber of optimization
iterationsK in Figure 6.3. With this DEAEGO algorithm, starting with only a few evaluasetiedule
samples, the deep ensemble is trained to assist in finding potdnditdly solutions based dretacquisition
function. The infill criterion can adaptively decide whicimgpdes are of interest and should be evaluated
using the expensive function and then added to the training set to update tbasissble. It is expected
that more higkguality sclkedule solutions (i.e., with largé® here) can be found within an affordable
computational cost as the optimization progresses.
6.3.3Recovery priority ranking for stochastic case

When dealing with the stochastic case of the recovery scheduling optimingign(i6.32) sampling

methods are often used to drélsamples of T, .. for each component from its distribution, and thus

repair
realizations of deterministic optimization problems are createldeach can be solved using the DEAEGO
separately. A recovery priority ranking at the component lewetr@duced to aggregate the rasuf these
N realizations and establish the relative priority of each damaged conjroties recovery scheduling to
improve the whole TN's resilience. This ranking is made by compdrm@opeland score (CS), which is
a nonparametric ranking tool inglhield of voting and has also been applied in the field ofstrinature
resilience(Baroud and Barker 2018; Fang et al. 2016; Xu et al. 2020).

Specifically, the objects in the CS ranking are the distributions of nawvdoiables, and in this study

refer to the CDFs of the completion timé§ .,ei0:0f @ll damaged components, which are derived from

the optimal solutions dil deterninistic optimization problems. The CDF of componbist completion
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time is characterized usirig percentiles denoted ag, (i) (d 1,2,....D ), where q,(i) represents the

d" percentile of the CDF of compondntThe CS score is amputed by pairwise comparison of percentiles

of the CDF of T

b,completion

between any two damaged components and is defined for each compasent

the difference between the number of times that CDF,Qf of componenb is better than the CDFs

mpletion

of other components’ T, and the number of times that it is worse than others. The Copeland score

completion
CS, (1 j)indicating pairwise comparison between the CDFS| DfompletionfOr COMPONeNt and component
j with respect tod, (i) (d 1,2,...,D )is computed as follows:

C§.,(i) L ifg () g ()

CS(i) &S.(i) 05 ifq @) q(). ij+ .0 jdz12..D (6.41)
€S ,(1 ), if q,() ! a,())

where C§ (1, ])is initialized as O for the first percentile. Then, the Copeland scorefsro€ T,

completion

of each componeintis obtained by summation as below:

cs() ! cs(i) i (6.42)

jo jd

The priorities for components in the recovery scheduling are finally esdtadliby ranking these
Copeland scores of all components from high to low: the higher the scoreglies thie priority of
component to the overall resilienbased recovery of the TN.

6.4 lllustrative example

A portion of realworld traffic network in Southern California is used here toalestrate the proposed
methodology. The chosen TN is distributed over Los Angeles and Orange scamdieonly includes
freeway and state highways, which is represented as a directeccgresting of 476 links ancb4 nodes.
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Since this TN is located in a high seismic region, the earthquake is chatensagnario hazard under
investigation. The vulnerable components of TN are taken as only thosesbiodgéed on the links
(Alipour and Shafei 2016; Bocchini and Frangopol 2012; Zhang et al. 20073 totabf 2,027 bridges
are considered here, as shown in Figuré.4

To create a postarthquake damage scenario for recovery scheduling, an earthquake wittudeagni
of 8.5 and epicenter of depth of 15 km is assumed to occur in tleereastth of this region, as marked
using pentagram ifigure 6.4 The ground motion attenuation relatéhip is used to estimate the peak
ground acceleration (PGA) at each bridge’s locafdampbell 1997; Lee et al. 201Mo estimate the
damages on bridges, basedl the National Bridge Inventory data (NBI 2016), these 2,027 bridges are
further classified into 28 types of standard highway bridges specified byABEIS-MH manual(DHS
2009) Then the damage states of bridges under given PGA can be determined usindithiefragis for
the corresponding standard bridges. Following the definitions in HAMIBISDHS 2009), four damages
states of the bridge are considered (from less severe degree to more seveje sligimteenoderate,
extensive, and complete, and tmresponding degraded remaining ratios of traffic flow capaaﬁy are
assumed to be 0.75, 0.50, 0.25, and 0.00, respectively (Alipour and Shafei 2016; Lee et.ahs2811)
result, a total of 152 bridges sustain at least “slight” damage, \ahéathepicted ifrigure 6.4b). The repair
duration of a damaged bridge is dependent on its damage state and is assumeadalsandom variable

with the statistics summarized Table6.3.
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Figure 6.4 The selected roadway network in Southern California: (a) aydohks and all bridges; (b) the
epicenter and damaged bridges (the size of blue circle indicates the exgzbdantage level)

Table6.3 Statistics of repair duratiom, ... (DHS 2009; Zhang et al. 2017)

repair

Damage state Mean (month)  Coefficient of variation
Slight [1.25, 2.50] 0.05
Moderate [3.30, 5.25] 0.05
Extensive [4.75, 6.55] 0.05
Complete [6.65, 10.25] 0.05

The traffic demand data for the traffic assignment model is obtained fronheBouCalifornia

Association of Governmen{SCAG 2016). A total of 2,794 OD pairs and 27,388 paths are considered for

this TN. To account for the mixed traffic consisting of CAVs and HDVs, the @aiwgtratios of CAVs (

in the taffic demands of all OD pairs are assumed to remain the sanageadefined with the following

equation:
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Uay/(ay gy, w W %y (6.43)

where g, and g, aretraffic demands of OD pair for CAV and HDV users, respectivelyL is set to
a series of values, i.e., 0.00, 0.25, 0.50, 0.75, and 1.00, to investigate the effect oftthéqreratios of
CAVs on the scheduling. The values of time for CAVOT, and HDVs VOT, are set as 10 arfs
respectively. The price of gasoline per lités is set to 0.793 and the degree of nestinagd the dispersion
parameter C are setto 1 and 0.5, respectively.

Regarding the recovery scheduling optimization, three different msnvadues (5, 10, and 15) of

repair crewsn are consideredThe recovery horizon is set as [0, 60] (unit: month), and the time

crews
interval set as 1 month, i.§.= 60 and 't = 1. This means that to evaluate a single schedule saxyple
to obtain the resilience metri®, the functionf ()in Eq. (6.39) needs to invoke the multiclass user
traffic assignment moddl + 1 = 61 times, which can be very computationally expensive considering the
large number of paths in the traffic assignment model.

In the DEAEGO algothm, the deep ensemble consistdvof 5 CNNs sharing the same structure,
which is detailed iTable6.4. Note that the dimension of the input tensor is (1, 152, 61), corresponding
to the number of channel, number of damaged bridge$, and number of recovery time steps 1,
respectively. The size of initial training sél,,, training epochs, learning rate, and batch size for training
the deep ensemble are set to 200, 150, 0.001, and 20 based on some experiments. The
GAScheduleGeneratgRin line 10 inFigure 6.3uses the positiechased crossover operator with probability

of 0.7, and the twqpoint swapping mutation operator with probability of 0.1 to genefgte= 1,000 new

unevaluated schedule samples in each iteration (Li et al. 2019a; Muratal®@8@). The number of
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schedules being evaluated witli() in each iterationn,, is set as 4 and the total nuenbof
optimization iteration¥ is set as 50 considering the available computational resources.

Although this example onlgemonstratesarthquake hazard and bridge damages, it is noted that the
formulation and methodology are general enough to be applied to other types of ha#rdstarcture

damages with some modifications.

Table6.4 Hyperparameters of each CNN in deep ensemble

Layer Name Parameters Dimensions
Input — — (1, 152, 61)
Convl Convolution (4,3,3) (4,152,61)

Batch Normalization — —
Activation (ReLU) — —

Dropout p=0.1 —
Max-Pooling (2, 2) (4, 76, 30)
Conv2 Convolution (8, 3,3) (8, 76, 30)

Batch Normalization — —
Activation (ReLU) — —

Dropout p=0.1 —
Max-Pooling 2, 2) (8, 38, 15)
Conv3 Convolution (16, 3,3) (16, 38, 15)

Batch Normalization — —
Activation (ReLU) — —

Dropout p=0.1 —
Max-Pooling 2, 2) (16,19, 7)
Conv4 Convolution (32,3,3) (32,19,7)

Batch Normalization — —
Activation (ReLU) — —

Dropout p=0.1 —
Max-Pooling 2, 2) (32,9, 3)
Convs Convolution (64,3,3) (64,9,3)

BatchNormalization — —
Activation (ReLU) — —
AveragePooling (9, 3) (64,1, 1)

Flatten — — (64,)
FC1 Fully Connected (64, 1) 1,)
FC2 Fully Connected (64, 1) 1,)

Note: RelLU is the rectified linear unit activation function.
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6.4.1Deterministic case
The deterministic case shows the result of the recovery scheduling ofiomizéhin one sampled

repair duration. First, the piteazard total travel costs of the intact TNTCpre under different penetration

ratios d CAVs L are presented iRigure 6.5since the TTCpre is required by the normalized functionality
metric of the TN Q, in Eq(6.22) to computéhe resilience metriRin Eq. (6.23) It can be observed that
when the total traffic demand is fixethcreasing the penetration ratio of CAVs can reduce the Thik to
travel costs monotonically and significantly due to the lower value efdind increased link flow capacity,
which indicates that replacing more traditional HDVs with the CAVs aardneftial to the overall

system’s functionality improvement.

Figure 6.5 Variation of pre-hazard total travel cost with penetration rfaGa\ss

With TTCpre beingcomputed, the resiliendeased scheduling optimization problem is established and

solved with the proposed DEAEGO. In addition, for comparison purposes, two other metragisced
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in literature are also implement@éang et al. 2016; Li et al. 2019#he ketweennesfirst strategy (BFS)

and the GA. In the BFS, the betweenness of each damaged bridge is calculated andhesadicator of

the recovery priority, which is defined as the number of all shortelss patween all OD pairs that pass
through thsé bridge, and the recovery schedule is constructed by arranging these bridgeingco their
betweenness values in descending order. In the GA, all generated schedwds samgt be evaluated by

the expensive functionf () ; to draw a fair comparison with the DEAEGO and considering the
computational cost, the same initial population set and crossover and mutatratorgpas in the
GAScheduleGeneratoRin DEAEGO are used and the number of samples to be generated and evaluated
in each generation is also set to be the same valye 4 as in the DEAEGO.

Figure 6.6shows the improvement process of the optimal resilience metric witiétes using these
three methods under different penetration ratios of CAVs. It can betet¢he DEAEGO can rapidly find
better schedule solutions resulting larger resiliencectbeR than the BFS and GA. Generally, the
DEAEGO finishes the large part of the improvemerRin the first 10 iterations and thereafieremains
relatively steady. Except for the scenario witb= 0.50 inFigure6.6(c), R is not increasedignificantly
during the whole optimization due to the fact the kiglality solutions have already been found in the
randomly generated initial training set. It should be noted that the recovery lsufpédifor the whole TN,
and for a large network, even a small improvement in the resilience metricdmatbedfunctionality could
mean millions of dollars in economic saving (Ouyang et al. 2012; Zou and Chen.2020a)

In comparison, the GA, with the same setting asGA&cheduleGeneratpRin DEAEGO, fails to

improve the initial solution during the optimization process. Thisdailme due to the very small number
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of new samples to be generated and evaluated in each itefdjipn 4), there is no guarantee that the GA
can generate enough diverse and promising samples to explore the larga spate. By contrast, the
assistance of the deep ensemble enables the DEAEGO to generate a sufficientlyridrgr of samples
(N,.,= 1,000) for exploration and choose the only g, =4 most promising ones for evaluation which
can greatly reduce the required computation effort. The BFS resthis worst resiliencbased recovery
schedule because the betweenness only considers topological clsieiaithe TN but leaves outeth
traffic flow information, which indicates that the computationalip@ie betweenness cannot be a reliable

indicator in devising the recovery plan.
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Figure 6.6Evolution of optimal resilience metricitle optimization iteration using BFS, GA, and DEAEGO
under different penetration ratios of CAV&ws=5): (@) ' =0; (b) !'=0.25; €) ! =0.50; (d)!=0.75; €)
=1

To further illustrate that the DEAEGO actually generates more higgradity sample over the
optimization procesdrigure 6.7depicts the evolution of distribution of sampled resilience metrids wit
optimization iteration under different penetration ratios of CAVs. It cantredf that in all scenarios, in the
beginning of the optimization, some peaks exist in the range of i@alers, representing that the resilience
metrics of randomly generated initial training set concentrates in tige;ras the optimization progresses,

a new peak emerges gradually in the range of higher values, indicatingptlagamples correspondita
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higher resilience metrics are found and accumulated and thus impacsttiteution shape of sampled
resilience metrics. It is also observed fréigure 6.7(a)e) that with the increase of penetration ratio of
CAVs, the distribution of sampled resilience metrics demonsteatightward shift, which means that more
CAVs lead to better resilience of the TN in the recovery scheddlhig.trend can also be foundkigure
6.6(a)(e): the final optimal resilience metrics of three methods all incnedbehe rise of penetration ratio

of CAVs.
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Figure 6.7 Evolution of distribution of sampled resilience metrics with optitndra iteration using
DEAEGO under different penetration ratios of CA¥is(s=5): (a) ' = 0; (b) '=0.25; €) = 0.50; @) !
=0.75;(e) 1=1

Figure 6.8hows the recovery trajectories of final optimal schedules diviite three methods under
different penetration ratios of CAVs. It can be seen that thenaptecovery trajectory from the DEAEGO
nearly envelopes the recovery trajectories from the BFS and GA from thedaph scenario, implying a
larger resilience metric. Moreover, the DEAEGO solution exhibits lamgetibnality improvement in the
early sage of the recovery horizon (i.e., the first 10 months). This caedieatle and critical in practice
as the TN can be restored to a less degraded state in a timely manner, so nottbelgcanomic loss of
TN itself be reduced, but the recovery aher infrastructure dependent on TN'’s functionality can be
accelerated at the same time. In contrast, the BFS solution gives theegovgry trajectory, in which the
functionality level of TN remains nearly the same as the disrupted one iateigdifte hazard without
recovery until about 30 months; the GAs recovery trajectory lies iwdmt DEAEGQO’s and BFS's

trajectories.
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Figure 6.80ptimal recovery trajectories of BFS, GA, and DEAEGO undiéerént penetration ratios of
CAVS (ncrews=5): (@) '=0; ) '=0.25; €) '=0.50; (d)!=0.75;€) !'=1

Figure 6.%urther compares the earliest 10 bridges being repaired from the thtemmdt shows that
different methods result in different priorities in bridge selectionrémair schedule. Interésgly, the

bridges selected from DEAEGO generally show longer repair completiorthanethose from BFS and
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GA. Along with observations from Figure 6i8can be inferred that the DEAEGO optimizes the schedule
by arranging important bridges in higher priority, which may requirdl@ lithger repair completion time

at first due to the sever damage states, but can eventually lead to large functionality impeavef the
overall TN in the early stage of the recovery horizon. In additi@gre 6.9a)«(e) also show that the
optimal recovery schedule varies in the bridge repair sequence undemndifienetration ratios of CAVs,
which indicates that the presence of CAVs improves the functionality ofNhen@ thus may affect the

recovery planning.
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Figure 6.9The earliest 10 bridges being repaired from BFS, GA, and DEAEGO unfiedtfpenetration
ratios of CAVS Qcrews=5): (@) !=0; b) !'=0.25; €) !=0.50; ¢l) '=0.75;€) '=1

The impact bthe penetration ratio of CAVs on the resiliefmsed recovery scheduling optimization
is further investigated and depictedrigure6.1Q It can be observed that increasing the ratio of CAVs in
the fixed total travel demand can monotonically drive up the optimal reslimetric achieved by the
DEAEGQO. Since the functionality index used to compute the resilience nsadritormalized on&s in Eq.
(6.22) it can be deduced that more CAVs in the mixed traffic are beneficia taetovery of the overall
TN after the disruption. MeanwhilBjgure6.10also shows that more available recovery sources, i.e., more
repair crews here, can result in higher resilience objective in the rgambreeduling, which is aexpected

because more damaged bridges can be repaired simultaneously.

Figure 6.10The variation of optimal resilience metric with the penetration @tiGAVs under different
number of repair crews
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Resuts presented inFigure 6.6-Figure 6.10 demonstrate that even under relatively stringent
computational budget (i.e., the total number of optimization iterakon80 and number of samples to be
evaluated n.,, = 4), the DEAEGO can still solve the recovery scheduling pmobédficiently and
effectively to find the optimal schedule enhancing the resilience airid\Noutperform the BFS and GA.
6.4.2Stochasticase

In the stochastic case, the repair durations of damaged bridges adedegarthe normal random
variables, and the Monte Carlo simulation is used to gendrat20 samples; therefore, the corresponding
20 deterministic resilienekased recovery scheduling optimization problems are constructed and solved by
the DEAEGO separately. Then, the CS of each damaged bridgtisent) and the recovery priority is
established according to Egs. (6.41) and (6.42).

Figure 611 illustrates the top 30 bridges based on the CS ranking on repair complegoartitar
different penetration ratios of CAVs, and the locations of these laridigemarked in the map shown in
Figure 6.12 Similar to the deterministic case, the expected resilience objectivenatsages with the
growth of the CAV penetration ratio, and different CAV penairatiatios result in different rankings of
CSs of the bridges, corresponding to different optimal schedules. Many ettfigges in high priority of
repair scheduling under different CAV penetration ratios diffénéir locations, as depictedkigure6.12
It is also noted that among these different CS rankings of bridges, themae&ommon bridge selections
shared across scenarios with different penetratioosrafi CAVs which are scheduled to be repaired in the
early stage of the recovery horizon. The red bars in Figtiéa®-(e) mark the common bridge selections
of the ediest 10 bridges being repaired in the recovery scheduling underediff€AV penetration ratios.

Figure 6.12 further shows that these common bridges are mainlgddoadn eastern area of the TN with
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the largest number of overlapped colored circles, which are markedheittashed black box in the map.

Figure 611 Top 30 bridges based on stochastic ranking on repair completion time uneéeendiff
penetration ratios of CAV$i{ews= 10): (a) ! =0; @) !=0.25; €) !=0.50; @) '=0.75;€) !=1
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Figure 6.12Locations of top 30 bridges based on stochastic ranking on repair completion tere un
different penetration ratios of CAV8(ews= 10)

To compare the ranking results of bridges based on the proposed DEAEGO algotiththeivi
betweenness values used in the BFS, the correlation coefficieRly) (@tween the CSs and the
betweenness values under different penetration ratios of CAVs arenexkias shown iRigure6.13 It
can be found that CRs in all scenarios are very low, i.e., less than 0.06, which medmeshibaréenness
values have no obvious correlation with the CSs and therefore are not gootbisdicaguiding the

resiliencebased recovery scheduling.
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Figure 6.13Scatterplot of the Copeland scores with the betweenness values of danaggesl br

6.4.3Computational cost

All analyses in this study are coded using Python 3.7.4 and the deep CNN erisgrdlized using
PyTorch 1.4.0. The computations are carried out on a desktop computer with aormi@6700 3.40
GHz CPU, a 16 GB RAM, and a &t Windows 10 operating system. The running time of evaluating each
schedule sample in the optimization (i.€.() in Eq. (6.33)) is about 15 min due to the multiple invokes
of iterative patkswapping procedure for the multiclass user traffic assignment midgetunning time of
training the deep ensemble in each iteration without GPU support is about orfonedch combination
of CAV penetration ratio and number of repair crews, it takes approximately 50 ap@areithe initial
training set of the size of 200 for the DEAEGO and GA, and additional 64 h and 50 h to complete 50
optimization iterations of DEAEGO and GA, respectively. Although tAddkes shorter running time, the
GA fails to improve the solutions from the randomly generated lititining set due to the very small

number of samples to be generated and evaluated in this stuchake the GA work requires increased
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number of samples to be evaluated using the expensive funé{ignwhich would significantly increase
the computational cost to a prohibitive level. The efficiency of the DEBEan be further improved from
the perspectives of the computational setting (e.g., training the deep ensembldreaaBled cluster)
and algorithm (e.g., optimizing the convergence speed of the path-swapping algorithm)
6.5 Conclusions

This chapter presents albivel decision model for the resilienbased recovery scheduling of thd T
in a mixed traffic environment in the presence of both CAVs and HDVs. Ther lewel quantifies the
functionality of TN over time in the recovery process. Two types afsume considered with different
levels of information perception and travel bebavthe CAV users are weilhformed thanks to the
advanced communication and automation technologies and the travel béhataracterized using the
UE model while the lessmiformed HDV users’ behavior is described using the CNL model. The uppkr leve
presents the novel DEAEGO algorithm for solving the network recowtgdsiling problem balancing
optimization performance and computational cost. The deep CNN ensemble ithfaigtv dimensional
schedule solutions as images and are trained to predlictriman and standard deviation of the resilience-
based recovery metrics. This uncertainty quantification capability enakleép ensemble not only to
assist in exploring the large solution space sufficiently as a congnatyi cheap surrogate funatiobut
also to be combined with the EGO algorithm to be sequentially updated in anleativing fashion and
lead the optimization in the right direction to find improved recovery schedulgoss.

With the adoption of different travel behavior of CAhd HDV users and the adjustable CAV
penetration ratio, the proposed framework can help decision makiscaantify the functionality of TN

to support effective recovery scheduling of TN by preparing themselves foratistion from HDV
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dominant trdfic to the future CA¥dominant traffic. The proposed DEAEGO algorithm can effectively and
efficiently improve the recovery schedule in terms of the resilience iraprent considering more complex
and realistic lowlevel network functionality quantificatiowith the potential to be extended to general
largescale network recovery scheduling optimization problems. The proposed methodslogy i
demonstrated using a reabrld traffic network in Southern California after an earthquake corisile
deterministic ad stochastic repair durations.

The main findings of this study include: (1) the DEAEGO outperforms theaBHSSA and can find
better recovery schedules efficiently resulting greater resilience of th@TNifferent penetration ratios
of CAVs lead to different optimal recovery schedules and more CAVs &eitite recovery of the TN; (3)
in the stochastic case, the recovery priority of each damaged bridge can bghestdiased on the CS
ranking and reflect the relative importance and contributiaach bridge in the resiliendmsed recovery

of the whole TN.
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CHAPTER 7SUMMARY OF THEDISSERTATIONAND FUTURE STUDIES

7.1 Summary and conclusions
The contributions and findings of this dissertation are summarizée iiotowing, whichcorrespond

to Chapter2to 6:

(1) An agentbased crowd modelo simulate passenger movements under normal conditions and
evacuations under extreme conditigmestablishedncluding people from both the subway trains and
platform. Some detailed configurations of the station and pedestiitiesnt behavioareconsidered.
Parametric studies including some main varialblesconducted and the impacts of several major
variables on the evacuation timesalso discussed. Different from the previous studies focusing on
some single aspects ¢fet evacuation of people inside the subway station, this study psavidore
comprehensive and holistic model for assessing the egress safetpiobbsybway station for people
in both trains and platforms under normal and extreme conditions. Sonabeainsightare made
from the demonstration and parametric study to understand the major chdebsy of evacuations
and possible improvements of the subway system design in terms of erjeegpunse. It is also
found that more comprehensive stidiased on specific emergency events are needed to provide
more customized analysis, which can provide the aitel evenspecific emergency response plan
including optimal routes and potential design improvements for differestgemcy incidents.

(2) A newmethodologys proposed for crowd evacuation simulation under toxic gas incident congideri
the effects of emotion contagion and information transmisdiba concentration of the toxic gas

quantified by the gas dispersion model detersithe casualty ahthe impairment of the pedestrian
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3)

mobility. The spread of the information about the incident and theigritsdeled by the information
diffusion model. The emotion contagion model quantifies the emotion and panichétsmtial force
modelis modified to integrate these effects to govern the movements of people in the evacuati
process. Two cases, i.e., room with one and two exits, were used to demonstratgpdisedp
simulation framework. The effects of number of agents, perception radiustiard aathority figures

on the evacuation procem®further examinedrhis study highlights the importance of human factors,
i.e., emotion and perception, on the crowd evacuation simulation in emergency sceftaios
proposed model and findings can help implement more effective emergermmatima planning
strategy, including adopting some smart sensing and information sharing technatogy thntificial
intelligence and incorporating more realistic modeling of pedesttahsivior.

A holistic framewok is proposedor the resilience assessmeait an interdependertaffic-electric
power systensubject to hurricane®ased on the graph theory, the traffic and electric power systems
are represented by two directed graphdthree typical types of inteeppendencieare capturedi
modeling procedure coupled with Monte Carlo simulation is presented to Hesessilience of both
systems and to integrate different improvement strategies into corraspataljes of resilience. The
traffic and electric poer systems in Centerville considering three improvement strategidsidiezls

to demonstrate the proposed framework. The results show that interdepesid=m significantly
affect the resilience of both systems, leading to different most effectategiés for each system.
While hardening hurricareulnerable components and adopting a better repair schedule both improve
resilience of the electric power system significantly, adoptibgtter repair schedule works best for

the resilience of the traffic system. The equal repair mode can achieesitiemce improvement in a
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balanced fashion. The results also highlight the importance of refediding to the resilience
improvement of these two interdependent systems when the availableryeasoures are limited.
Due to the interdependencies, the faster the functionality of traffiereycan recover, the more
efficiently the repair activities can be conducted and thus the greater resilidrath sfstems can be
achieved.

(4) A bi-level, stochastic, rd simulationbased decisicmaking framework is proposed fwioritize
mitigation and repair resources to maximize the expected resilienoaviengent of an interdependent
traffic-electric power system under budgetary constralirite upper level of thifameworkaims to
find the optimal plan of allocating limited mitigation and repasorgces to multiple disrupted
components to estimate the maximum attainable functionality gain. At the lewel, the
functionalities of the traffic and electric powsystems arebtained based on network analysis
methods. Three types of interdependencies have been considergaoblenis solved by the binary
particle swarm optimizatio(BPSO)combined with the knapsadiased heuristic and mitigation and
repair priorities of disrupted components are then establisheddmatiegl solutionsResults show that
(a) the preference parameter in the framework can be set to different t@lolemincorresponding
mitigation and repair resource allocation plan according to the decis&ar’'s preference or needs
(b) the established priority indices can reflect the importance andhegintn of components to the
resilience improvement of the couplegstem in both mitigation and repair actions; (c) the modified
BPSO can produce better resource allocation plan than the kndgassazkheuristic to achieve greater
resilience improvement.

(5) A bi-level decisionmodel is proposeébr the resiliencébased receery scheduling of the TN in a
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mixed traffic environment with connected and autonomous vehicles (Cawg)humardriven
vehicles (HDVs). The lower level quantifies the TN’s functionalitgrotime considering different
travel behavior of CAV and HDV usessisen from their different levels of information perception.
The upper level presents a novel deegemblassisted active learning approach to balance
optimization performance and computational cost. This framework can helpodetiakers better
quantfy the TN’s functionality to support effective recovery scheduling ofwith different mixed
traffic scenarios ranging from HDdhly to future CAYdominant traffic. The optimization approach
bears the potential to be extended to solving generatsa@fenetwork recovery scheduling problems
effectively and efficiently.
7.2 Directions for future research
Some possiblémprovement andextensionsn futurebased on the current reseaerk discussed in
the following.
7.2.1Walking mobility
The proposed crowd simulation mod@isChapter2 and Chapte83 aim to invegigate the egress
behavior in complex subway station environmantl characterize interplay among emotion contagion,
information diffusion, decisiomaking process, and crowd dynamiksspectively.
Due to the scope limit, the proposaddelsarenot freeof limitation and some potentisthprovements
or extensions may be of interest for future research.
First, further experimental and observation data can be used to calibretekey parameters of the
proposed agetttased model in Chapt@rto achieve more realistic and s#ipecific simulation results.

Hazardous scenarige.qg., fire and toxic gagjanalso be incorporateénd more comprehensive studies
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based onecific emergency events are needed to provide more customized analysiscarhiprovide
the site and evenspecific emergency response plan including optimal routes and potential design
improvements for different emergency incidents.

Secongmore compx indoor environment can be consideretheproposednodel in ChapteB. The
current modetarriesout the simulation in a room with a simple layout. Realisticdingjs can be much
more complex (e.g., different layouts, multiple stories, furniture, nexitg and routes)as the subway
station in Chapte2. More advanced computational fluid dynamics (CHi)sed gas dispersion model can
be adopted to simulate the hazardous scenarios.

Third, the emotion contagion and information transmission madeéIfhapter3 canberefined. Only
the dimension “neuroticism” in the OCEAN personality model was usedablisstthe methodology. The
effects of the other four dimensions of personality (i.e., “opehn&Essiscientiousness”, “extroversion”,
and “agreeableness”) on the emergency evacuation and information transims&gret to be explored.
Meanwhile, the information can have different levels of complexity andtaitty and human can display
heterogeneous behavior in their perception and reasoning process. Quantifyinfusendif complex
information and its effect on the crowd dynamics remains a challengikg ta

Fourth the parameters of human factorstlie proposednodelin Chapter3 need to be further
calibrated. lis recognized that validating a numerical evacuation model considering hunwas daetinst
the real world scenari® iusually challenging because human behavior is highly complex andatssirel
dataset, especially for the true disaster scenarios, is often la€iimg et al. 2018; Liu et al. 2015)

Therefore existing efforts in this area still mainly center on the simulatichrtelogy to obtain a better

understanding of emergency egress behavior. To the best knowledge of the authdasa ttoe the
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described toxic gas incident is unfortunately not availabtzlibrate this model at this point. To generate
such data, the most common method is conducting thesgest survey, which involves interviewing with
survivors and analyzing surveillance video and incident reports. Bladtiqe, related reliablecords are
usually scarce and incompldiou et al. 2017). Another way usually comes from conducting experiments
(e.g., evacuation drill). Howev, due to the safety and ethical issues, such experiments requiré carefu
preparations and many resources (e.g., environment setting, vollatestirrg, survey design, and data
collection). Moreover, it was found that since the drill scenario usualipat be set as a true hazardous
one, the participants may behave rationally and calmly, which cannadtiveffeceplicate the panicking
behavior of interest in the emergency scendlids et al. 2015). Other researchers also proposed using
animals such as antShiwakoti and Sarvi 2013p perform emergency evacuation experimentspatih
debates still remain in terms of whether the behavior found from antiaualse generalized to humans.

A promising solution to this problem may rely on the emerginaireality (VR) technology. The
advantage of this technology is that it can cometly create near reéife, low-risk, and highly
controllable immersive virtual environmengou et al. 2017)which is especially desirable for the
emergency evacuation behavior studies. Recent years have seen some exptatiéarihat investigated
the emotional responses in virtual evacuation tasks and tested the ecoklglitglof the VRbased results.
Ergan et al. (2018)uantified the effect of architectural design features on humaiopdyisal, emotional,
and cognitive statuses with the help of the VR and body sensor networks. Ca@@3lexamined the
effect of spatial exploration mode on the wayfinding behavior during a viiteamergency.

Based on these emerging studies, the application of the VR technology foriemalafahe proposed

model may include the following key points:

213



(1)

()

Creating the higffidelity immersive virtual environment. The quality of the data ©biheg
using the VR technology depends on the ecological validity, i.e., whibigadindings in the
virtual environment can be generalized to #eatld scenarios. It was found that virtual
environments with different levels of realism can arouse distingulisigmnotional responses
(Tucker et al. 2018; Zou et al. 2017). High details of visual and audio effectsreatiorid
setting should be replicated in the virtual environment with appropriatequ@ment.
Developing subjective and objective measures assessing the emdtitasbad information
perception of evacuees. The subjective measures based onttepaekifjuestionnaires can
include the exit choice, the knowledge of the incident, the emotimmahgion scale, which
reflects the tendency to resonate with others’ emotions, and the emaaitécrcscale of the
interpersonal activity index, which represents the propensity dftizifereactions to others’
emotiongNeves et al. 2018). The objective measures refer to physiological ordisatch as
galvanic skin response and heate variability which are strongly correlated with the
emotional responséStephens et al. 201@ou et al. (20173howed that these measures have
the potential to be used to evaluate the emotional responses in the virtuatienacu
environment. However, the scales of these measures differ from value rapgesnudters of

theproposed model ifiable3.3. Therefore, it requires further research to establish appropriate

mappings from the psychological and physiological metrics to the congisggparameters.

(3) Calibrating the parameters in the social force model with the evacwktta from the virtual

evacuation environment. After introducing the effects of informati@msmission and

emotion contagion, the values of the parameters beirdythseoriginal social force model
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may not be suitable to reflect the crowd dynamics obtained from theXpg&iments.
Lovreglio et al. (2015used the maximum likelihood estimation to cedile the parameters of
the cellular automata model with the trajectory data fromViReexperiments. Although the
differential-equatiorbased social force model is different from tliscrete probabilistic
cellular automata model, the calibration carl bldone using other types of evacuation data.
An optimization problem can be established with the goal of minignitie difference
between the outflow record of evacuees or the variation of crowd density dbt@inethe
model and that from the VR exjrments(Li et al. 2015).

7.2.2Driving mobility

7.2.2.1Resilience of interdependent trafBtectric power system subject to hurricanes

Chapter 4and Chapter5 present resilience modeling and decisiaking frameworks foithe
interdependent traffielectric power system subject to hurriceneespectivelyThe proposed framework
can be furtherefined,and the following potential improvements or extensions may be of interestu fu
research

(1) A more advanced hurricane hazard model can be in@igzb By collecting the time
dependent data of a real hurricaimeJudingthe wind speed, the center pressure, the landing
time, the duration, the impacted area, and the moving path, a ddtagedhtying wind field
of the hurricane can be created lohea real data. The detailed damage propagation process
of the hurricane on the TN and EPN can be modeled, which can demonstrate thihw fas
functionality levels of the two systems drop off during the hazard.

(2) More realistic GD traffic demands before arafter hurricane can be used. Forecasting the
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uncertain poshazard traffic demand is important because the authorities can make more
timely and effective plans for evacuations, rescue, and recovery. Howeserains as a very
challenging task since saegconomic and behavioral analyses are required and can introduce
additional level of uncertainty. Future work may involve collecting abklaata to update

the O-D demand matrix to reflect the evolution of the pagtard traffic demand over time.

(3) The locations for the depot nodes for the repair teams can be optimized as a preparedne
strategy. Since the repair teams are all dispatched from the depot noddeafiestems are
disrupted, the location of these depot nodes in the TN can impact theililityeasd the
speed of the repair teams reaching the locations of damaged componentglicatiat
choosing locations of depot nodes before the disaster is expedtedetmse the dispatching
efficiency and accelerate the whole recovery process. This problem bears daesenathe
classical facility location problem (FLP) and vehicle routing probleRK)/ which are both
NP-hard. It may require developing tailored solution methodology to exploit théeprob
structure. Moreover, due to the probabilistic nature of the hazard imipacegair demand
(i.e., where and how many the damage components are) after the hazard iginuncert
Determining the optimal locations of depot nodes considering the uncerthimty lbazard
impact can be challenging andually requires stochastic or robust optimization techniques.
In addition, when multiple depot nodes exist, how the total repair resaacdse optimally
assigned to each depot node should also be taken into account.

(4) The recovery process can tedined. Thesestudes inChapter 4and Chapteb simplify the

resource requirements for repairing the damaged components: it assateeddhof generic
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recovery resource units (or repair teams) is available and each damaged coropbnent
requires one unit of resource for recovery. In practice, the collatsoratimultiple rgair
teams may exist, and the repair teams usually are not generic, rathpeidaiyning certain
types of repair activity. For example, the repair teamsdoovering EPN may not carry out
the task of debris removal for restoring TN. Moreover, the régams can compete for other
limited shared recovery resources such as machines, vehicles and matezdgactors can
be integrated into current framework to better simulate the recgvecess in detail. For
example, a collaboration probability mag introduced to account for the multiple repair
teams working on the same task.

(5) The importance ranking method used to determine the repair schedule mayrresult i
suboptimal solution, and more advanced discrete optimization algerithmbe applied to
find a neafoptimal repair schedule maximizing the resilientee DEAEGO algorithm
proposed in Chapté can be used.

(6) The realistic repair durations can be differéwim the preestimated ones, and the repair
schedule should be dynamically adjusted during the process with the updatasabf ac
schedule.

7.2.2.2Resiliencebased recovery scheduling of transportation networks

Chapter gpresents decision model for the resiliendmsed recovery scheduling of the dbhsidering
multiclass users’ travel behavior and propdeesDEAEGO to solve gera largescale network recovery
problem efficiently. Thegproposed decision modebhn be further improvedrirst, as in Chapter4 and

Chapter 5this studyalsoassumes that the pdstzard traffic demand data is same as thénprard one.
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Since the traffic data affects the functionality quantification offtkemore realistigposthazardOD traffic
demanddata can be incorporated when such-sjtecific data is availahlé&Second, the choice of the
recovery scheduling optimization objectives depends on different recovery godatieeision maker’s
judgement; sometimes multiple jebtives can exist and even compete with each other, the DEAEGO can
be extended to the mubbjective recovery scheduling optimizatiorhird, in reality, the TN can be
functionally and geographically interdependent with other infrastructureemsgst and such
interdependencies, if significant, may impact the recovery preseasisthese systems and should be
included in the future studies of recovery schedulifite interdependency modeling @hapter4 and

Chapter 5 can be incorporated.
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