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ABSTRACT

Civil infrastructure systems such as transportation networks, power gridlines, water
and wastewater networks, telecommunication services are vital modules creating the
backbones of modern cities. Transportation networks are key components of civil
infrastructure systems that can impede societal and commercial events, and impair post-
disaster evacuation, response and recovery. Performance of transportation networks under
natural hazards shed light on the necessity to assess their fundamental topological
properties in order to provide and correlate appropriate resilience measurements to
comprehend the preparedness and functionality level of such infrastructure system.
Therefore, this thesis is devoted to providing network analysis functionalities for
vulnerability assessment in transportation networks with respect to natural disruptive
events. Through combining the Geographic Information System derived spatial data and
network concepts, the vulnerability of transportation networks is evaluated and so the
engineering resilience is defined along its aspects by a quantitative approach and statistical
modeling of the topological graph properties. The various scenarios-based methodology is
applied in the highly populated capital of Lebanon, Beirut. This topology was selected for
analysis because of the susceptibility of its territory to natural events. In this context,
transportation agencies, legislators, and decision-makers are better able to direct and
optimize resources by prioritizing the critical network components, thus reducing the

downtime in the functionality system.



DEDICATION

| would like to thank God Almighty for giving me the strength, knowledge, ability
and opportunity to undertake this research study and to persevere and complete it

satisfactorily. Without his blessings, this achievement would not have been possible.



ACKNOWLEDGEMENTS

First and foremost, 1 would like to express my sincere gratitude to my advisor Dr.
Dima Jawad. Her technical and morale support helped me overcome what | thought was
an impossible task. Her advice and expertise have helped me grasp an understanding of the
field of engineering- Transportation and Urban Planning. Her guidance has helped make

my research experience memorable and delightful, even in the hardest times.

I would like to extend my gratitude to the members of my masters committee, Dr.
Christine Mady, Dr. Maya Atieh, Dr. Sophia Ghanimeh, and Dr. Talal Salem. | feel
privileged and would like to thank them for providing insight in all aspects of this research
and nurturing my academic and professional development through their mentorships. This

work could not have been completed without them.

Vi



TABLE OF CONTENTS

ABSTRACT ..ottt bt s et et e st e be st et e b et et e e ettt ne et iv
DEDICATION . ...ttt sttt sttt eseabeseenesse e Y
ACKNOWLEDGEMENTS ..ottt Vi
LIST OF FIGURES ........ooot ittt iX
LIST OF TABLES ...ttt Xi
. INTRODUCTION ...ttt ettt sne e re st 1
IO R = T Tod 10 | (01U ] o [ O SSOPRRPSPN 1
1.2 ScOpe and ODJECLIVES .....ccveiveiiiiie ittt 3
1.3 Organization of the theSiS.........cccceiiiiiiicc e 5
1. RESILIENCE EPISTEMOLOGY ..ot 7
220 A 1 18 oo [Uod (o] IS USSP PR PR 7
2.2 ENQINEering RESIHIENCE ........cooiiiiiiiieeee s 9
2.3 Resilience, Risk, and Vulnerability...........cccoooovieiiiiniieieceee e 12
2.4 Resilience QUaNTIfICAtION .........ccoviiiieiiee e 13
I1l.  RESILIENCE OF TRANSPORTATION SYSTEMS.........cccov i 19
3.1  Pre-Event Damage Mitigation.............cooueiiieiininenisiseeeeeee e 19
3.2 SeiSMIC RISK ANAIYSIS......cciiiiiiiiieie e 22
3.3 Network Performance MEASUIES .........cccevvriiereeieiieseesie e siee e e e 27
3.3 1 CONNECTIVITY ...t 27
3.3.2  Network FIOW Capacity ........ccccviiiriiiiierie e 30
3.3.3  TraVel TIME oot 30

3.4  Post-Event Performance ASSESSMENT .........ccceiiriiiiinieienie e e 34
IV. NETWORKS IN TRANSPORTATION SYSTEMS. .......cccoooiviieiieieeein 37
g R 1 011 oo [1 Tod £ o] o ISR 37
4.2 HIStOFICAl REVIBW......oiiiiiiie et 38
421  RanNdom Graphs.......cccciiiiiiiiicce e 39
4,22  CoMPIEX NEIWOIKS......cciviiiiiiiecie st 40

Vii



4.3  Fundamental Concepts of Graph Theory ........ccccccoovvieiiviieiicce e, 42

4.3.1  Definitions and Terminology ........ccccooviiiiiieiiiic i 42
4.3.2  Graph Theory Properties .......cccciieiieieiiiene e 43
4.4  Resilience Quantification via Network Properties.........ccccccoveviviveivernennnn, 47
45 Evaluating Network Response to Failures...........cccocooveiviieieece e, 52
451  Networks Failure MOAES .........ccoviiiiiiiiiie e 52
452 Removal Methods in Graph Theory .........ccccoiiiiiii e 53
4.6  Graph Theory Implementation in Transportation .............cccceevvveviereennnne. 55

V. METHODOLOGY for RESILIENCE EVALUATION of SPATIALLY
DISTRIBUTED NETWORKS under SEISMIC VULNERABILITY: Case Study of

2] | O TSRS 59
5.1 Resilience Assessment Methodology.........ccccoeiveiiiieiicie e 59
5.1.1  Methodology Phases of Resilience Quantification ................ccccccevenen. 64

5.2 Case StUAY OF BEITUL ........coueiiiiiiiiiiieeeeee e 67
5.2.1  Tectonic Setting and SeisSMIC HiStOrY..........ccocovviiriiiieieieiene e 68
5.2.2  BeITUL GEOIOGY ... ciiiiiiiiiiiiiiiieeeieeee e 73

VI.  ANALYSIS and RESULTS.......coi ettt 77
6.1 Graph ANAIYSIS.......oooiiiiie e 77
6.2  Topological Evaluation of the Original Graph............cccooiiiiiiiiiiiis 83
6.2.1  Network Random RemOVal...........cccovviiiiiiieiie e 83
6.2.2  Network Element Rank-Ordering Removal...........ccccooviiiiniiininnnnns 90

6.3  Topological Evaluation of the Integrated Weighted Graph......................... 94
6.3.1  Analysis and Classification of the Weighted Scenarios.............c.cc.co..... 94
6.3.2  Random Failure Removal ..........ccccooviiiiiiiiiceee e 101
6.3.3  Targeted Failure Removal .............cccooveiiiiiiiciicccee e 103
VII. CONCLUSIONS, LIMITATIONS, and FUTURE PERSPECTIVES ......... 115
% R O] [o] {1 ] (o] PSPPSR PPN 115
7.2 Limitations and FUture PerspectiVeS.........cccccviiiieiie i 117
REFERENGCES.........ooi ittt ettt sttt st se bt 119

viii



LIST OF FIGURES

Figure 2.1: Role of resilience properties on network performance versus time............... 16

Figure 3.1: Example of some seismic bridge retrofit practices (Wright et al., 2011)...... 20

Figure 4.1: The illustration of Konigsberg bridges problem ..........ccccooviiiiiiiiiininn, 38
Figure 4.2: Erdés-Rényi random graph (Narayan et al., 2012) .........cccoocveveveeiecvieseene, 39
Figure 4.3: Complex network example of the Internet (Dezso et al., 2006) ................... 41
Figure 4.4: High clustering (right) versus zero clustering (Ieft) .........cccocovvviiiiininne. 46
........................................................................................................................................... 46
Figure 5.1: Calculation steps of UNA t00IDOX .........cccoveviiiiiiciicc e 64
Figure 5.2: Study area tectonic setting: a. LFS regional map b. Map of the main faults
within Lebanon (Daéron et al., 2007) .......ocoiiiiiiiiiiece s 71
Figure 5.3: Historical earthquakes along LFS with Mw greater than 6 (Huijer et al.,
0 TSSO 72
Figure 5.4: Local seismicity map of Lebanon between 2006 and 2017 (CNRS)............. 73
Figure 5.5: Beirut geological map simplified from Dubertret (1945) (Salloum et al.,
70 PO 75
Figure 5.6: Beirut geological map with its faults and border limit (Dubertret, 1945)..... 76
Figure 6.1: The road network of Beirut (Base map: CNRS-NDU) ..........cccccovevviieinnnen. 78
Figure 6.2: Nodal random removal of Beirut original graph with 10% interval ............ 79
Figure 6.3: Degree distribution of Beirut Network............ccocoovviiiiiiiic 81
Figure 6.4: Degree distribution histograms of a random and a scale-free graph............. 82
Figure 6.5: Hierarchy of Beirut graph .........ccooieiiiciiece e 82
Figure 6.6: Effect of random node removal on average nodal degree...........cccccocevenenee. 84
Figure 6.7: Effect of random node removal on average local clustering............cc.coc..... 84
Figure 6.8: Effect of random node removal on average betweenness centrality............. 86
Figure 6.9: Effect of random node removal on straightness centrality...............c..cc........ 87
Figure 6.10: Effect of random node removal on connectivity indices............c.cccceevveenen. 88
Figure 6.11: Effect of random node removal on density iNdiCES............ccccevvriririncirnnes 89

Figure 6.12: Efficiency loss of Beirut Network during the random removal process..... 89



Figure 6.13: Topological properties variation of random over rank-ordering removal... 92
Figure 6.14: Connectivity indices variation of random over rank-ordering removal...... 92
Figure 6.15: Density indices variation of random over rank-ordering removal .............. 93
Figure 6.16: Efficiency loss comparison between random and rank-ordering removal

modes of Beirut original NEIWOIK ............ccooioiiiiiii s 93
Figure 6.17: Typical Monday peak traffic (12:00pm) of Beirut transportation network 96
Figure 6.18: Beirut roads classification and major hospitals............ccccooeveiinciininnne. 97
Figure 6.19: Beirut vulnerable network links to environmental hazards......................... 98

Figure 6.20: Interpolated map of the damage increment computed based on the Neural

Network Approach for PGA=0.25 g, modified from............cccooveiiiiiiivc e, 99
Figure 6.21: Beirut buildings height diStribution.............c.ccocoiiiiiiiii 100
Figure 6.22: Effect of random node removal on average betweenness centrality of
different weighted graph SCENAIIOS .........ccveiveiiiiie e 102
Figure 6.23: Effect of random node removal on straightness of different weighted graph
SCEIAITOS ... vvevvteseesteeteaseeeseesteeseesseesteeseesseeseeeneeese e beeneeeseesaeeneeebeebeenteeReeneeeneenre e beaneenneeen 102
Figure 6.24: Effect of random node removal on connectivity indicCes............c.ccocvvvrnne 103

Figure 6.25: Disturbed links variation of targeted over random removal of different

weighted graph SCENAMOS........cviiieieeieiie et be et s reesre e 105
Figure 6.26: Effect of targeted node removal on connectivity indices.............cc.ccoveene 105
Figure 6.27: Nodal betweenness centrality of Beirut weighted graph..............cc.cooveeee 110
Figure 6.28: Global connectivity of Beirut hospitals and emergency centers............... 111

Figure 6.29: Effect of the targeted nodes removed in the weighted graph on the
network’s overall average redUndancy ..........cocceveieierinene e 112

Figure 6.30: Nodal average redundancy of Beirut intersections to the accessible hospitals

Figure 6.31: Major vulnerable links and intersections (the highlighted three rectangle

Z0NES SNOW the FISKIESE ArEaS). .......cvvuieieiiiesie e 114



LIST OF TABLES

Table 1: Percentage of redundant nodes reachable to critical centers after each targeted
removal of the top weighted scenarios based on network properties ..........c.ccccoeevvennnns 109

Xi



I. INTRODUCTION

1.1 Background

Civil infrastructure systems such as transportation networks, power gridlines, water
and wastewater networks, telecommunication services are vital modules creating the
backbones of modern cities. These critical systems are susceptible to natural hazards such
as earthquakes, tsunamis, floods which can damage their performance and lead to
substantial socio-economic losses especially in risk-prone urban areas where the rapid
growth of urbanization increases the potential risk and vulnerability. Accordingly, it is
crucial to analyze the current infrastructure state resilience for improvement, thereby
lessening the wvulnerability of civil infrastructure networks to extreme events and
interruptions, allowing preparedness for possible damage scenarios, absorptiveness,
adaptation after the probable disruptions, and recovery.

Earthquakes are among the most dangerous natural hazards that cannot be avoided
nor predicted even in the susceptible areas where earthquakes are reliably recognized.
Regardless of the very intense seismological researches, strong events time could not be
exactly forecasted. If such events occurred in an urban setting, it may result in a massive
number of fatalities within seconds, primarily due to collapsed buildings (Bouchon et al.,
2011). In the last century, cities around the world are faced more than one thousand strong
earthquakes triggering one and half million causalities where 90 percent of direct deaths
were due to destroyed buildings (Lantada et al., 2009). The dominance of earthquake
resistant construction controls the vulnerability of property to seismic risks. Structures built

in compliance with the required codes and standards are safer than old structures that are



not retrofitted. Accordingly, prepared communities to seismic hazards experience less
disruptions (Jawad et al., 2019).

Transportation networks are key components of civil infrastructure systems that
can impede societal and commercial events, and impair post-disaster evacuation, response
and recovery (Bas6z and Kiremidjian, 1996; Nojima, 1998; Chang and Nojima, 1998;
Chang, 2012). For instance, collapsed bridges and damaged primary roads due to a
disastrous earthquake or landslide could hamper emergency teams to rescue and evacuate
the population at risk efficiently to safer zones. After a disaster, it is of paramount
importance also to account for the operation of the transportation networks where the traffic
flow under emergency situations may change significantly from pre-disaster normal
conditions due to deteriorated network capacities and variations in travel demand as well
(Shen et al., 2009). Connectivity is described as the availability of a serviceable path
between an origin-destination (OD) and it is one of the core function of transportation
networks. The functionality consequences of any extreme disruption result in longer paths;
thus, it is essential to identify the main critical roads and have adequate knowledge about
the most vulnerable networks through developing and evaluating criteria and performance
metrics for an effective prioritization (Novak et al., 2012).

Performance of transportation networks under natural hazards shed light on the
necessity to assess their fundamental topological properties in order to provide and
correlate appropriate resilience measurements to comprehend the preparedness and
functionality level of such infrastructure system. Resilience is the capability of a system to
cope, absorb, and withstand the effect of a random attack, then survive and recover

immediately afterwards (Jawad et al., 2019). Resilience can be described as the aggregate



of its components which can be summarized as the estimated physical impairment after an
extreme event, the consistency of the network topographical layout, the prioritization
objectives and the recovery speed of the system to reach a suitable level (Furtado, 2015).
Although the resilience concept is of high importance and has been introduced from
decades, yet its implementation into complex networks in transportation sector is a novel
subject. Therefore, this study will focus on applying the concepts of resilience to

transportation networks in urban areas prone to natural hazards specifically seismic risks.
1.2 Scope and Objectives

Transportation networks offer daily accessibility and vital services to societies;
thereby, they must also maintain an acceptable connectivity to critical infrastructure when
exposed to natural hazards or manmade attacks. According to the chart of the Sendai
Framework for Disaster Risk Reduction (2015-2030), future directions and principles are
outlined for substantially cutting down the disaster risks, damage, and disruption of basic
services by 2030. The framework is calling for methodologies and strategies to evaluate
and bolster the resilience of new and present key infrastructure. It stresses that such
structures and facilities must persist secure and effective during and after any calamity
(United Nations, 2015). For these circumstances, this thesis is devoted to providing
network analysis functionalities for vulnerability assessment in transportation networks
with respect to natural disruptive events. Through combining the Geographic Information
System (GIS) derived spatial data and network concepts, the vulnerability of transportation
networks is evaluated and so the engineering resilience is defined along its aspects by a
guantitative approach and statistical modeling of the topological graph properties. These
properties of Graph Theory (i.e., the study of the relationships between the graph’s
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components) were examined to illustrate the behavior and distribution of network graph of
the urban area under study subject to random or/and targeted attacks. With this premise in
mind, there are important questions which need to be answered before an actual disaster
arises: How to develop a framework to quantify resilience of transportation networks to
withstand failures in the case of data insufficiency? How can the developed framework be
implemented to evaluate the road network of Beirut? What are the critical network

locations where an interdiction would cause damages to the system?

It is a real challenge for researchers to study the resilience of infrastructure systems
especially in developing countries. In fact, such contexts are more adversely affected by
natural hazards and offer limited capacity to collect and process the necessary data. Even
with the acceptance of the data scarcity in these contexts, this work provides a resilience
assessment that has tangible benefits to society. The various scenarios-based methodology
is applied in a developing country namely Lebanon (33.8547° N, 35.8623° E), specifically
within its highly populated capital Beirut. This topology was selected for analysis because
of the susceptibility of its territory to natural events. In fact, Lebanon is considered a
moderate to high seismic hazard country. Natural hazards, mainly earthquakes (i.e., ground
failure), that are most relevant to the study area were examined along some secondary
hazards such as liquefaction, landslides, floods, and tsunamis. This region was chosen due
to the study performed by Baytiyeh and Naja (2015) that showed a poor level of earthquake
preparedness knowledge across college students in Lebanon. Accordingly, integrating such
topics encourage future graduates to be actively engaged and have a proactive role in
planning and preparing for future earthquakes tragedies. The purpose of this thesis is to

understand the effects that transportation networks introduce in their response to



disturbances. This cannot be achieved without assessing the efficiency of road networks
based on connectivity analysis and topological measures which can reveal some relevant
information pertaining to the functional classification of the roads. Thus, after investigating
the statistical parameters for description of network topology and identifying the role that
various network elements have in maintaining the connectivity and serviceability of the
studied system, a research agenda should be established to address future research

questions revealed by the results of the scenarios-based analysis.

In this context, transportation agencies, legislators, and decision-makers are better
able to direct and optimize resources by prioritizing the specific network components
which are most critical to maintaining the system functionalities. Therefore, this strategy
allows for more reasonably budgeted allocation to natural crisis and prepares for possible

consequences with the focus of reducing the downtime in the functionality system.
1.3 Organization of the thesis

The thesis will be divided into seven chapters. After this brief background, chapter
2 reviews the definitions and evolutions of the resilience concept in different fields with
emphasis on the engineering context. Also, this chapter addresses the concept of risk and
vulnerability along with the role of resilience properties and their quantification theories.
Chapter 3 presents the resilience of transportation systems. It starts with the pre-event
damage mitigations, then it reviews the seismic risk analysis and the network performance
measures, and it finishes with the post-event performance assessment. Chapter 4 deals with
the networks in transportation systems, the types of graphs, the fundamental concepts of

Graph Theory, and the quantification methods using these networks. In addition, the



evaluation of network response to failures is presented along the state of the art of the
implementation of Graph Theory in transportation. Chapter 5 presents the proposed
methodology for resilience evaluation of spatially distributed networks under seismic
vulnerability in Beirut. Chapter 6 reveals the analysis and results of this thesis and the
efficiency evaluation of the proposed methodology application. Conclusions,

recommendations, and limitations for future researches will be given in Chapter 7.



II. RESILIENCE EPISTEMOLOGY

2.1 Introduction

A standard approach along a descriptive algorithm of the process will be formulated
to quantify the resilience of critical infrastructure (e.g., transportation networks,
buildings...) in order to bolster the system resilience in the most efficient method. But,
before evaluating and measuring the resilience of critical infrastructure through a
topological-based system, it is essential to conduct a comprehensive review and study the
evolution of resilience concept in different fields and approaches along with its derivations

and applications.

“Resilience” has turned out to be a vague buzzword that most of the time is used carelessly
without an accurate recognition of its meaning. “Resilience” etymology originates from a
Latin verb “resilio” denoting to rebound (Rose, 2009). For more than 40 years ago,
ecologists were the earliest to embrace and document the concept of resilience where it is
used to define the adaptive behavior of ecological systems by Holling (1973, p. 17) as “a
measure of the ability of these systems to absorb changes of state variables, driving
variables, and parameters, and still persist. In this definition resilience is the property of
the system and persistence of probability of extinction is the result”. In that manner,
ecologists through Holling were the pioneers to apply resilience definition in the survival
of complex systems which served as a foundation for future ecologists and biologists. In

fact, in addition to the use of the term in ecology, it is also used in biology where two



aspects of resilience are outlined: the equilibrium and disequilibrium conditions; the former
returning to the original state while the latter to an adapted new state.

In different fields, most of the researchers consider that the essence of resilience is
derived from the flexibility and adaptability of the system (Levin et al., 1998). Timmerman
(1981) linked resilience to vulnerability and defined it in the long-term scope (e.g., climate
change) as a measurement of the system capacity to absorb and recover after a damaging
scenario. Another definition of resilience was stated by Pimm (1991) stressed on the
speediness of the system to return to equilibrium. As did Timmerman, Manyena (2006)
agreed that resilience and vulnerability are interconnected. Pelling (2012) split the latter
under natural hazards to three main measures (i.e., exposure, resistance, and resilience),
and described resilience as the capability of an individual to cope with hazard stress.
According to Rose (2009) vulnerability is related to the pre-disaster condition, then
resilience comes up as the result of the post-disaster response. Numerous ecologists related
resilience to the concept of sustainability which incorporates long term survivability
without decreasing the quality of life (Common, 1995). In this context, the environment
and natural resources dependability played a key feature in sustainability concept. Then,
the ecological resilience was extended to human communities for the first time by
measuring the social resilience through Adger (2000) who incorporated social capital,
economic factors, institutions and demographics. Many researchers dealt with resilience
concept from an economic perspective taking into consideration the financial consequences
of a hazardous event where economic losses may outweigh the physical losses of the
system. Short-term economic and physical losses seem more tangible for computation

within the economic resilience in the post-disaster situation. Besides, according to financial



operations, direct and indirect losses involved in the long-term hazard loss quantification
(Rose, 2004). In studying the economic resilience, two types of resilience are distinguished,
inherent and adaptive. The former occurs in normal circumstances whereas the latter occurs
in crisis situations due to ingenuity or extra effort such as saving water after a disastrous
earthquake (Rose, 2004; Rose and Wein, 2011). Economic resilience is necessary not only
to avoid underestimation of losses incurred due to an extreme event, but it also helps
decision-makers to assess recovery strategies to reduce the economic losses. While
preparedness deals with actions done before the extreme event like building up inventories
which enhance inherent resilience of the system, other actions such as creation of an
advance communication network, improve the capacity of adaptive resilience. Resilience
is separated by three levels: (1) the microeconomic level such as individual behavior of
firms, households or organizations, (2) the mesoeconomic level such as economic sector,
individual market, or cooperative group, and (3) the macroeconomic level where economic
resilience is that of all individual unites and markets combined (Rose, 2004). Accordingly,
dividing an infrastructure system into subsystems level, the previous resilience concept

could be employed to study the infrastructure resilience.
2.2 Engineering Resilience

In the engineering context, resilience was also differentiated by the ecologist
Holling (1996) where in contrast to the ecological resilience concept, which is designed to
be dynamic and inherently adaptive, engineering resilience is not. While the ecological
concept could return to an improved state after a damaging scenario, engineering system
could ideally bounce back to its original state. Over diverse fields, the concept of resilience
practically embraces the pre- and post-event actions. Bruneau et al. (2003) defined that a

9



system resilience has three aspects through reducing (1) the probabilities of failure, (2) the
results of failures, and (3) the recovery time. They contended that these aspects are secured
if the system includes the four “R’s” for resilience: robustness, redundancy,
resourcefulness, and rapidity. Robustness is the ability of the structures or system to bear
stress with no degradation in their functionality; in other words, it is a measure of the
insensitivity or system’s strength to resist the disruption forces. Redundancy is the ability
to provide substitutions and options and to assume the failed components without adversely
disturbing the quality performance of the network itself; in the transportation network, this
may be defined as the arrangements of paths allowing commuters to move between two
locations. Resourcefulness is the ability to direct resources, prioritize actions and repairs
during the post-event to realize the system objectives. Finally, the speed at which these
objectives are realized, and the recovery time describe the latest resilience “R” rapidity.
These four important “abilities” (i.e., to anticipate, to absorb, to adapt, and to recover)
ensure the speed and completeness of recovery (Carlson et al., 2012). Similarly, there are
four dimensions of resilience: (1) the technical aspect deals with the physical performance
of the system in the post-event, (2) the organizational aspect deals with the capability in
reacting applicably to hazards by the organizations and make critical tasks, (3) the social
aspect reflects the ability to reduce the societal damage, and (4) the economic aspect refers
to the ability to lessen the financial losses caused by extreme events (Bruneau et al., 2003).
According to the aspects and dimensions, critical infrastructure resilience in specific
transportation networks resilience is a concept defined as the ability to withstand, adapt to,
and rapidly recover from various disturbing events consequences (Turnquist and Vurgin,

2013). Similarly, Ortiz et al. (2009) defined the transportation network resilience as the

10



ability to absorb slight disruptions and to make a quick return into normal service condition
after additional extreme events. Resilience should be a process and outcome, including
learning, adaptation, anticipation, and improvement in structures and functions (Jawad et
al., 2019). Since it is acknowledged that cities are in dynamic change, then resilience is not
static only but also dynamic. The static resilience is the ability of a system to maintain
function after a hazardous event while the dynamic resilience refers to the speed at which
this system returns to an efficient functionality condition (Rose, 2009). Consequently,
some authors have defined resilience under short term disturbance (Bruneau et al., 2003;
Rose, 2004), and others for long term (Dovers and Handmer, 1992) due to natural hazards.
Seismic events affect greatly the transportation networks and induce considerable spatial
damages to the system that has an interdependent nature. For instance, any damage in
functionality within the system could harmfully impact other networks such as
telecommunication networks. Many researchers emphasis on studying transportation
networks resilience where some studies centered on the post-earthquake flow models to
assess their functionality (Lee et al., 2011; Chang et al., 2012), others developed annual
risk curves through probabilistic scenario-based model (Alipour, 2010), and used the
regional economic models within transportation networks to approximate direct and
indirect costs induced through bridges failure (Rose et al., 2011; Furtado and Alipour,
2014). In fact, bridges in transportation networks are a key component and turn to be a
bottleneck in a failure circumstance due to a severe event. Thereby, some researchers
applied retrofit studies to these critical components to improve their functionality by means

of prioritization methods (e.g., post-earthquakes flow models, supply capacity for
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evacuation...) (Chang et al., 2012; Bocchini and Frangopol, 2012; Rokneddin et al., 2013;

Venkittaraman and Banerjee, 2014).

2.3 Resilience, Risk, and Vulnerability

Time is a major factor in recovery phase within resilience concept that differentiates
it from risk. Risk assessment is to quantify the expected damage while resilience focuses
on the critical aspects of a network to recover. Both concepts are used interchangeably
because of their interconnected properties. Yet, risk has inherent simpler concept
characterized as the probability of loss or damage occurrence due to destructive events. For
example, considering seismic risk assessment, some of the threats are classified as the
likelihood and intensity of ground motion, liquefaction, landslides. Moreover, another term
referred to resilience and risk simultaneously that cannot be simply evaluated in a single
metric and is imperfectly interchanged to them, is called vulnerability. This latter is the
proneness of a system or structure to experience adverse effects, and the expected level of
loss or damage that will take place in the system components for certain types and
magnitudes of extreme events. In other terms, resilience and vulnerability are the two side
of the same coin, both express the system states, yet the latter focuses only on the security
of the system while the former goes beyond by emphasizing its recovery after a disruptive
scenario (Haimes, 2009). Sometimes resilience is seen as the measuring extent of
vulnerability, where it is considered as the reaction to the threats that are vulnerable to the
system components. For some authors, decreasing vulnerability is considered as the
primary phase to enhance resilience (Gitz and Meybeck, 2012). All these concepts follow
complex measurements, where resilience incorporates absorptive, adaptive, and restorative

capacities, risk analysis paradigm consists of hazards or threats identification, exposure,
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and their vulnerability. In other words, risk is the product of the likelihood of occurrence
of a hazard (e.g., seismic event), the sensitivity of the hazard level or vulnerability (i.e.,
likelihood of exceeding a certain damage as a function of ground motion), and all the
system components exposed to this hazard (i.e., transportation networks, structures,
residents, economic sectors...). Authors claimed that resilience analysis combined with
risk analysis lead to improve the management plan of any catastrophe (Haimes, 2009; Park
et al., 2013). To ensure communities’ protection and adequate mitigation to failures and

disasters, all these concepts must be put together into application (Park et al., 2013).
2.4 Resilience Quantification

The inherent complex nature and the ubiquity the resilience concept obstruct all efforts to
have an accurate and acceptable method of quantification with respect to natural hazards.
For some authors, no comparison could be done appropriately between the civil
infrastructure and the diverse community’s resilience (Simonovic, 2012). This is to
mention that some authors postulate that quantifying resilience efficiently with single
metric is not possible, due to the lack of a concise definition and complicated foundation
with diverse uncertainties. This should be done through proposing multi-dimensional
method with a set of contributing parameters and studying the range of diverse sectors
under hazards (Haimes, 2009). Yet, the evaluation of quantifiable characteristics such as
the system performance under spatio-temporal conditions can assist in quantifying
resilience. There is widespread attention on including the probabilistic characteristics of
adverse extreme events through the application of probabilistic methods that improve the
validity of resilience study and lead to more effective strategies to decrease losses. A
Probabilistic Hazard Assessment (PSHA) for seismic event effect on the network resilience
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was compared to a deterministic approach of a single seismic scenario by Adachi (2007),
which showed different outcomes with more tendency using the probabilistic approach
over the single scenario. For spatial adaptability, some researchers (Berche et al., 2009;
Leu et al., 2010; Bono and Gutiérrez, 2011; Freiria et al., 2015) used more comprehensive
methods by the application of Graph Theory in accordance to geographic positioning
system (GPS) navigation data and GIS. Bruneau et al. (2003) acknowledged the necessity
of having efficient measures for resilience quantification which are effective in comparing
the system modules and determining its weaknesses. Hence, minimizing any decline in the
quality of life through identifying the most critical organizations within the system that
have the most impact on life quality such as the infrastructure networks, emergency centers
and hospitals, utility businesses and others. By integrating resilience dimensions, some
authors outlined and identified uncertainty sources during the quantification of this concept
as intensity levels, response parameters, performance limits, performance measures,
induced losses, and recovery time (Cimellaro et al., 2011). The quality of community
infrastructure changing with time is defined as Q(t) and its quality and functionality
reduction capacity over time is represented by the resilience (R) which is a modified
integral of the former function (i.e., “resilience triangle”). As the area of this “resilience
triangle” is smaller, the resilience of the system is greater. The normalized area below Q(t)
is the resilience as described by Bruneau et al. (2003) and Cimellaro et al. (2010). The
initial phase is called anticipation where the forecasting and plans for different severe
events take place along with the estimation of the system components under probability of
failure. The preparation of hazards in this stage is done under normal functionality state

where the system is 100% functional before the event. Then, the second phase is the
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absorption where the system can absorb the shock of the event while decreasing its
consequences harshness depending on both robustness and redundancy of the studied
network. The initial system percentage drop in functionality at time to is based on these two
interlinked aspects without differentiation. Subsequently, the system uses the resources in
order to enhance its functionality just after the shock and before the recovery stage. This
phase is called adaptation and it may embrace temporal reparation, utilization of redundant
modules, and prioritization of the utmost critical components (Najarian and Lim, 2019).
Lastly, the recovery phase is when the system returns gradually to an acceptable
performance level at time tr based on standards set by decision-makers and managerial
bodies. The final state of the system could return to its initial state before the shock, below
or above the pre-event level depending on the repair and improvements extent (Ayyub,
2014). The aforementioned four phases are not mutually exclusive where the final phase
may begin amid the preceding one. For that reason, network performance (i.e.,
infrastructure quality) versus time is drawn in Figure 2.1 showing the resilience properties.
In this figure, the system resourcefulness is illustrated as the shaded area between the two
curves: the top curve represents the recovery process with goals prioritization with
adequate resources while the second did not account for that. Moreover, the time ty is linked
to the rapidity performance criteria revealing the importance of prioritization in achieving
an enhanced quality performance level in contrast with the non-prioritization recovery

process.

15



Rapidity Performance Criteria

100% ey =

7

<

%

.

Y

P

//

7
o

NN

e

L

Repair Curve w/ Prioritization
Pre-event Performance

Resilience Triangle

\

Resourcefulness

50%

Robustness |
% :

Redundancy

Network Performance (%)

-l

.Y
Repair Curv
Prioritization

e w/oi

A

Rapidity

Not to Scale

kg T, T
=

L

I

I I
Time

Figure 2.1: Role of resilience properties on network performance versus time

Measuring the resilience based on the size

of the expected reduction in the quality of civil

infrastructure system through the quantification of the four phases mentioned previously

was discussed by Bruneau and Reinhorn (2007). Likewise, resilient systems observed by

Tierney and Bruneau (2007), support in

abating the likelihood of failure and provide

recovery improvements in terms of resources and time required to return to its initial

performance state. As noted, the four phases outlined built the concept of resilience having

both inherent and adaptive capacities. It is generally quantified in Equation (2.1) which

could be seen also in another form as a function of the vulnerability, exposure, and adaptive

capacity.

R :fttof[wo — Q(t)]dt

(2.1)
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Simonovic and Peck (2013) quantified resilience in delineating the system performance in
a specific space and time through space-time dynamic resilience measurement. In their
study, all shocks are summed or incorporated in a definite integral to portray the influences
of catastrophes on the community considering the following performance impacts
indicator: physical (e.g., road length inundated by flood), health (e.g., hospital beds in
emergency centers), economic (e.g., impact measures through the gross domestic product
GDP aggregates), social (e.g., age, gender, social status, education...), and organizational
(e.g., share of disaster management facilities to the inhabitants). In other network-based
infrastructure researches, an approach is defined to quantify network resilience as the
proportion of failed links and nodes separately in accordance with the system performance
after an external shock (Garbin and Shortle, 2007). Resilience index of urban infrastructure
through belief functions was formulated by Attoh-Okine et al. (2009) in which the concept
of resilience (Figure 2.1) and various probable paths of system performance were used.
This index (RI) defined in Equation (2.2) where toand ts represent the time of occurrence

of an extreme event and the full recovery time respectively.

) ewat

RI= 100(to—t/)

(2.2)

An extensive survey technique was adopted to quantify resilience as a combination of
adaptive and coping capacity revealing that the lack of adaptive capacity makes the
residents even with disaster experience less resilient relative to other residents. Over this
quantification, the authors provided insight into the humanitarian effect in achieving

enhancement to adapt and cope with climate-related disasters (Joerin et al., 2012).
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In this thesis, the resilience approach will include some of the definitions and
criteria discussed in the earlier literature review that contained an account of different
applications and descriptions of resilience concept. Precisely, Graph Theory characteristics
will be executed into transportation networks and civil infrastructure engineering to
efficiently quantify the four resilience aspects while selecting useful concepts in other
fields application in real civil infrastructure networks. Such networks are commonly
defined as the addition of many smaller local networks known as clusters. Evaluation of
cluster features provide an understanding of network redundancy and resilience, permitting
to effectively emphasize on improvements and prioritization of the most critical localities.
Concerning the assessment of graph parameters contextualized by resilient factors (i.e.,
robustness, redundancy, resourcefulness, and rapidity) which can give insights on the
system’s state, decision-makers will be better conversant in directing the necessary
resources to the most critical sites. By applying the concepts presented in Bruneau et al.
(2003) especially in the context of infrastructure quality represented thru Q(t), the
serviceability, connectivity, and flow of road networks will be of paramount importance in
this study in a way to holistically prepare for failure consequences of probable disasters

which will prompt response, improve recovery and contain losses.
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I11. RESILIENCE OF TRANSPORTATION SYSTEMS

3.1 Pre-Event Damage Mitigation

Transportation infrastructure plays a major role in providing local communities
with smooth access for their daily activities (e.g., business, emergency, freight ...), So any
disruption to their performance due to natural hazards will induce excessive losses that
could propagate to communities and accumulate over time. Disruption in these systems is
highly related to the functionality of its components, in particular seismic prone regions
where bridges are susceptible to damage and can act as “bottlenecks” hindering the
emergency services. In this chapter, the effects of pre-event retrofit activities and
techniques to strengthen deteriorated bridges with low seismic response will be presented.
It is especially for relatively underdeveloped networks to start planning and take actions to
reap strength, thus bolster network robustness against seismic hazards. Nowadays, seismic
design became a vital phase of the bridge design practice in order to increase its ductility
and avoid sudden failure. Yet, even those designed with seismic concerns will weaken over
time, thus retrofitting techniques are used to extend their lifespan. Costs of such techniques
are usually lower than the repair or replacement of large-scale damaged bridges. Seismic
risks vary considerably across regions where some areas are more affected than others
especially those that are subject to liquefaction and landslides.  Accordingly, seismic
retrofit techniques are geographically specific, and these could comprise isolation bearings,
seat extenders, catcher blocks, bar and cable restrainers, column jacketing, shear keys
(Figure 3.1). From the various retrofit methods, bridges could benefit in many ways

through enhancing flexural capacity to avoiding unseating failures.
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Installing isolation bearings such as elastomeric bearings help in dissipating energy under
seismic scenario by augmenting the fundamental vibration period of the bridge, dropping
the accelerations in the superstructure, thus declining the inertia forces transferred into the
substructure (FHWA, 2006). Using bar and cable restrainers that usually carry tension
forces only while staying in the elastic range under pressure, constitute a low-cost
technique to avoid losing support in the bridge components. Yet, even though this
technique is regarded as efficient, it has failed in large scale seismic events like in
California 1989 (i.e., Loma Prieta earthquake) and Japan 1995 (i.e., Kobe earthquake).
Therefore, it is recommended to be used in conjunction with other retrofitting techniques

(Shafieezadeh et al., 2009). Among the most cost-effective techniques to prevent unseating
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are the seat extenders or catcher blocks which are steel or concrete additions to the sides of
bent caps and abutments. The major role of bent caps is to transmit loads from the bearing
to the column of the bridge, however under seismic hazards, the shear strength and flexural
capacity of such caps are weakened; for this reason, they are considered for retrofit by
adding steel rods to add compressive strength, steel plates from top and bottom of the caps
for bracing purpose against shear forces, or concrete or steel to encase the entire bent cap
surface (Wright et al., 2011). For column strengthening, it is common in reinforced
concrete to apply column jacketing using steel, concrete or fiber-reinforced polymer which
envelopes the column preventing it from bursting and bowing out of the vertical
reinforcement, thus avoid the collapse of the bridge in extreme earthquakes (FHWA, 2006).
Another useful retrofit technique consists of using shear keys or keeper brackets. The
formers are reinforced concrete blocks placed between girder and attached to the top of
bent caps with dowels to prevent excessive transverse movement during a swaying
earthquake event while the latter are steel brackets with similar purpose serving as lateral
restraint (Wight et al., 2011). According to roadways, some of the retrofit measures use
easily repairable pavement sections (e.g., replacement of rigid pavement with flexible
pavement, reduction of joint spacing), replace the inferior pavement structures (e.g.,
replace old and poor quality embankments with higher quality and well-compacted
materials), strengthen the foundations beneath roadway grades (e.g., compact soft or loose
soils, improve foundation drainage, add struts to embankments), and clear and strengthen
the side and cut slopes (e.g., clearance of loose debris, placement of wire netting, flattening
of grades, rock-bolting). To know more about retrofitting standards and practices the

Federal Highway Administration (FHWA) Seismic Retrofitting Manual for Highway
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Structures and its associated publications work as guidelines for many transportation
agencies and help in retrofit prioritization for these critical infrastructure components

(FHWA, 2006).
3.2 Seismic Risk Analysis

This section is centered on seismic risk analysis and its components It presents a
review of different modeled methodologies for transportation systems. Earthquake is one
of the major threats to transportation networks that can cause catastrophic disruptions to its
components. Dealing with spatially distributed transportation networks within seismic risk
analysis turns to be challenging especially that it necessitates performance modeling and
assessment at both components and network levels. As defined, risk is the product of the
likelihood of occurrence of a seismic event with its vulnerability, and all the system
components exposed to this hazard. Risk analysis is to quantify the expected damage while
resilience focuses on the critical aspects of a network to recover. Outlining hazards in
earthquake events involve ground motion and failure levels estimated through attenuation
relationships defined as peak ground motion parameters or peak structural responses
(Elnashai et al., 2009). In addition, liquefaction, landslides, soil amplification and surface
rupture factors can pose serious damage to the system under consideration. Vulnerability
or the sensitivity of the hazard level, such as the likelihood of exceeding the conditional
prescribed limit damage as a function of ground motion, is an essential factor for evaluating
the seismic risk and assess damage probabilities of transportation networks; though, this is
based upon the availability of the damage functions known as the fragility curves along
with the necessary hazards data (Padgett and DesRoches, 2009). Rossetto and Elnashai
(2003) divided the fragility curves into four types based on: expert judgments, observations
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of empirical-historical damage data (Basdz and Kiremidjian, 1996; Shinozuka et al., 2003),
analytical assessment of the system response, and hybrid that embrace information from
different references while taking into account the shortage of observational data, bias of
judgmental documents, and modeling insufficiencies of the analytical approaches (Jeong
and Elnashai, 2007). Network vulnerability could be evaluated through four methods
according to Murray et al. (2008): the scenario-specific approach deals with small scale
disturbing events, the strategy-specific approach deals with the probable structured loss of
facilities, the simulation-based assessment is related to the assumption of working with an
adequate number of simulation to have sufficient depiction of vulnerability, finally, the
mathematical approach deals with extreme events seeking for the worst and best-case
scenarios. The relationship between the damage state and the functionality of the system
is described with the residual traffic capacity which is the ability for a link to carry a certain
percentage of the normal system capacity even when subject to road closure or bridge
collapse (Chang, 2010). Because seismic hazards analysis and vulnerability evaluation can
deliver insightful outcomes for decision-makers and network owners, many researchers
studied several geographical areas prone to seismic sources by applying various network
performance criteria using general methodologies. Some of them created risk curves to
predict the annual delay of the network under earthquakes (Shiraki et al., 2007), others
established a seismic risk assessment to study the expected damage to the main trucking
roads due to an earthquake scenario that will greatly harm the economic and social
activities (Mehary and Dusicka, 2012). As well, Rossi et al. (2012) developed seismic risk
analysis to evaluate multiple retrofitting cases for bridge prioritization, while Alipour et

al. (2011) evaluated the performance of deteriorating highway bridges located in high
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seismic areas. Chang et al. (2012) dealt with the vulnerability of metropolitan road network
areas to assess the ability to supply capacity for emergency services. Sarris et al. (2010)
developed a GIS-based approach based on structural and geological data in a high seismic
region in Chania city located in Greece. Specific weights were assigned to the attributes
which were verified based on the recent seismic dataset in the region. The proposed risk
map turns to be an important tool for management and control strategies in the future.
HAZUS and RADIUS which stand for Hazards U.S. and Risk Assessment Tools for
Diagnosis of Urban Areas against Seismic Disasters respectively are from the few GIS-
tools that tackle the seismic risk assessment problem through either expert knowledge or
local observations and measurements. According to Sarris et al. (2010), using the
mentioned approaches in the Mediterranean region is often difficult due to the lack of the
necessary information that must be provided sufficiently as inputs for the application.
Similarly, RADIUS and GIS were used to apply a seismic damage assessment of Sylhet
city in Bangladesh. Data such as building structures, infrastructure, and geological
information were used from recent studies presented by the local government. This can be
considered as a good starting point in seismic risk mitigation planning (Mazumder and
Salman, 2019). The seismic risk evaluation in an urban context is challenging due to
several difficulties that arise, not only from the data shortage but also from the budget and
extensive time constraints. Another study applied in Blida city in Algeria in which the
authors assessed the earthquake risk through GIS. The seismic hazard (i.e., surface peak
ground acceleration) and the vulnerability (i.e., the building fragility) were determined in
order to calculate the damages provoked by the seismic event of different scenarios (Tadjer

and Bensaibi, 2017). Liu et al. (2011) established an earthquake disaster risk assessment
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model from a historical seismic dataset to determine quantitatively major factors such as
population exposure, population damage coefficient, and the probability of earthquake
occurrence. After that, GIS through spatial analyst is used to analyze the population risk-
prone seismic events and to create the corresponding distribution map highlighting the
dangerous parts of the Wenchuan region. Karimzadeh et al. (2014) presented an assessment
of earthquake hazards, building vulnerability and human loss using a GIS-oriented
procedure for the city of Tabriz in Iran. Akgun et al. (2012) presented a landslide risk
assessment for 1zmir city in west Turkey through remote sensing and GIS techniques. The
risk map was obtained for the city by merging the hazard and vulnerability indexes which
will help the local government authorities as preliminary planning for the future. In the
same context, the resilience of road networks is also seen as a challenging topic of
paramount importance towards holistic disaster risk planning, mitigation, and
management. Therefore, Kilanitis and Sextos (2019) addressed the resilience aspects in the
case of seismic events by establishing a comprehensive and multi-criterion framework for
mitigating the overall expected losses, both direct (i.e., structural failures) and indirect
(i.e., travel delays), as well as the global social and financial outcomes in the damaged
region. Adding to that, both pre- and post-event were considered in the probabilistic risk
management framework, in order to prioritize and strengthen the pre-event systems and

boost the examination and recovery actions correspondingly.

This sub-section reports the perceived transformations in transportation systems
after major past earthquakes in most developed countries (i.e., the United States and Japan)
that have very high seismic risks and where the events data were recorded and collected.

The 1989 Loma Prieta earthquake (Mw 6.9) induced great damages in San Francesco and
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Oakland, especially in the bridge between the two cities where a segment of the Bay Bridge
was collapsed which affected the Bay Area travel. This resulted in a significant rise in
traffic volume on other main bridges after the disruptions, where the traffic on the San
Rafael Bridge intensified by 79.9% in comparison with the pre-event volume. Also, about
300,000 commuters had to choose substitute roads for approximately 3 years after the
earthquake (Chang et al., 2012). The 1994 Northridge earthquake (Mw 6.7) generated the
highest ground acceleration in the urban region of North America and is considered as one
of the detrimental earthquakes in terms of costs in U.S. history. Four motorways and
interchanges were damaged by this quake, yet because of the $1.5 trillion retrofit plan in
California, the damages to the transportation networks were not considered enormous

(Chang, 2010).

The 1995 Kobe earthquake (Mw 6.8) impacted extensively the transportation
systems in Japan more than the previously stated quakes that occurred in the United States.
This natural hazard triggered a long-term shutting down of the main elevated Osaka-Kobe
motorway which was collapsed. This affected greatly the travel demand in the whole region
including the parallel routes (Kiremidjian et al., 2007). Another earthquake hit Japan in
2004 called Niigate-Chuetsu (Mw 6.9) affected the transportation networks specifically the
Shinkansen and the expressways of the Chestsu area. Yet, the general system functionality
after the quake was fair due to the detour paths. This catastrophic event led the freight

transit and the business travel cost to increase considerably (Tatano and Tsuchiya, 2008).

In 2011, the East Japan Earthquake that struck the Pacific coast area of eastern
Japan (Mw 9.0) is considered as the largest in Japan’s history. In fact, after this disastrous

event, several tsunami waves hit the North East of Japan leading to an inundation of an
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area of 507 km?. This event damaged the Fukushima nuclear reactor and is described by
the Japanese Prime Minister as the toughest crisis in Japan since World War 11. The losses
were estimated to be 3 to 5 % of Japan’s GDP from which ¥7-9 trillion costs induced from

the social infrastructure’s damages (i.e., roads, bridges, ports, houses) (Chang et al., 2012).
3.3 Network Performance Measures

To assess the serviceability state of the transportation network in the pre- and post-
scenario, it is indispensable to pinpoint the network performance measures through a
holistic framework that compares its functionality effectiveness. These transportation
network metrics can be summarized into three appropriate measures: (1) Connectivity (i.e.,
reachability), (2) Network flow capacity, and (3) Travel time (i.e., travel delay costs). The
former two metrics are OD-independent (i.e., Origin-Destination) in contrast with the latter
that is based on OD demands that mirror the sum of vehicle or person trips between sites
and are directly related to the vehicle possession, households’ number, employment rate,
income share, zoning, and business activities. Such data can be accessed through surveys,

mathematical simulations or direct vehicle identification reports.
3.3.1 Connectivity

Connectivity or reachability analysis is one of the most applied metrics for
transportation networks and it is described as the ability to move from a given origin to a
destination node or vertex via at least an operational path or link (Chang, 2010). This
reliability of network connectivity is applied in Graph Theory which is extremely
dependable on the post-event connectedness of the network especially considered in the

post-event emergency services to mitigate probable isolation in the system. In connectivity
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analyses, the primary concern is to identify the reachable paths or the residual capacities
after a disruptive event without incorporating the traffic capacities, duration or length of
the trips (Rojahn et al., 1992). Simulation-based and analytical algorithms are two types
that are mostly used in the field of network connectivity to evaluate network reliability

(Chang, 2010).

The simulation-based algorithm is one of the most commonly used technique due
to its ease of application that incorporates the component reliabilities and network structure
as input. As an example, one of the known applied approaches in the engineering field,
when analytical algorithms are not viable, is the Monte Carlo simulation (MCS) which
produces acceptable but not exact outcomes. This straightforward approach generates
random numbers under a uniform distribution for components damage simulation of the
system; after that, the graph search algorithms are employed to identify the system node-
pair connectivity. This procedure is reiterated several thousands of times, dependent on the
network size, in order to have a steady convergence of network reliability known as the
connectivity frequencies. While MCS is extensively used and easy to implement in any
size of networks, it has many drawbacks such as the long time required for convergence
which is not controllable, the sensitivity to component reliability, and the independence
consideration of component failure. All these factors make this network reliability analysis
algorithm category computationally inefficient without the ability to regulate the accuracy
of the results. This issue could be fixed using the analytical approach especially for small-

size networks (Chang, 2010).

The analytical algorithms approach such as the decomposition methods, evaluates

the network connectivity by decomposing the complex system into several subsystems
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(i.e., parallel or series) in order to discover the relation between them. Computation of
network connectivity reliability started employing the shortest track algorithm (Kroft,
1967), then some researchers transformed the large network into simpler series that work
in parallel (Panoussis, 1974; Taleb-Agha, 1977) and others proposed a split of the shortest
path-based algorithm (Aggarwal et al., 1975); yet all these methods and others (i.e., full-
probability analytical algorithm, ordered binary decision diagram algorithm) are limited to
the small network evaluation and cannot handle large systems (Wu and Sha, 1998; Kuo et
al., 1999). Consequently, the disjoint of the shortest path proposal is improved later to
provide accurate connectivity outcomes for complex networks (He and Li, 2001; Li and
He, 2002); they implemented the recursive decomposition algorithm (RDA) that uses the
De Morgan’s rule and disjoint theorem to find the failure probability. Their method is based
on decomposing the complex system into sub-systems until no route exists between node-
pair (i.e., source-terminal) in these sub-systems; however, an estimate output with
reliability bound having a satisfactory error should be predefined due to the inability to
find all the disjoint paths in the system. To surpass the incomplete information problem
and the estimation of the network reliability with bounds, Kang et al. (2008) implemented
an easy and flexible method called matrix-based system reliability (MSR). In this matrix-
based method, if the full information is accessible, the system reliability can be identified
by constructing the event and probability vectors, and if not, the linear programming will

provide insightful results within the closest reliability bounds.

To emergency and rescue teams, of a great concern are the knowledge of probable
closure in the transportation systems and whether their reliability is interrupted. Thereby,

the aforementioned performance measure will be used later in this study, to establish the
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holistic methodology that evaluate the resilience of transportation networks and their state

in the pre- and post-event.
3.3.2 Network Flow Capacity

As an alternative to connectivity-based metrics, the network flow capacity can be
employed to assess the performance of transportation networks and the post-event failure
extent in the system. It is to some extent “in-between” the other two performance metrics.
It reflects the maximum possible flow between source and terminal nodes without
exceeding the capacity of the connecting links in the network (Ajuha et al., 1993). Some
authors used this performance metric after a seismic event to study the functionality of
transportation networks in which the maximum flow capacity was presented (Nojima,
1998; Lee et al., 2011). However, these studies are relatively minor in total comparing to
the other two performance metrics and it did not incorporate the resources restrictions and
the transportation components (Chang, 2010). However, as this thesis focuses mainly on
topological measures and connectivity indices of road and highway networks, this

performance measure is beyond the scope of this study.
3.3.3 Travel Time

Travel time or travel delay cost metric is broadly employed to estimate the
performance level of transportation networks prone to seismic risks (Nojima and Sugito,
2000; Kiremidjian et al., 2007; Kim et al., 2008; Stergiou and Kiremidjian, 2010; Zhou et
al., 2010). The stated travel costs can be estimated through the traffic assignment step used
as the fourth step within the conventional four steps of the transportation demand

estimation which involves trip generation (i.e., travel decision), trip distribution (i.e.,
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destination choice) and mode choice (i.e., travel method) (Weiner 1987). Traffic
assignment methods are widely employed in modeling the road networks flow based on a
full OD demand and commuter movement data. Accordingly, two expansive classes come
into place namely static and dynamic traffic assignment models.

The static traffic assignment model has a time-independent nature. For example,
the travel time and traffic demand in the network are constant over time, and the model
shows a steady traffic flow state in user equilibrium without the possibility of individual
change in direction to enhance their travel time (Wardrop, 1952). Hence, in the case of
seismic hazard, these parameters are considered similar to the pre-event situation.
According to these assumptions, this model can be sorted in two further categories namely
deterministic and stochastic user equilibrium model. The former model assumes that the
traveler will always select the shortest path which is practical especially in urban networks
to minimize the travel cost. However, the stochastic model is based on the driver preference
where the road choice is determined stochastically; the model is suitable for traffic planning
used most frequently in less congested areas (i.e., rural), where the shortest path could be
not the first choice (Sheffi, 1985). Static traffic assignment models are acceptable and used
in many transportation agencies for their estimation of the mean travel time in the networks
(Kim et al., 2008). This model is employed to assess the performance and functionality of
transportation networks after a seismic event based on the travel time (Nojima and Sugito,
2000; Kim et al., 2008). Although the stated static models are good in modeling the traffic
flow with inelastic demand (Werner et al., 2006), it should be noted that this assumption
does not reflect the real situation of the network especially after a disruptive event (Fan,

2006). Thus, it is necessary to account for the dynamic traffic assignment models that
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implement modification factors to the network demand and travel costs (Shinozuka et al.,
2005; Kiremidjian et al., 2007; Shiraki et al., 2007).

Dynamic traffic assignment models address the variation in road traffic parameters
that were presented in the literature through Yagar (1971). Like the static models, dynamic
ones can also be sorted in two main vast categories which are the analytical and simulation-
based models. The analytical dynamic traffic assignment models have three
methodological classifications: mathematical programming, optimal control and
variational inequality (Boyce et al., 2001). The mathematical programming stemming from
the earliest formulation of the static models (Beckmann et al., 1956), yet it has shown
intrinsic technical issues in describing the traffic dynamics factors (i.e., asymmetry of
travel cost functions and time-dependent relations of travel flow and travel time) (Boyce
et al., 2001). The optimal control model was first introduced by Merchant and Nemhauser
(1978a and 1978b) and refined later by other researchers such as Carey (1986, 1987 and
1992) and Friesz et al. (1989). This dynamic-based model employs inflow as control
variable and shows clear correlation between the exit flow and the link flow; yet it has
some requirements in order to perform multiple OD sets and give realistic flow circulation
(i.e., the exit flow function and rate must be convex and positive respectively). Adding to
that, this model remains problematic due to the concavity problems that could arise from
the first-in-first-out condition of traffic circulation and the holding-back of vehicles on
links that impact the traffic realism (Peeta and Ziliaskopoulos, 2001). The last category
namely variational inequality is more general than the first two formulations within the
analytical dynamic models; it has some flexibility in dealing with several dynamic traffic

assignment problems but still computationally intensive, bringing up difficulties of
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computational controllability for real-time deployment. Such difficulties are further
magnified especially for path-based variational inequality formulations that need a full path
enumeration (Peeta and Ziliaskopoulos, 2001). Regardless of their abilities in representing
link interactions and traffic flow circulation, traffic realism and the intractable
computational cost within the analytical dynamic traffic assignment models in the context
of complex transportation networks persist (Boyce et al., 2001). In the real-world
deployment context, complex dynamics of traffic flow in transportation networks are
evaluated through traffic simulators within the simulation-based dynamic traffic
assignment models. Such models have progressed quickly and been accepted greatly. For
instance, it is used to assess the evacuation approaches during an emergency event (Tuydes
and Ziliaskopoulos, 2006) and to ascertain the most vulnerable road sections (Murray-Tuite
and Mahmassani, 2004). After a disruptive event, travel demand could change considerably
due to the driver’s response to congestion or road closure, therefore many of them could
forego their trips. These forgone trips induce costs relative to the lost opportunities (Werner
et al., 2006). While direct costs represent the actual repair costs in the network, indirect
costs are associated with delays (e.g., detours, congestion) which can be defined as the
product of the delay in time, average vehicle occupancy and the value of time in monetary
value (i.e., average hourly wage). The product factors are relative to geographic,
demographic and preferences conditions. Unlike repair costs that can be assessed directly
after a seismic event in accordance with the network damage state, indirect costs are more
complex to estimate which keep piling up in the post-event until the recovery process is
finished and the network is totally functional. The fact that it is very challenging to have

an accurate and realistic driver road choice behavior especially in a short term emergency
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response period in complex networks, makes the estimation work through traffic
simulations very difficult, thereby travel delay costs turn to be unrealistic in the network
behavior models. As a final point, the main restrictions of simulation-based dynamic traffic
assignment models in the context of real-world deployment are summarized by the
incapability to derive the related mathematical properties and the computational burden
linked to the traffic simulator application that can be operationally limited (Peeta and

Ziliaskopoulos, 2001).

3.4 Post-Event Performance Assessment

The potential network segments closure due to a seismic event would disturb the
integrity of transportation networks and delay the evacuation teams and relief resources. A
primary concern is to identify the emergency paths and study the reliability of network
reachability that is extremely dependable on the completeness of such transportation
networks. As described, the level of performance of these networks directly after an
earthquake is related to robustness property while the ability to provide alternate paths is
linked to the redundancy property. However, main property in the post-event relies on
resourcefulness aspect which is the capacity to deliver extra resources in order to prioritize
goals. These goals should contain accelerated repair that defines the rapidity aspect of
resilience leading to an overall improvement in the network performance. Consequently,
when considering the repair costs in the network, it is vital to describe the repair strategies
employed. In the case of (A+B) bidding, bids are awarded to the contractor who can cut
the repair costs of the network damages (A) and reduce the repair time (B). So, the total
cost of the repair phase will be the total product of the bidding and daily closure cost. Also,
to ensure that the damage network will be repaired on time, incentives are rewarded, or
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disincentives are fined to the contractors if they finished ahead or behind schedule
respectively (Furtado, 2015). Another strategy used is the accelerated construction (ABC)
(e.g., bridges, tunnels) where for instance, bridge sections are constructed and assembled
off-site and after that placed on site. In fact, notable outcomes have been demonstrated
when combining incentivizes with accelerated techniques under emergency construction
and replacement (California Department of Transportation, 2008). Also, modular
temporary segments could be used until the main parts in the network is functional again.
Studies show that accelerated repair strategies help in reducing the indirect costs for the
users more than those with incentivized only (Furtado, 2015). In other words, to have a
valuable investment through acceleration techniques means to have the reduction of
indirect costs should be greater than the added repair costs. Through the repair phase, as
the physical state of the network components is enriched, the associated indirect costs
declined considerably. After an earthquake, the indirect costs will be the dominant
accumulated costs in comparison to all the additional repair costs and incentives. Hence,
this enlightens the importance of being sufficiently resourceful to at least accelerate the
reparation on the most critical links in the network and avoid in that way the burden of

large costs.

This chapter provides a review of the major pre-event retrofit activities and
techniques to strengthen the network components. Disruptions in these networks are
directly related to the functionality of their structures especially in risk prone regions.
Seismic risk analysis and decision-making in disaster management of transportation
systems are particularly challenging because it requires the assessment of system

performance of transportation networks and their components. This entails the
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characterization of physical damage of network components and system response to any
given events. Relevant literature review for three major categories of performance metric
is presented to highlight their computational methodologies, applications and limitations.
Yet, due to data insufficiencies of travel demand in normal condition and the lack of
information of such data on previous post-events records, OD demand-dependent metric is
not used in this research. Instead, the reliability of network connectivity is applied
reflecting the post-event connectedness of the network to mitigate probable isolation. Post-
event performance assessment highlights the importance of being resourceful enough and
focuses on prioritization of the utmost critical network components to reduce the recovery

time of the system.

36



IV. NETWORKS IN TRANSPORTATION SYSTEMS

4.1 Introduction

Transportation networks entail fundamentally nodes and links. Their properties can
be effectively assessed through Graph Theory which is employed by many researchers who
applied its principles to study networks (Buhl et al., 2004; Adachi, 2007; Hu et al., 2011).
The topological characteristics applied are used clearly from the fundamental principles of
Graph Theory in order to realize consistency and reliability in quantifying the network
resilience which reflects the degree of preparedness of the system to extreme hazards.
Resilience and real networks are best described through topological properties included in
Graph Theory due to its ability to define the whole network characteristics along with the
contribution of each of its components. Resilience is reliant on the network configuration,
vulnerability, and adaptive capacity. The latter parameter is close to the concept of system
flexibility that is the ability to simply adapt and adjust during and after a disruptive event
while preserving the network functionality. Civil infrastructure systems are not all flexible.
For instance, while road networks and highways can have alternative routes, railway
systems are less likely to have it after a disturbing event. This raises the question of how
the resilience of infrastructure can be evaluated and enhanced by the decision-makers and
public authorities. The utmost phase is to recognize the most critical network constituents
by ranking them by their level of importance. Some researchers suggested a ranking
robustness index for the most critical network components (Scott et al., 2006; Cimellaro et
al., 2011). In order to study the properties behavior of network topology, Cimellaro et al.

(2011) employed a cluster coefficient and betweenness centrality as a means to quantify
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the local connectivity and nodal centrality respectively. Network topological properties
should be further investigated to find their behavior against network attacks. Thus, a
comprehensive literature review of the principals and practices of Graph Theory was

executed.
4.2 Historical Review

Historically, network studies were launched by Leonhard Euler in 1736 when he
published the solution to the Konigsberg bridge problem that consists in finding a round
trip to cross the seven bridges of the Prussian city exactly once (Barabasi, 2003; Boccaletti
etal., 2006). Vertices were assigned to land and edges are considered to replace the bridges
(Figure 4.1). He proved that there is no way to cross all bridges at once. Other studies in
the field appear in 1959 with Erdés and Rényi who established random networks theory
and presented probabilistic approaches to validate the presence of graph properties (i.e.,
connectivity) (Duefias-Osorio, 2005). Later, the birth of a new movement of interest has
been witnessed during the 1990s tackling the study of complex networks (Boccaletti et al.,

2006).

C

B

Figure 4.1: The illustration of Konigsberg bridges problem
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4.2.1 Random Graphs

The elaboration of the random graph constituted a major improvement in Graph
Theory (Figure 4.2) where it is one of the important evaluated graphs for simulations. The
presence of a certain vertex is based on a probability p. The degree distribution is based on
the number of vertices in the graph where it usually follows a binomial distribution (i.e.,
the probability that certain link exists is the same for all other edges) unless the presence
of a large number of vertices, then a Poisson distribution takes place. The study of such
graphs includes generating a graph in various phases in an increasing p order. In addition,
a certain graph characteristic is followed, and the associated transitioned probability p
becomes the focus of the study. In random graphs, there are numerous modified clustering
coefficients that reflect the likelihood p that two vertices are adjacent. This likelihood is

greater in real networks than in random graphs (Testa, 2015).

Figure 4.2: Erdés-Rényi random graph (Narayan et al., 2012)
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Random graphs can be changed into generalized forms to be more realistic, but such forms
lack the transitivity feature which is very problematic to be introduced within the random
networks due to the existence of loops. In the beginning, due to the ambiguity in complex
networks properties, random networks were employed to analyze it. Although random
graphs and their properties are not like the complex networks, one of the few things that is
shared is called the small-world effect (Albert and Barabasi, 2002). The small-world model
is applied to study different path methods (i.e., percolation). According to Newman (2002),
the network exhibits small-world effects when the average shortest path is in a logarithmic
scale or slower with network size for a fixed mean degree. Understanding the basis of many
graph properties is a challenging task especially in the complex graphs that need distinct

analysis.
4.2.2 Complex Networks

The significant growth in network complexity and dimensions like the Internet
example (Figure 4.3), imposed a modification in the conventional analytical approaches
using a different set of properties. This divergence can be recognized in the degree
distributions where real networks act as heterogeneous graphs with power degree
distribution, whereas homogeneous graphs possess a uniform degree distribution. Due to
the importance of dynamic characteristics that network topology holds (e.g., response to
failure), it becomes crucial to use complex networks (Boccaletti et al., 2006). These
complex networks are usually designated as sparse for their sizeable scope. Scale-free
networks were the primary models to imitate power-law distribution. These models are
applied to define graphs with matching functional arrangement at all scales. While
sociological, technological, and biological studies are most of the time described as
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heterogeneous with short paths and high local clustering, civil infrastructure studies (e.g.,
roads, telecommunication, power networks) are more effectively modeled through small-
world and scale-free networks (Cimellaro et al. 2006). The topological aspects of three
complex networks (i.e., highway, Internet, and flight networks) were examined by Gastner
and Newman (2006). They found that all studied networks show preference to short edges
over long ones. In specific, highway networks possessed much shorter edges, lower
degrees and larger diameter than the other networks and this is explained by the planar

nature of highway networks.

Figure 4.3: Complex network example of the Internet (Dezso et al., 2006)



4.3 Fundamental Concepts of Graph Theory

4.3.1 Definitions and Terminology

Understanding of topological perspectives on Graph Theory is of utmost concern,
thereby an outline of the core meanings and keywords are presented. A Graph consists of
two fundamental components called edges or links and vertices or nodes. Graphs and
networks are two diverse terminologies that denote the same concept, yet the latter is
usually used as real examples of the former. The main graph properties can be found out
through the associations and localities of vertices and edges. A network is described as a
broad inclusive term that can encompass various types of edges and vertices, loads and
directions. Graphs can be categorized into several types from which: directed graphs (i.e.,
digraphs) can be cyclic or acyclic (i.e., with or without closed loops), hypergraphs are those
graphs with hyperlinks (i.e., links attached to more than two edges), and bipartite graphs
(i.e., two-mode graph) enclose two dissimilar sorts of vertices where edges commonly
cannot join two vertices from the same set. Vertices and edges collections can be described
as the subsets of the central graph namely subgraphs. In road networks analysis, the
characteristics of a path between two vertices are of distinct significance where it is defined
as the orderly arrangement of edges required to move from the origin to the destination
vertices; the cumulative edges included will constitute the path length (i.e., distance) which
is always described as the shortest path. In case no route joining is two vertices, the length

is considered as infinite.
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4.3.2 Graph Theory properties

Graph theory topology is extremely dependent on numerous measures of
connectivity which is tied to the physical and structural properties of the graph. The
network topological properties can be used to quantify the efficiency of network
functionality (Cimellaro et al., 2011). If these measures are linked with the network flow
properties, then it will be described as topology-flow effects. Connectivity is strictly
correlated to the intra-dependencies of the network which is defined as the adjacency and
smooth flow between vertices through edges. Connectivity holds many levels, yet a
complete graph possesses the uppermost one in which there is an edge between every
couple of vertices. Accordingly, retaining a specific level of connectivity is compulsory to
sustain the functionality or serviceability of the network. The network nodal degree
measurement determines the sum of vertices to the sum of edges per vertex |[E(v)|. The
average network nodal degree is a computation of the system connectivity by considering
the mean of the number of edges connected to every vertex. The degree d(v) for one vertex
is described through equation (4.1). In addition, the network average degree is defined in
equation (4.2) where it is equal to the sum of all nodal degrees divided by the total number

of vertices in the network (Duefias-Osorio, 2005).

d(v) = [EW)| (4.1)
d(G) =y Zvev d(v) (4.2)

The features of graph topology are usually counting on the law followed by the degree
distribution. These features depend on px, the ratio of vertices that possess a degree k and

the probability that a random vertex has the degree k. An illustration of the degree
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distribution can be generated simply through collecting all the vertex degrees into a
histogram; yet the analytical value of this representation can be low for complex networks,
therefore it is essential during the generation of such histograms to consider modifications
by augmenting exponentially the bin sizes to lessen the noise dominant in large networks
or plotting the cumulative distribution function that reveals the probability of having the
degree greater or equal to k. The illustration of cumulative distribution via a log or semi-
log scales eases the determination of the power-law and exponential distribution; yet in
some cases like in the directed graphs, networks have two sets of degrees (i.e., the in-and-
out degrees) which must both be carefully included in discovering the degree of the system.
Similarly, in bipartite graphs in which two different sets of vertices exist and edges are
connected only vertices of different set category, a degree of distribution is held for every
vertex category (Newman, 2003). In general, the supreme degree value is contingent upon
the network scope and can be created by various operations of the cumulative degree

distribution.

Clusters are described as subgraphs of vertices that are strongly attached where its
existence reflects how perfectly the network behaves as a system. When all the vertices
designate a complete adjacency, the cluster is namely a clique and it is considered as the
most powerful cluster category. The computation of the local connectivity along with the
transitivity property of the considered graph is achieved through the clustering coefficients
which are appropriate means to calculate the local clustering of graph components into
neighborhoods. The network transitivity indicates that if a vertex v1 is joined with a vertex
vz which is adjacent to a third vertex vs, it says that there is a high probability of adjacency

between vy and vs. This likelihood is denoted as the clustering coefficient and rates the
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concentration of transitive triangles in the network. A neighborhood of vertex v is referred
to as I'(v) and is principally a subgraph contained the vertices adjacent to v but excluding
it. The clustering coefficient rate ranging between null and unity reveals the linked share
of v neighbors (Equation 4.3). |E(TV)| represents the number of edges in the neighborhood
of v whereas the number of possible edges in I(v) is denoted in the denominator in the
following equation (Duefas-Osorio, 2005).

_ |E(Tv)]
Vv 0.5 d(v)(d(v)-1)

(4.3)

The combination of graph components into more isolated neighborhoods is described as
the creation of clusters that can take place in various network simulations. Figure 4.4
illustrates two clustering cases of central vertex v where the left-side network shows a null
clustering coefficient in contrast with the right-side one where it is highly clustered; this is
based on the degree of connection of the neighboring vertices to the considered vertex.
Based on specific network components properties, clusters are expected rather than being
arbitrary collections of vertices. For instance, in social networks, homophilic nature is
defined as the tendency of people to be attracted to others with similar race, gender, age or

income, thereby the vertices and edges are divided into communities (Testa, 2015).

One of the significant concepts used in transportation networks is the shortest path.
The traffic moving through edges based on the vehicle trips constitutes the flow of the road
network which is reliant on the OD pairs data along with the shortest path between them.
In order to compute the shortest path between vertices, many approaches come into place,

yet all revolve around the same fundamental practice.
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Figure 4.4: High clustering (right) versus zero clustering (left)

In equation 4.4, n signifies the network vertices number. Beginning with vertex i while all
the remaining is set unused, the distances to each vertex neighbor by an edge is detected.
More distances are considered as the algorithm moves further to other neighborhoods.
When shortest paths are determined, all other detected distances are substituted and
therefore, all vertices in the network are valued to check the shortest way to get from vertex

i to another j.

lG:

1 .
mzi# a(i, j) (4.4)

The most significant critical vertices can be identified through measuring their

centrality with the betweenness centrality described in equation 4.5.

9@v,J)
by = Lisvej 5y (4.5)

The numerator in this equation defines the number of shortest paths from vertex i to j
passing by v whereas the denominator designates the total number of shortest paths
between i and j. The value of betweenness centrality can be assessed through all vertices

in the system in order to choose the adequate directions for resources and take
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resourcefulness actions accordingly. Using this measure, edges and vertices can be
classified corresponding to their functions in topology. Therefore, the likelihood of
overlooking imperative vertices that may be critical bridges between regions is prevented.
In this context, ranking network components forms the former pace in expecting response

to the exclusion or breakdown of components.
4.4 Resilience Quantification via Network Properties

Resilience is described by various aspects which can be measured by different
elements defined in the previous section of this chapter. Through nodal and average
degrees, the degree distribution is formed which is vital to the vulnerability assessment of
network failure (i.e., vertex and edge failures). The robustness of the network is bonded to
the degree distribution of all vertices in the system. The classification of this distribution
(i.e., homogeneous or heterogeneous) can reveal the damage level of the network after a
disastrous event. Noticeably, the nodal degree process is usually the former phase in
determining further factors (e.g., betweenness). The significance of vertex relative to edges
in a system is highlighted by the analysis of betweenness centrality. Vertex elimination
potentially disturbs numerous edges specifically those attached to it. Yet, edge elimination
impacts mainly the serviceability of one edge. Thus, network performance is highly
dependent on the network vertices stability. Ranking vertices based on betweenness
centrality makes the quantification of resilience after a disruptive event possible. Incidents
that lead to high-ranked vertices failure are evidently more detrimental than those of lower
importance. Real networks combine generally other smaller networks namely clusters
which can offer evidence about the local redundancy of the network. In other terms, clusters
assessment via clustering coefficient can aid in resources prioritization and enhancement
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of the most critical zones in transportation networks. The clustering coefficient represents
the network connectivity status which is described sometimes as the regularity or locality
of the system. With such graph properties circumstanced by measures appropriate to

resilience aspects, the network resilience is well comprehended.

A challenging argument concerning network topology specifically the importance
of nodal degree in quantifying network resilience, is pinpointed by Holme et al. (2002).
This implies that not only high-ranked vertices are important but also low-ranked ones
which can act as a major bridge in joining critical clusters. Accordingly, this issue should
not be ignored during network resilience assessment in order to avoid unsteadiness in the
average shortest paths due to nodal elimination. Goh et al. (2002) consented that high-
degree vertices are expected to possess greater betweenness and revealed that the power-
law distribution of betweenness centrality is prevalent in scale-free networks. Generally, it
is supportive to illustrate and compare the correlation between vertex degree and
betweenness through some types of network models. A similar measure with an equal
pattern called network robustness index was employed by Scott et al. (2006); the utmost
variance between the used index and capacity is within networks that hold low
connectivity. They discovered that attacks that are local and global based on vertex degree
and betweenness respectively, are leading to a more ineffective process. Duefias-Osorio
(2005) focused on the redundancy as a crucial measure of the network resilience and
determined the vertex redundancy ratio Rry (Equation 4.6) through the number of routes
between each vertex and the neighborhood of its neighborhood. Consequently, the capacity

to control and reshare the local disruptions will influence the global stability of the system.
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Otherwise, imminent cascading failures, traffic congestion, and extensive economic losses

will arise to the networks.

1
Rpy =—5—= [(v,j 4.6
Rv = ([S] = 1)2 ]EVZ(I;Z) ,)) (4.6)

This complex ratio designating the redundancy ratio is specific for one vertex. 1(v,j) defines
the number of vertex-independent paths between v and j. I'Z is the neighborhood of all the
edges in the neighborhood of v; in other words, this describes the sum of vertex-
independent paths going through the stated vertices and every vertex in the neighborhood
of neighbors. The denominator represents the independent paths between v and the
complete graph S joining v, T, T2 . Finally, to get one representative ratio of the whole
system, all vertices ratios are ordered, and the median is chosen as the redundancy ratio of

the network.

Connectivity of the network is measured also by three indices that follow the
network theory and define the number of vertices, edges, and cycles. The indices called
alpha, beta, and gamma can provide information about the redundancy of graph

connectivity (Testa, 2015; Furtado, 2015).

u

a= ,a € (0,1] (4.7)
! 4.8
p== (4.8)
= : 0,1 4.9
Y =3m=2) v €(01] (4.9)
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Equation 4.7 shows the alpha index which describes the ratio of the number of cycles over
the maximum number of cycles in the network. A cycle is defined as the succession of
edges that start and finish at the same vertex without reusing edges. Generally, higher
values of alpha indicate more probable routes to take between vertices in the network.
Equation 4.8 expresses the beta index which describes the number of edges over the
number of vertices in the network. While simple networks show results less than one,
complex systems have typically values exceeding one. Networks in which each vertex is
joined but only have one cycle have unity value. Equation 4.9 shows the gamma index that
considers the fraction between the number of edges and the ultimate probable number of
edges. When each vertex is directly joined with each other vertex without transitory one,
the gamma rate will be equal to unity. Even if it would be unlikely, this evaluation provides
a fair insight for comparing the connectivity level in the network with the ultimate
theoretical one. Through these indices, u, I, and n are the number of independent cycles,
edges, and vertices respectively. The straightforwardness of these algorithms turns them to
be convenient to determine many trials by comparing the level of connectivity of several
networks and evaluate the consequences of adding extra edges or vertices for network

enhancement.

Networks exhibit a distinct topology which depends on the structural configuration
and the type of flow transported. In the case of transportation networks, their topology is
more like a mesh structure. These networks are spatially restricted to planar models which
limit the potential of connecting some adjacent pairs of edges. This is mainly due to the
constraints of the costs associated with connecting them. Accordingly, to consider the

planar nature of the networks, a new coefficient is offered namely the meshed coefficient
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(Equation 4.10) entailing a fraction that describes the number of faces to the extreme
possible number of them. Through it, m and n designate the number of edges and vertices
respectively.

yot

fmax

Jf=m—m+1and fg, =2n—5 (4.10)

It is essential when measuring the network efficiency, on the macro, micro or average
levels, to study the geometric properties (i.e., path lengths) along with the topological ones
(i.e., paths number). Adding to that, the network size is directly related to the overall
efficiency and meshedness; as the former goes up, the latter aspects increase. Accordingly,
evaluating the main network components for various vertex removal after a disruptive
event reflects the fragility degree of the network (Testa, 2015). Buhl et al. (2004)
considered the cost of enhancing the resilience of the network through the geometric path
length defined in equation 4.11. Where the numerator indicates the subtraction of the length
of the minimum spanning tree from the total network length, and the denominator describes
the subtraction of the formerly stated length from the length of the greedy triangulation. To
end with, slight growth in the mentioned cost can radically boost the efficiency and

robustness of the network paths.

L —-L
c = LExp~Lust (4.11)
Lgr—LmsT
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4.5 Evaluating Network Response to Failures

45.1 Networks Failure Modes

The main failure modes that impact the interdependent networks can be classified
into three classes: parallel failures, escalating failures, and cascading failures (Rinaldi et
al., 2001). Escalating failures arise when an existing failure or interruption in one system
can adversely impact or intensifies the disruption of the functionality of an independent
second system. Parallel failures or common cause failures occur when two or more systems
are disrupted or failed at the same time due to the same triggering hazards. Cascading
failures occur when certain network element is failed, and it is essential to reallocate the
load that was supported by the failed element to other elements in order to maintain the
functionality; yet, this distributed load can induce more disruptions to other elements due
to overload and in that way, the damage still propagate until the load cannot be reallocated
anymore (i.e., blackouts). Many researchers have focused on studying the impacts of
cascading failures on the system especially in telecommunication and water distribution
networks (Duefias-Osorio, 2005; Blume et al., 2011; Zio and Sansavini, 2011; Shuang et
al., 2014). Power networks are an example of heterogeneous networks that possess a quite
uniform distribution flow and are considered vulnerable to cascading failures particularly
if the damaged element was transmitting a high flow. According to Jiang et al. (2005),
cascading failures should be assessed in transportation systems which are well-
acknowledged as heterogeneous networks. Similar to Duefias-Osorio (2005) study in
which Monte Carlo simulations were applied to discover the probability of power system
component failures, Blume et al. (2011) used a probabilistic approach to assess the

resilience of networks under cascading failure event focusing on the network topology
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characteristics. It is explained that every vertex v has a limit I(v) where the failure mode
exists if there are minimum failing I(v) neighbors which are based on probabilistic
distribution. As revealed in the previous studies, cascading failures and other categories of
propagating failures, are not only dependent on network topological measures (e.g.,
connectivity, centrality) but also it combines network flow features (i.e., demand) (Shuang
et al., 2014). Yet, as this thesis focuses mainly on topological measures of road and

highway networks, cascading network flow is beyond the scope of this study.
4.5.2 Removal Methods in Graph Theory

A crucial question arises when considering network elements under disruptive
hazards: what would occur to the system in the absence or damage of a specific component?
To answer this question, one should first identify the system components and its
importance relative to system performance and functionality. This shed the light on the
policy applied for the systematic removal of network components known as the method of
removal of vertices. After each vertex deletion, variations in topology and performance
conditions should be taken into consideration through the vertex rank-ordering update
process. Four major removal methods are defined showing the importance of vertices under
various types of disruptions (e.g., random or targeted attacks, overload): vertex degree
rank-ordering, vertex betweenness rank-ordering, transshipment flow rank-ordering, and
random removal (Duefias-Osorio, 2005). While the first method involves topological
knowledge of the networks centered on the connectivity, the second method deals with
position and function that every vertex has in the produced, transmitted and distributed
flows. The third method is the most comprehensive between the four methods, and it

requires information about the flow capacities of all network components along the costs
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associated with these flows grounded on Euclidean distances. The fourth and final method

works as a complement to the previous removal processes.

The fact that real networks expand and operate under less ideal conditions and
atmospheres, let the researchers be interested to examine the resilience of such networks
under removal policies. This resiliency is assigned to the inherent redundancy within such
complex systems and it is described as error tolerance which is specifically vulnerable to
targeted attacks (Albert et al., 2000; Barabasi et al., 1999). Barabasi and Albert (1999)
applied vertex removal (i.e., targeted and random) over two real-world networks (i.e.,
Internet topology, World Wide Web WWW) which possess both nearly power-law degree
distributions; they deduced that the mean vertex to vertex distance was noticeably impacted
by targeted removal only. Similarly, Albert et al. (2000), concluded that the connectivity
of heterogeneous network (i.e., scale-free network) is extensively reliant on few numbers
of high-connected vertices that any damage to them can considerably alter the topological
nature of the network; in contrast to homogeneous networks (i.e., Erdds—Rényi networks)
where random and targeted attacks show comparable response in terms of the average
shortest path changes. Barrat et al. (2008) concluded that heterogeneous networks are very
robust to random attacks in distinction with targeted attacks that hit the most critical
vertices and edges in the network; they applied the initial degree distribution removal and
the recalculated degree removal techniques through the targeted attack process. Holme et
al. (2002) revealed that even if scale-free graphs are well resilient to random attacks, though
are extremely vulnerable to targeted failures, differently from random and small-world

graphs that have a similar likelihood to failure for random or targeted attacks.
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The Percolation Theory is a method in which vertex and edges are described as
randomly functional occupied or unfunctional (Newman, 2002). This theory has turned to
be a central part of Graph Theory due to the linkage with the resilience concept and the
ability in simulating network disruptions. It consists of two forms: site percolation (i.e.,
vertices) and bond percolation (i.e., edges). Considering random network, the likelihood of
functional vertices where edges are joined only to them is denoted by p. Thereby, the
likelihood of an edge to be functional has similar p. Generally, grid network is used in the
analysis of Percolation Theory. In addition, as this likelihood goes up, the clusters in the
network rise. Another bound at which infinite clusters appear for various sizes are denoted
by pc. If this latter probability is larger than p, there is no presence of global connectivity
and an infinite cluster takes place; yet if the bound is smaller, then the inverse is true.
Percolation theory is extremely related to the fragility concept. As defined by Duefias-
Osorio (2005), the concept of fragility represents the vulnerability of a system to failure
given particular degree of disturbance. This theory has opened the door to foster easy but
effective dynamic models to predict cascades on networks. This is accomplished by using
simple limits within random graphs to recognize the interaction of network components

based on their neighbors’ state (Watts, 2002).
4.6 Graph Theory Implementation in Transportation

The planning developments for urban transport have concentrated on the formation
of urban networks categorized by high connectivity and interrelation between their
constituents which can balance the supply and demand for mobility. Yet, this dependence
can cause significant vulnerability and damages in terms of components disconnection,
thus lower the efficiency level. Candelieri et al. (2019) concentrated on public
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transportation networks to analyze and assess vulnerability and resilience in terms of
flexibility and the ability of the key functions to persist in the presence of disruptive events,
targeted attacks, and cascading failures. Their study is based on a topological approach
through using Graph Theory in order to measure the vulnerability after the loss in
connectivity and efficiency of the urban networks. Due to the variations in the
transportation networks, another study is done through focusing on the changes in traffic
flows by implementing a novel approach called Networks in Networks (NiN) which helps
in encoding multiple data from topology, paths, and OD information, all within one steady
graph system (Hackl and Adey, 2019). A recent study approximated the betweenness
centrality to determine the key nodes in a weighted urban complex transportation network
(Liu et al., 2019). The results of the simulations presented a high accuracy and efficiency
in computation in a relatively short amount of time, and it can be used to support decision-
makers for planning, managing and optimizing urban road networks and traffic. De Montis
et al. (2010) used complex networks analysis based on Graph Theory to compare between
commuting systems. By a limited number of variables and without modeling the properties
of every element within the system, Graph Theory provides a global characterization of the
studied features of the system at a given degree of accuracy. Other researchers focused on
transportation networks resilience through identifying the most crucial links in the system
for which resistance should be amplified to mitigate disaster risk. However, such reliability
estimation on resiliency is conducted under sensitivity and uncertainty analyses (Soltani-
Sobh et al., 2015). An application of the Graph Theory to determine the structure of a metro
system was conducted where new indicators are implemented such as routing degree, route

connectivity, average link per link, intensity, and density of the route. This study could be
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applied to assess other metro networks as well as for preliminary design analysis (Stoilova
and Stoev, 2015). Mussone and Notari (2017) depicted the transportation infrastructure by
a planar connected simple graph and analyzed the graph properties through structural
indicators to study the features of the system. Aydin et al. (2018) integrated stress testing
with the aid of Graph Theory to evaluate the resilience of urban networks under seismic
events. Their research involves five steps starting with establishing a scenario set of
potential seismic damage range in the network, then assessing the resilience through graph-
based metrics and topology-based simulations in order to determine the corresponding
variations, finally, the resilience of these networks is examined based on the spatial
distribution of their critical components as well as the overall network topology.
Shanmukhappa et al. (2018) studied the topological behavior of the bus transport network
in Hong Kong, London, and Bengaluru. Also, Guze (2015) applied Graph Theory
parameters and algorithms as a means to assess and optimize transportation systems.
Demsar et al. (2008) implemented a mathematical method that combines a dual graph
modeling with connectivity analysis and topological measures to model the vulnerability
risk of the network components, and thus, the spatially distributed critical locations were
determined. Zhang (2017) evaluated the performance of bus networks in a structural
analysis through the use of Graph Theory and complex network theory indicators. Tran et
al. (2019) studied the robustness of the Vietnam bus network through a complex network
analysis where they surveyed some robustness measures such as the average path length,
the average clustering coefficient, the global efficiency and the size of the largest cluster.
In their research, five critical nodes were identified, and the system was found to be robust

against random failure but vulnerable to targeted attack which is following its scale-free
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nature. Other researchers concentrated on the changes in both single and integrated systems
to determine and compare the topological characteristics of complex transportation
networks, and therefore they drew insights for enhancing their performance (Hong et al.,
2019). Ahmadzai et al. (2019) evaluated and patterned urban road networks highlighting
the significance of nodes and road segments in a GIS-based approach. By using GIS, the
authors have prepared the data, modeled and generated the integrated graph of the natural
road network, and measured the centrality parameters. Their method showed accurate and
helpful findings. Another graph-based model study was applied using GIS to provide
insights into geographic network analysis. The mathematical model which is based on
empirical study addressed subjects such as geo-computation, geographic networks, and

graph-theoretic measures (Morgado and Costa, 2014).

Transportation networks consist fundamentally of nodes and links. Their properties
can thus be effectively measured with Graph Theory: the study of networks and the
relationships between their components. Consistency and reliability are achieved through
directly deriving the topological properties from the fundamental theories of graph. These
topology measures defined earlier in this chapter, translate best to networks and their
resilience. In fact, this makes them convenient for their flexibility in defining the overall
network properties and the contribution of each network component. After reviewing the
vertex removal techniques, those related to degree and betweenness rank-ordering along
the random removal will be applied to study the network response to targeted and non-
targeted attacks. Most of the reviewed topological measures will be determined across
simulated network scenarios. Thus, a concrete resilience quantification is achieved

reflecting the preparedness level of the transportation network to extreme natural events.
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V. METHODOLOGY for RESILIENCE EVALUATION of
SPATIALLY DISTRIBUTED NETWORKS under
SEISMIC VULNERABILITY: Case Study of BEIRUT

5.1 Resilience Assessment Methodology

After the extensive literature review presented in the previous chapters, the
topological approach turns out to be a suitable method for analyzing the resilience of
transport networks, specifically those networks in developing countries that possess a
limited capacity in case of data availability and records. Graph-based techniques through
Graph Theory are quantitatively evaluated and analyzed to investigate the robustness,
redundancy, vulnerability and thus the resilience of the system. The examination of the
resilience concept in terms of the spatial distribution of critical network components is
applied through G1S-based approach where the road networks are evaluated via spatial and
statistical configurations. GIS is a suitable software that provides a tool for integrating and
managing spatially distributed information. Accordingly, it is imperative to collect and
prepare the necessary data and maps. The first and vital dataset needed should be in the
form of shapefiles of natural road networks. The ESRI Open Street Map (OSM) and Google
Earth visualization are used in combination with the main road networks. Adding to these
data, building inventories (e.g., localities, area, density, emergency centers), generalized
geological map, seismic map, topographic map, and traffic network data need to be
compiled. The shapefiles of the area of interest must be updated and corrected along with

the required georeferenced features, attributes, and projection system.

As stated in Chapter 4, topology is defined as the connectivity and arrangement of

the network. Road transport networks possess several definite topologies describing their
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assemblies in terms of nodes or vertices, links or edges, paths, and cycles. Accordingly, a
real transport system is represented in the form of a network or an abstract graph, which
are denoted by G=(V,E) comprising a set of vertices V= (v1, V2...Vn) and a set of edges E=
(e1, €2....em). Roads can be characterized as motorways, primary roads, secondary roads,
tertiary roads, unclassified, bridges, and tunnels. This characterization is based on the road
width and speed limit. GIS applications including ArcGIS Network Analyst Extensions are
employed to import the shapefile that has a line feature into the feature dataset of
geodatabase for the aim of generating network datasets. The centrality toolbox called the
Urban Network Analysis toolbox (UNA) is utilized to compute certain important network
analysis properties from betweenness and straightness (Sevtsuk and Mekonnen, 2012).
Betweenness centrality represents the number of times that a node lies on the shortest
routes between pairs of other accessible nodes in the graph. Straightness is defined as the
closeness degree of the shortest path between certain node and all other nodes that are
within the chosen radius and how it resembles the Euclidean distances (Vragovi¢ et al.,
2005; Porta et al., 2005). This toolbox incorporates significant features related to spatial
network analysis that account for geometry, topology, network elements (e.g., nodes and
links), and spatial units (e.g., buildings). It is used by planners, geographers, analysts and
others who are working on the spatial structures of urban areas and its associated social,
economic and environmental developments. UNA toolbox requires an ArcGIS 10 software
along with the network analyst extension. The calculation steps that are followed through
UNA application are shown in Figure 5.1. The creation of all network dataset files, and the
needed conversions forms the structures needed for the assessment. These structures

comprise all the junctions that represent the nodes and the links that represent the roads.
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Before considering any scenario analysis, the planar, connected, undirected, and
unweighted original network graph is assessed, and the general graph properties are
determined. At this point in the approach development, the interest is in undirected and
unweighted graph even though the weighted graph will be considered in the upcoming
scenarios. The directed networks are out of the scope of this work considering that people
tend to disrespect traffic directions, especially in developing countries, in case of
emergency scenarios after an extreme event. The process of assigning weights to nodes
(i.e., junctions, crossroads) or links (i.e., road segments) is directly related to the points of
interest (e.g., key locations, roads characterization) in the simple connected graph

considered.

The degree distribution of the original network is evaluated to reveal significant
properties related to the network nature. This is a significant property to estimate the
vulnerability of a graph network. As discussed in previous chapters, the aforementioned
degree is dependent on the probability p(k) that a randomly selected node has a degree k.
Both the degree distributions of a random graph and a scale-free graph are studied. Then,
a goodness of fit test is applied to verify which distribution the network was fit in
accordance with the normalized mean square error. Also, the trend of the degree correlation
of the network is determined. It is similar to the degree of distribution where the probability
that the nodes connect to other ones with comparable degrees is measured. The general
graph properties that are first applied to measure the redundancy of the original graph are
the connectivity indices which are defined by the alpha, beta and gamma index, and other
classical and descriptive parameters. These indices are dependent on the number of nodes,

links, and cycles existing in a network. In addition, the average nodal degree is one of the
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central properties to trace that represents the connectivity of the network and aids in
comparing the ease of commuting between different distribution network types. As the
average nodal degree defines global connectivity, local connectivity should be also
measured. This is performed through the clustering coefficient which translates the degree
of local redundancy and connectivity of the network. The clustering mirrors the existence
of nodes assembled in delineated neighborhoods that are unreachable from the core
network. For relatively local routes, clustering reflects the availability of substitute routes.
Another parameter is considered which is called the average betweenness centrality that
can reveal the level of relationship to the significance of a node to the network. This
parameter is independent of the number of links associated with a node, yet it focuses on
the number of shortest paths that are connected to the node. In transportation networks, the
determination of the shortest paths is very important and critical for users to direct
resources from certain origin to a specific destination. Hence, the average shortest paths
are assessed which reflects the network property gauging the redundancy of the system.
The smallest combination of links from an origin node to the desired destination node
designates the shortest path in the graph network. Through Graph Theory, all the
components of the graph network are reviewed in order to measure all the possible paths

combinations and ascertain the shortest paths.

The graph-based model is subject to manipulation by random node removal and
adjacent links removal separately. These fractions of nodes or links are simulated in
random events that would lead to failure in different structures of the network.
Subsequently, the stated topological properties are evaluated as the removal fraction

escalates in order to examine the system properties trends. Through this evaluation method,
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the effects of various random failure scenarios can be illustrated and analyzed. Likewise,
the degree distribution changes are inspected during each scenario at every removal
fraction. The analysis described above is repeated to analyze vulnerabilities of
transportation networks with respect to the removal of some of their components according

to the ranking of their average degrees and centrality measures.

Vulnerability measures are determined as the reduction of connectivity and
efficiency relating to several natural disruption events while considering the seismic
features, geological and topographical characteristics, environmental sources and impacts,
traffic networks data, buildings areas and neighborhoods, and population distribution and
density. Thereby, vulnerability measures are determined from topology-based simulations
that are applied to the case of weighted structures of the network by deleting randomly a
portion of the nodes and links. Similarly, the removal process is repeated under the
condition of targeted failure mode based on each considered scenario where the effects of
both modes of removal are compared and interpreted. After considering each scenario
according to the available features, illustrations are merged to highlight the hotspots and
most critical network structures. Such structures are examined by their specific topological

magnitudes according to their relative importance within the system performance.

The elaborated methodology that relies greatly on mathematical theory is combined
within a spatially distributed assessment of the transport networks. Depending on this
application in mind, the topological approach is best applied due to its limited data
hungriness. The straightforwardness of this procedure makes it computational realistic to
assess the performance of such systems under successive random or targeted attack

strategies of nodes or links. As mentioned, by pinpointing the key components of the
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studied system that are considered potential sources of loss due to natural hazards,
decision-makers can accordingly prioritize the riskiest parts of the network and optimize

the use of the existing resources.

STEP 1: Adjacency matrix construction

STEP 2: Graph construction

STEP 3: Node weights retrieval

STEP 4: Centrality computation

STEP 5: Results table writing

STEP 6: Results display

Figure 5.1: Calculation steps of UNA toolbox

5.1.1 Methodology Phases of Resilience Quantification

e Phase 1 A: Data Collection, Preparation and Correction

1) Data Collection: Shapefiles and Maps: Administrative (border, governorates, caza),
Streets, Building Inventories, Geology, Seismic, Traffic Network

2) Preparation and Correction: Review Network Polylines (convert features to lines,
overlays, missed and false connections), ESRI OSM, Google Maps

3) Framing the Study Area (boundary buffering)

4) Geoprocessing, Georeferencing (projection system)

e Phase 1 B: Primal Graph Modeling and Generation

1) Graph Generation (create file geodatabase, feature class, feature datasets)
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2)

1)

2)

1)

2)

3)

4)

5)

1)

2)

3)

Modeling Network Datasets (nodes and links)

Phase 1 C: Abstract Graph Analysis

Original Graph Analysis (undirected, unweighted): generate the degree distribution
Study the Network Type and Characteristics

Phase 2 A: Topological Evaluation of the Original Graph (random removal)

Network Random Removal (10%interval)

Calculate Redundancy Measures and Descriptive Indices (alpha, beta, gamma, GTP,
eta, network related densities...)

Determine Network Topological Properties using UNA toolbox (avg. betweenness
centrality, straightness, closeness), and using GIS tools (avg. lengths and shortest paths,
mean avg. degree, avg. clustering)

Network Inspection after each Removal Interval (degree distribution, overall
connectivity...)

Efficiency Loss Calculation

Phase 2 B: Topological Re-Evaluation of the Original Graph (Network element rank-
ordering)

Determine Nodal Betweenness and Degrees

Network Removal based on Vertex Degree Rank-Ordering and Vertex Betweenness
Rank-Ordering (10%interval)

Calculate Redundancy Measures and Descriptive Indices (alpha, beta, gamma, GTP,

eta, network related densities...)
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4)

5)

6)

1)

2)

3)

4)

5)

6)

1)

2)

Determine Network Topological properties using UNA toolbox (avg. betweenness
centrality, straightness, closeness), and using GIS tools (avg. lengths and shortest paths,
mean avg. degree, avg. clustering)

Network Inspection after each Removal Interval (degree distribution, overall
connectivity...)

Compare Random Removal to Network Element Rank-Ordering

Phase 3 A: Topological Evaluation of the Weighted Graph (random removal)

Identify Scenarios and Apply Weights (typical weekday traffic, roads classification,
buildings location and height, natural hazards, soil damage increment, hospitals)
Generate Statistics of each Scenario (nodes and links vulnerability percentages, effects
of weights between the total network and the susceptible components)

Network Random Removal (10%interval)

Calculate Redundancy Measures and Descriptive Indices (alpha, beta, gamma, GTP,
eta, network related densities...)

Determine Network Topological Properties using UNA toolbox (avg. betweenness
centrality, straightness, closeness), and using GIS tools (avg lengths and shortest paths,
mean avg. degree, avg. clustering)

Network Inspection after each Removal Interval (degree distribution, overall
connectivity...)

Phase 3 B: Topological Evaluation of the Weighted Graph (Targeted removal)
Integrate Scenarios and Identify the Vulnerable Network Structures

Network Targeted Removal (10%interval)
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3)

4)

5)

1)
2)
3)

4)

5)
6)
7)

8)

Calculate Redundancy Measures and Descriptive Indices (alpha, beta, gamma, GTP,
eta, network related densities...)

Determine Network Topological Properties using UNA toolbox (avg. betweenness
centrality, straightness, closeness), and using GIS tools (‘avg. lengths and shortest path,
mean avg. degree, avg. clustering)

Network Inspection after each Removal Interval (degree distribution, overall
connectivity...)

Phase 4: System Performance Interpretation and Resilience Quantification

Compare Both Modes in the Weighted Network

Determine the Global Connectivity of Hospitals in the Network (GIS)

Generate Redundancy Computation (Origins: all nodes, Destinations: hospitals)
Apply Targeted Removal (10%interval): based on the most vulnerable network
components (i.e., weighted) which possess also the higher ranked degrees and
centralities outputs.

Calculate the Avg. Redundancy after each Removal (i.e., Resilience Index)

Determine the Percentage Reach after each Removal

Mapping the Avg. Betweenness Centrality and Redundancy of the Weighted Network

Compute the Redundancy Loss due to Removal Process

5.2 Case Study of Beirut

Lebanon is a small developing country in the eastern Mediterranean region with a

total area of 10,452 Km? and an estimated population of 6.8 million in 2018 (World Bank,

2019). Lebanon is divided into eight governorates: Akkar, North, Mount Lebanon, Beirut,

Beqaa, Baalbeck-Hermel, South, and Nabatiyeh. The capital is around 20 Km? and it is the
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smallest, busiest and most expensive governorate in Lebanon. Beirut is inhabited more than
5000 years ago. It is positioned on a peninsula at the midpoint of Lebanon’s Mediterranean
coast, and it has the country’s largest and principal seaport. Almost half of the Lebanese
population resides in two governorates, the capital Beirut and its surrounding governorate
Mount Lebanon. The number of commuters to the capital each day is equivalent to the
number residing there (Central Administration of Statistics, 2009). Thus, it turned to be a
densely populated capital where a rapid urbanization growth rate takes place and it is
expected to reach 86% in 2020 (United Nations Population estimates and projections,
2017). Actually, in the absence of efficient public transport system at the moment,
congestion becomes a major hurdle to development in Lebanon with another alarming rate
of car ownership stands at one private passenger car per three persons making it one of the
highest rates in the world (WHO, 2015). According to the classification of Beirut network,
only around 2% of the roads are marked as motorway or trunk, 22% are primary, 12% are
secondary, and the rest are tertiary, residential, or unclassified. A total of 23 major hospitals
and emergency centers are available in this context. Also, this network entails a large
number of bridges and tunnels in comparison to its small size. It is counted and
approximated at 43% and 10% of Lebanon’s tunnels and bridges respectively (Rouhana et

al., 2019).
5.2.1 Tectonic Setting and Seismic History

Lebanon has rigorously suffered from many devastating earthquakes since 2150
BC, resulting in large-scale destruction and severe death tolls (Huijer et al., 2011). The
seismic history of Lebanon is not surprising, due to its geographic position between the
Arabian, African and Eurasia Plates and given that it is crossed by 1200 Km long Levant
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Fault System (LFS): extending from the Gulf of Agaba with the Dead Sea Fault (DSF) to
Lebanon, then reaching Syria with the Ghab Fault (GhF) and ending in southern Turkey at
the Eastern Anatolian Fault system (EAFS). When entering Lebanon, the LFS splits into
three major branches called: Yammouneh Fault (YF), Mount Lebanon Thrust (MLT), and
Rachaya-Sarghaya Fault (RSF) (Figure 5.2). These branches extend on land as well as
offshore specifically MLT which is cutting the seabed from Tripoli in the north to Saida in
the south with no more than 8 Km from the coast of central Lebanon between Beirut and
Anfeh (Elias et al. 2007). Three major events traced the seismic history in Lebanon. In year
551, Lebanon was hit by an earthquake (Mw 7.5) generated by MLT and accompanied by
a tsunami that struck the whole country coast destroying several cities (i.e., Beirut, Tripoli,
Saida, Tyre) (Khair et al. 2000; Elias et al., 2007; Huijer et al., 2011; Salameh et al., 2016).
Another earthquake in year 1202 (Mw 7.5) caused by YF resulted in disastrous damages.
In year 1759, two significant earthquakes occurred (Mw 6,7 and Mw7.4) caused by RSF
(Daéron et al., 2005). In the past century, numerous large earthquakes hit the country
namely in year 1918 (Mw 6.8) (Harajli et al., 1994), in year 1956 (double shock, Mw 6.3
and Mw 6.1)(Khair et al., 2000), in year 1997 (two strikes Mw 5.6 and Mw 5). The double
shock that occurred in year 1956, killed 136, destroyed 6000 houses, and damaged another
17,000 (Khair, 2000). The return of such events is about 1100 years along the YF (Daéron
et al., 2007), 1300 years along the RSF (Gomez et al., 2003), and 1500 to 1750 years along
the MLT (Elias et al., 2007). Taking into consideration the previous reoccurrence dates, a
strong earthquake (Mw 7+) could occur at any time from the MLT and YF and it should
not be a surprise as these faults are sufficiently mature enough. Accordingly, a possible

earthquake can be considered as equally probable over the whole country because of its

69



small size with respect to the important size of its active faults (Elias, 2012) (Figure 5.3).
Figure 5.4 shows the local seismicity map of Lebanon between years 2006 and 2017
provided by the National Center for Geophysics (CNG)- one of the four centers of the
Lebanese National Council for Scientific Research (CNRS). Note to mention that in year
2005, Lebanon was considered as one single seismic zone according to the Lebanese decree
LD 14293 with a minimum horizontal peak ground acceleration (PGA) on the rock to be
taken 0.2g. Yet, this decree was revised in 2012 (LD 7964 Article 3) by increasing the PGA
from 0.2g to 0.25g which describes the seismic risk in the country as moderate. According
to Huijer et al. (2016), Lebanon is considered a moderate to high seismic hazard country
with an expected PGA varying between 0.2g and 0.3g with a 10% probability of
exceedance in 50 years. Nevertheless, they proposed to intensify the PGA to 0.3g on the
coastal zone ranging from Tripoli to Saida while keeping all other parts of the country with

a value of 0.25g.
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Figure 5.2: Study area tectonic setting: a. LFS regional map b. Map of the main faults
within Lebanon (Daéron et al., 2007)
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Figure 5.3: Historical earthquakes along LFS with Mw greater than 6 (Huijer et al., 2011)

72



a3 3500 3530 3500 %0

SEISMICITE DU LIBAN

* enregistrée par le réseau GRAL

ANNEES 2006-2017

© CNRS - Centre National de Géophysique

Figure 5.4: Local seismicity map of Lebanon between 2006 and 2017 (CNRS)

5.2.2 Beirut Geology

The city of Beirut extends over 19.8 Km? through 12 quarters and is built on 9 by
12 Km rocky cape extending into the Mediterranean Sea. Two hills, one in Achrafieh (East
Beirut) and the other in Tallet el Khayat (West Beirut), reveal that the geological basement
is dated from the Cretaceous and formed mainly from marly limestones coupled to
conglomeratic beds in some locations. Yet, as seen in Figure 5.5, the main feature of Beirut
geology is formed by a sandy cover especially in the southwest of the capital. This cover

is overlaid by recent alluvium material in some areas like in Beirut downtown and along
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the River of Beirut (Salameh et al., 2016). Other geological details of Beirut city and its
major parts along the faults are shown in Figure 5.6. According to Brax (2013), spatial
geological variability will result in significant seismic amplification. Even if the Lebanese
hard rocky geology will attenuate the seismic accelerations, the mountainous morphology
over the whole country along some weak layer types will raise the probability of secondary
hazards (i.e., slope instabilities, rockfalls, landslides) which will greatly damage the
infrastructure system. Also, the water table elevation and the small number of fines in
sandy areas, especially in coastal zones where constructions are taking place, can lead to
soil liquefaction (Harb, 2003) or floods (e.g., River of Beirut). Such hazard can result in
severe destructions in lifelines and put Lebanon in a direct risk especially that the country
lacks any appropriate building seismic code measurements or disaster management plans

(Elias, 2012).
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VI. ANALYSIS and RESULTS

6.1 Graph Analysis

After creating a file geodatabase, feature dataset, and feature class, the necessary
transportation shapefiles were imported into the feature dataset in ArcCatalog via GIS.
These shapefiles were reviewed and corrected such as preparing the network polylines in
an appropriate form to be integrated into Graph Theory analysis, fixing the missed
segments and nodes, buffering the study area by 150 meters to frame and reach the
important links of the neighboring governorate, correcting the overlays and false junctions
especially in the case of tunnels and bridges, and removing footways and service roads in
order to focus on the major links, avoid misleading outcomes, and reduce the computation
burden. The road network of Beirut was condensed to a combination of 3,159 vertices
connected by 4,694 unique edges (Figure 6.1). This model was running by randomly
deleting a certain percentage of nodes to produce random cases that would cause the failure
of diverse edges or vertices. Figures 6.2 compare an intact network diagram to other
disturbed networks with 10, 20, 30, 40 and 50% node removals correspondingly. As the
fraction of nodes removed was progressively increased, all topological properties of the
system were computed to inspect the trends of the network properties. In other words,
through this application, the impacts of various random or targeted failure events are
assessed using the topological characteristics of the model. The outcomes are often shown
as a declining trend of such characteristics that reflect the degradation of multiple features

of system resilience.

77



as B

(8 d

Qra

L

b

Legend
@ Beirut Nodes
— Beirut Links

0 025 05 1 Kilometers

S0 W SV

3.
Hat

rElj f

B
! J
Bir Hassan| .
l netiéte de Bir 'SE)'JYES“'E[‘EF‘{?G“&—(M?VP){@N{_}QA\,\_}VS’GS & OpenStreetMap contributors, and h%b

Bej

Badart

Mar Mkh

Di —

Al el
Rommane ;"

78

Figure 6.1: The road network of Beirut (Base map: CNRS-NDU)
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Figure 6.2: Nodal random removal of Beirut original graph with 10% interval
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The degree distribution that can show several network properties was determined
for the intact network of Beirut roads and is charted in Figure 6.3. It displays that the
highest probability is “3”” which means that the majority of the nodes in the system have a
degree “3”. Two types were studied: 1) the degree distribution of a random graph that
follows a Poisson degree distribution, and 2) a scale-free graph that follows a power-law
distribution. Figure 6.4 shows the difference between both types and are plotted in
histogram form. After conducting a fitness degree computation, it was shown that the
Poisson degree distribution related to the random nature of a graph indicates a better match
than the scale-free power-law trend. Yet, one should not be confused with the high number
of nodes having low degree. In fact, those nodes which possess a degree of one to signify
the end of the network edges that are not of high interest in the previous description. This
is mainly due to the deletion of some segment’s types in the system and the clip feature of
the study area. This explanation is logical since most of the graph nodes have quite
comparable degrees and are average linked rather than having hubs of highly connected
nodes. This turns to be a characteristic of a random graph. The uppermost degrees found

in Beirut turned to be “6” and “7”” with a very slight probability of being randomly chosen.

Therefore, the network of Beirut may act more similarly to a random graph when
exposed to failure. The degree distribution was tested after each random removal scenario
to check for any variation in the graph nature where the results revealed no trend. As
mentioned, due to the absence of hubs in the random graph model, the networks possess
some kind of robustness to targeted disruptions comparable in a way to random attacks.
Furthermore, the hierarchy of the graph is tested through the exponent of the slope for the

power-law drawn in a bi-log chart of node frequency over degree distribution (Figure 6.5).
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Networks characterized by strong hierarchical configurations, often have values above “1”.
So, the hierarchy figure indicates a fairly good hierarchy with an appropriate exponent of
the slope but with a very low R-squared value signifying distant data points from the fitted
regression line. Another factor associated with degree distribution is the degree correlation
of the network. It determines the probability that nodes connected to other nodes with
similar degrees. As nodes are removed from the network under study, the network tends to
move from disassortative (i.e., high degree nodes link to low degree nodes) to random.
This could be explained as a loss of efficiency of transportation networks due to the
isolation caused by the random removal process. This is outlined by the variations of the
degree correlation, where a randomly correlated network designates inferior ease of

transportation flow.
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Figure 6.3: Degree distribution of Beirut Network
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6.2 Topological Evaluation of the Original Graph

6.2.1 Network Random Removal

Many essential topological parameters are evaluated through a random removal
technique of the original network. The average nodal degree is one of the most fundamental
properties illustrated in Figure 6.6. This property reflects the network connectivity where
the difference between the initial average degree of the intact graph and the disturbed
network represents the variation in the ease of commuting. The trend of the average nodal
degree is shown to decline exponentially starting from an initial value of the undisturbed
network equal to 2.98 with a standard deviation of 0.84. As nodes are randomly removed
in a constant fraction across trials, the average nodal degree decreases among simulation
confirming that this topological property is entirely dependent on the state of nodes in the

network. This latter property deals with global connectivity.

Another property that determines the local connectivity and is related to network
local redundancy is called local clustering. The local clustering is all about the existence
and accessibility of clusters and alternative routes. The original network of Beirut has an
average clustering coefficient of 0.000041 that staggers vaguely downward to lose more
than half of its value as 10% of nodes are randomly removed from the undisturbed graph
(Figure 6.7). After this fast drop, the local clustering is shown to increase gradually as more
fractions are removed from the network. This is mainly dependent on the importance of
the removed nodes, where those with low connectivity significance will not affect the
clustering results whereas those with high connectivity will lead to the isolation of some

of the affected clusters of nodes. The isolated groups will generate more clusters and thus
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the clustering coefficient is going to rise. Generally, as nodes are removed from the graph

the clustering results will decline.
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Figure 6.6: Effect of random node removal on average nodal degree
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Figure 6.7: Effect of random node removal on average local clustering
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The UNA centrality toolbox is applied to compute some important network analysis
properties: betweenness and straightness. The graph centralities measurements calculated
through mathematical procedures that reveal the importance of the network’s structure. It
focuses mainly on the centrality power of each of the network elements in accordance with
the neighboring elements. The infinite radius is used to reach all the structures of the Beirut
network. Accordingly, the betweenness centrality of each node in the graph is calculated.
Such centrality measure is not reliant on the number of links connected to a certain node
but instead on the sum of shortest routes that encompass the node. This turns the
betweenness centrality to hold a robust connection to the significance of a node to the graph
performance. In fact, the average shortest route is related to the system redundancy where
it plays a critical role in directing resources in transportation networks. Commonly, the
distance trend of such shortest paths is going to increase dramatically as more pairs are
disconnected in the system. In other words, the average betweenness centrality and the

average shortest path are inversely correlated.

Figure 6.8 shows the effect of random node removal on the average betweenness
centrality. Accordingly, the stated centrality property drops rapidly and loses more than
50% of its efficiency after the random removal of only 30% of the network’s nodes. This
remarkable trend explains the likely damaging effects of the used strategy which is
disturbing apparently the small fraction of nodes that have influences on the network
performance. The results observed will lead to serious delays, detours and cancelations of

trips in any real transportation system with a relatively small fraction of nodes disturbed.

According to the straightness centrality, Figure 6.9 illustrates the variation of the

stated network property as nodes are randomly damaged. The straightness centrality trend
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of the Beirut network decreases dramatically which means that the mean distance to
neighboring destinations corresponding to straight paths is not increasing as nodes are
randomly deleted. This property can be helpful as a measure for detecting the areas that are
most linked to their surrounding spots with different applications which help in
economizing the urban network and sensing the chief attractions that are perceptible from
remote distances. In this manner, every attribute in the network is determined separately
and intuitively under the limits of the city geometry. Consequently, utilizing the spatial
configuration of the analyzed environment, the described approaches from the graph

analysis and land-use are joined into a unique framework.
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Figure 6.8: Effect of random node removal on average betweenness centrality
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Figure 6.9: Effect of random node removal on straightness centrality

Alternative efficient indicators that can be examined to study the network
redundancy are the connectivity indices and the density measures. These connectivity
indices depend on the number of links and nodes as well as the number of cycles that form
the network. From Figure 6.10, the plots exhibit a declining trend, indicating the
disintegration of the system redundancy. Alpha index that represents the ratio of the
existing circuits to the maximum possible circuits portrays the steepest downgrading slope
through all the connectivity indices. It loses more than half of its value during the random
removal of 30% of the network nodes. Beta index which represents the average number of
links per nodes and gamma index that reflects the percentage of the existing routes to
potential routes shows a gradually declining values and loses both almost 34% of their
initial values after randomly removing half of the network nodes. The Grid Tree Pattern
(GTP) describes the pattern of the graph that has values ranging between null and unity for

a tree pattern and grid pattern respectively. Starting with an initial value of 0.5, GTP goes

87



down by more than 60% after the random deletion of 30% of the nodes which outlines a

tree pattern of the graph.

According to density measures, Figure 6.11 illustrates four of them which are the
eta index (i.e., average length per link), the network density, the node density, and the edge
density. The network density measures the territorial occupation of the transportation
network in terms of length of links per area of the surface; the higher the value, the more
the network is developed. The node density and edge density correspond to the number of
nodes per area and the number of edges per area respectively. As nodes are randomly
removed from the network, all of the four measures decrease dramatically revealing the
effect of nodes on the whole graph where edges seem more affected since each node can
impair one or more edges. Finally, at the end of the random removal process, all the
centralities and indices are normalized in order to approximate the efficiency loss of the
system. This increase in the loss of network’s efficiency is drawn in Figure 6.12 which
shows a loss of half of the system’s efficiency before the fourth randomly removed a

fraction of nodes.
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Figure 6.10: Effect of random node removal on connectivity indices
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Figure 6.12: Efficiency loss of Beirut Network during the random removal process
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6.2.2 Network Element Rank-Ordering Removal

Another removal technique is related to the removal of specific elements from the
network based on certain centrality’s measures in descending order. This choice was made
because nodes that are connected to a large number of links are the most critical to the
network performance. As node removal is more effective at being harmful to the network
performance, the node degree rank-ordering and the node betweenness rank-ordering are
employed for this removal scenario. Yet, in some cases, low-ranked network elements with
a minimal nodal degree could play an important role in joining two vital or isolated areas.
Thus, the average betweenness centrality which is not dependent on the number of nodes
connected to a node was considered along the average nodal degree through the network
elements rank-ordering removal technique. The main cause of applying such technique is
due to the propagation mechanism that generally occurs in the networks. These networks
tend to exhibit avalanches after the damage of high importance nodes. After each removal,
the high-ranked sets of the new redistributed centralities are used for the next removal
fraction. All of the computation results are illustrated in the form of the difference in the
percentage of the removal modes between the random removal (i.e., arbitrary selection)

over the rank-ordering removal (i.e., directed selection).

The variation in percentages of centralities and topological measurements of
random and rank-ordering removal is shown in Figure 6.13. In this figure, there is no
significant variation between the two modes, except for the difference in average
betweenness centrality which is expected to be much less in the direct selection process in
comparison to the random removal mode. According to the percentage difference of the

connectivity indices of the random removal over the rank-ordering removal shown in
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Figure 6.14, a positive change of the first technique over the latter means that the targeted
nodes in the rank-ordering removal have disturbed more links and thus, the indices values
have declined. The major change was seen only through alpha and GTP results, mainly
because of the cyclomatic number which is a measure of route redundancy. As high
importance nodes are removed, the network shifts faster toward the tree pattern and the
number of links gets more closer to the number of nodes. Then, for the final fraction
removed (i.e., 50%), these two indices turn to zero in both modes. Yet, for the average
change for beta and gamma indices, the change is not meaningful (i.e., 5% and 3%
respectively) in comparison to the extent of the removal of the top high-ranked node sets.
Lastly, the density measures of the graph for both removal modes are displayed in Figure
6.15 where a better organization is revealed through the network development in the

targeted removal process.

In light of the above, the outcomes comply with the affirmation which outlines that
the random networks (e.g., small-world graph) respond similarly to random and targeted
attacks. This is shown in Figure 6.16 where the efficiency loss of both modes applied on

the Beirut original network are illustrated and compared.
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Figure 6.13: Topological properties variation of random over rank-ordering removal
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6.3 Topological Evaluation of the Integrated Weighted Graph

6.3.1 Analysis and Classification of the Weighted Scenarios

The integrated weighted graph evaluation of different scenarios is presented in this
section. The vulnerability measures and network effectiveness are determined with respect
to the seismic features, geological and topographical features, environmental sources,
traffic networks data, buildings areas and neighborhoods. These scenarios are weighted
according to their specific characteristics, and impact on the network. The scenarios are as
follow: the traffic data of a typical peak weekday (i.e., typical Monday traffic in Beirut
governorate) (Figure 6.17), the roads’ classification of Beirut transportation network
along with the location of major hospitals (i.e., a total of 29 hospitals and Red Cross centers
found in Beirut governorate and in the surrounding governorate that is the closest to the
capital) (Figure 6.18), the natural vulnerabilities (i.e., sea-level rise, tsunamis, river floods)
(Figure 6.19), geological characteristics (i.e., damage increment of soil and rock) (Figure
6.20), and buildings (i.e., height, area, location, density...) (Figure 6.21). In this part of the
research, it is imperative to consider the geometric weights of links and nodes in the
simulations. For example, the considered attributes for the classification of the roads are
the speed limit, the width of the road (i.e., number of lanes), and the critical destination led
by this road (e.g., hospitals). For the current network, only around 2% of the roads are
marked as motorway or trunk, 22% are primary, 12% are secondary, and the rest are
tertiary, residential, or unclassified. According to the noon peak traffic period on Monday,
only about 16% of the classified links are noticeable as fast roads,74% have moderate
speed, and 10% show very high traffic or slow flow. Besides, 12% of the links, based on

their locations (i.e., buffer zones), have a higher probability of being disturbed in case of
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natural hazards such as tsunamis or floods. Concerning the soil and structures data, a
damage increment map that was computed by Salameh et al. (2016) is used. This latter was
based on Neural Network approach with respect to three typology classes: (1) frequency
ratio between soil and structure, (2) PGA for various seismic scenarios, and (3) an
interpolated H/V amplitude which is horizontal to vertical spectral ratio used in seismic
vulnerability and risk assessment. As seen in Figure 6.20, the high seismic risk is shown in
red areas (i.e., Badaro, Borj Hamoud, and the River of Beirut zones). As well, the damage
increment is very minor in the two hills of Beirut that are created of rock formations, thus
there are no aggravating effects on the structures. Recalling that usually the damage on
rock foundations is less than on soft soil due to the absence of soil amplification.
Correspondingly, maps created through Neural Network approach for PGA equal 0.25,
display an apparent damage increment for low-rise buildings (i.e., one to three floors with
an average height of 3 meters each) that are surveyed on the stated research study. The
results of Figure 6.20 could be improved by increasing the number of measurements on the
soil and buildings especially in the center and the south of the capital; yet, due to some
political and security obstacles, these areas are left without data (Salameh et al., 2016).
Alternatively, the damage increment map is combined with the transportation network of
Beirut. Also, about 18,400 buildings are added and represented with their necessary data
specifically the height of the structures (e.g., floors numbers). Around 25% of network
links are counted as high risk due to the locations of buildings combined with the soil
category of the concerned zones. Buildings are divided into three categories where 27%
of total buildings in Beirut are low-rise (i.e., 1-3 floors), 31% are medium-rise (i.e., 4-7

floors), and 42% are high-rise (i.e., >7 floors). It was considered that the low-rise buildings
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are the most vulnerable to seismic events as the majority of these structures were built

before 1950 (i.e., masonry class) or between 1975 and 1990 during the civil war period

where the lack of quality control, construction, and reconstruction of structures were

prevalent (Salameh et al., 2016).
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Figure 6.17: Typical Monday peak traffic (12:00pm) of Beirut transportation network



T
|

97



Figure 6.19: Beirut vulnerable network links to environmental hazard
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6.3.2 Random Failure Removal

The topological parameters of the weighted graph are interpreted through a random
node removal. Each scenario is tested after every fraction of nodes randomly removed. The
most significant properties that show a remarkable trend are illustrated in Figures 6.22 and
6.23. The first one shows the average betweenness centrality and the latter depicts the
straightness property of the weighted network. After the second random removal, the
average betweenness centrality expresses an intense decrease in its value for all the studied
cases. Yet, nodes in the degraded network are rearranged to form some newly separated
clusters which are appeared in the slight increase in the bar chart after the third removal.
After that, a huge decrease in this topological characteristic indicates a failure of network’s
structure. According to straightness, the trend is dramatically declining for all the weighted
cases. A low average path length is recognized in the network where few edges are involved
between the pair of nodes. This random network property is often related to the small-
world network which holds a relatively high clustering level. Also, the connectivity indices
in Figure 6.24 reveal a very slight degradation of the network property. This is due to the
new used random removal strategy in which nodes are deleted in a consecutive way leading
to many small isolated clusters. In this way, the changed strategy reduces the disruption
effects on the number of links. However, in real-world networks, such isolation could lead
to serious scarcity in resources and hinder the transportation of emergency supplies. The
sensitivity of random networks to attacks relies basically on the choice of nodes of high
probabilities (i.e., possessing high degrees). Yet, this is not the case in this random network
that shares comparable properties with the small-world network type. In fact, most of the

node degrees are focused close to the average degree of the system which makes the overall
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network structure reasonable. These results complete the previous unweighted cases by
proving that the network is vulnerable to random attacks. In this regard, the key nodes of
the network along its robustness and redundancy will be meticulously discussed in the next

section, tackling the overall performance of the system under targeted attack.

Random Removal of the Weighted Graph
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Figure 6.22: Effect of random node removal on average betweenness centrality of different
weighted graph scenarios
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Figure 6.24: Effect of random node removal on connectivity indices of the weighted graph

6.3.3 Targeted Failure Removal

Before performing the directed removal process on the network links and nodes, it
is essential to determine the percentage of the susceptible nodes before each scenario is
examined. For the typical weekday peak traffic scenario, about 68% of the system’s nodes
or intersections are at a high exposure to failure. Moreover, 45% of the network’s nodes
have a high possibility of being disturbed in the scenario that is related to the distribution
and location of the buildings (e.g., falling debris, ruptured utility lines, hazardous spills,
fires). According to the roads’ classification, 32% of intersections are at high priority to
maintain the circulation to different critical zones in the city. Also, 26% of the nodes are
defined as vulnerable dependent on the geology of the zones and their susceptibility to
liquefaction and landslides. Lastly, around 20% of the nodes are considered at higher risk
in case of a sea-level rise or floods; this is just a predictable example where no one could
know exactly the speed and the wavelength of any tsunami event or how far it would travel

inland (i.e., highly dependent on the land topography).
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The results of the preliminary simulations of the network’s topographical properties
between the total undisturbed components and the affected ones reveal that the road
classification, the buildings, and the traffic are the most influencing parameters for the
system performance. The changes in the disturbed links and segments between the random
removal and the targeted removal in the weighted graph cases are shown in Figure 6.25.
The calculation of the ratio is based on the links removed in the targeted failure removal
over those deleted in the random failure removal. Accordingly, the network’s traffic
scenario displays more than 30% increase in the number of disturbed links for the targeted
event in comparison with the random event. Also, the road class and buildings scenario
show a declining trend till the fourth removal where it deviates up after that, meaning the
decay of the most weighted connected intersections; though, the ratios still less than the
random failure case. These scenarios in the targeted event illustrate more degradation in
the network and thus, a reduction in nodal degrees. The remaining two scenarios express
an increase in the number of links removed in the random event rather than the targeted
one. This tells somehow that the weighted geology and natural hazards cases are not
extensively related to the most linked nodes in the graph. The connectivity indices
outcomes of the removal targeting the top-weighted components in the stated scenarios are
shown in Figure 6.26. It displays a sharper decline of the indices for the targeted removal

process in contrast with the random event of the weighted graph.
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Targeted vs. Random Removal of the Weighted Graph
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Figure 6.25: Disturbed links variation of targeted over random removal of different
weighted graph scenarios
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Figure 6.26: Effect of targeted node removal on connectivity indices of the weighted graph

105



Spatial network analysis usually supposes that transportation happens through the
shortest accessible paths. However, this is not the case in real networks where people
experience longer routes for different subjective reasons. Therefore, determining the
redundant routes in case of a disruptive event turn to be a necessity through which
alternative paths are found between the OD matrices for a certain length quota beyond the
shortest route. Using UNA toolbox, the Redundancy Index is computed. It is the ratio of
the sum of the distances of redundant links to the sum of the distances of the shortest route
links per every OD pair. This is performed in the corresponding positively weighted and
undirected graph of Beirut. For the different set of origins and the specified set of
destinations designated by the hospitals and critical emergency centers, the average
redundancy index is computed instead. In other words, the removal process is focused on
the top-weighted structures that possess the utmost average betweenness centrality and
nodal degrees of all the scenarios combined. The stated betweenness centrality of each
node in the system is mapped in Figure 6.27. The studied original network dataset should
be adjusted through creating a new one after each removal, to carry the analysis of the
network’s paths of the uppermost weighted structures. Nodes or street intersections could
be applied also instead of buildings attributes to define which input points are utilized as
origins and destinations to calculate the redundancy magnitudes. As weights are involved
in the analysis, the index defines the amount of extra weights discovered on the lengthened
redundant routes in contrast with the shortest route. A 5% increase in the redundant paths
to the shortest path is applied in the analysis where the redundancy coefficient is set to
1.05. Similarly, the redundancy index which is also interrelated to the primary robustness

of the network, reveals the extent of the additional available weighted path length through
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the OD pairs using a specified redundancy coefficient. For instance, if a 5% coefficient is
applied and the redundancy output turns to be equal to “RI = 4”, then this indicated that
four times more route length turns out to be existing on redundant paths contrasted to the

shortest path alone.

Table 6.1 shows the percentage of redundant nodes reachable to critical centers
after each targeted removal of the top-weighted scenarios based on network properties.
Note to mention that as the redundancy coefficient increases, the paths obtained will
increase and thus, more computation-intensive the analysis will become. Yet, in emergency
and evacuation situations, there is no place for wasting time through longer routes if the
redundant ones are accessible. This requirement is seen through Table 6.1 in which the
network is shut down after the disruption of only 40% of its components. Besides, the
second fraction removal depicts the weakness in reaching fairly less than half of the
available hospitals and critical emergency centers in the city (i.e., 13 destinations), where
there is only 44% chance of reaching 13 destinations. This second removal is accompanied

by higher standard deviation where the results are more spread out.

Figure 6.28 displays the global connectivity of Beirut hospitals and emergency
centers. Note to mention that those centers outside the capital are not fully taken in through
the computation which is reflected in their low connectivity outputs. Consequently, it is
imperative to assess the network’s loss in terms of the average redundancy index following
each disturbed portion in the weighted graph. This is illustrated in Figure 6.29 where the
network’s average redundancy decreases to halve its overall performance after 20% of
nodes removal. Therefore, after evaluating the network performance and the efficiency of

its various measures through the removal modes of different classified weighted scenarios,
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the key redundant street nodes and intersections are established and mapped in Figure 6.30.
The criterion of critical nodes is mainly based on the average redundancy indices from
these nodes to the available hospitals. The vulnerable key nodes are all over Beirut.
However, most of the clustered nodes are located along the primary roads in the center and
extending toward the westside of the capital. Such points possess low redundancy and
constitute around 25% of all the network’s components. Correspondingly, the remaining
nodes are divided as 70% with moderate and 5% with high redundancy level. This reflects

the need to focus on these exposed areas which are more susceptible in case of disasters.

By this means, one of the main relief efforts to mitigate the negative impacts of
natural hazard on transport lifeline systems is achieved. This is realized through performing
vulnerability analyses and identifying the vital key lifeline connections within the transport
system. Such pre-event preparation and planning could significantly reduce the transport
infrastructure damage and economic losses. Other strategies could include implementing
seismic safety provisions such as strengthening and retrofitting these structures through
installing seismic instrumentations. In specific, those illustrated in Figure 6.31 which
contain bridges and tunnels that might turn to be a bottleneck to the emergency and
evacuation services. Adding to that, improving design standards and methods through
continuous research and analysis of the previous similar case studies in the world (i.e., due
to the absence of previous events records) will help in response and recovery following
the considered hazard. Another measure that compliments the classification of key
structures, consists of accessing immediately the pre-selected detours to initiate traffic
management control directly after the disaster. An efficient preparation and planning could

not be done without raising awareness and improving the people’s knowledge on the
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possible hazards, their implications and the specified movement plans. For a successful
recovery, the previous actions require significant coordination and communication
between the responsible departments and authorities in the country (i.e., government,
municipality, red cross, civil defense, traffic management center, internal security
forces...). To finish with, this opens the door for private-public partnerships since the
private sector possess substantial resources (i.e., transportation and warehouse assets)

which can aid significantly in the recovery development.

Table 1: Percentage of redundant nodes reachable to critical centers after each targeted
removal of the top weighted scenarios based on network properties

Reachable Hospitals and Emergency Centers

o 1 2 3 4 5 12 13 28 29

Percentage Removal (%) @ Percentage of Redundant Nodes/Total remained Nodes
0 o 0 0 0 0 0 O 0 1 99

10 4 0 O 0 0 0 0 0 1 95

20 28 7 0 16 0 4 1 4 0 O

30 3% 23 32 10 0 0 0O O 0 O

40 64 29 7 0 0 0O O O O O
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Figure 6.27: Nodal betweenness centrality of Beirut weighted graph
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VII. CONCLUSIONS, LIMITATIONS, and FUTURE

PERSPECTIVES

7.1 Conclusions

Civil infrastructure systems such as transportation networks create the backbone of
modern cities. It is of paramount importance to analyze their current resilience state which
allows preparedness, absorptiveness, and adaptation for the probable upcoming disruptive
events especially for those critical systems which are more susceptible to natural hazards
and whose disturbance will profoundly affect the network’s operation. Correspondingly, it
is vital to identify the network’s key components and have adequate knowledge to the most
vulnerable networks through developing and evaluating criteria and performance metrics
for an effective prioritization. Therefore, this thesis is devoted to providing network
analysis functionalities for vulnerability assessment in transportation networks with respect
to natural disasters. Infrastructure systems are entities that hold a networked nature
appropriate for rigorous statistical and mathematical analysis (i.e., Graph Theory tools).
The novel methodology in this thesis offers measures for understanding the urban graph,
and to justify the necessity for expanding the network resilience by making it more fault-
tolerant. In that manner, more insights into resilience quantification approaches for
infrastructure systems are presented to detect the strengths and weaknesses through a
mathematical framework that could respond efficiently to the resilience quantification
requirements. By combining GIS derived spatial data and network concepts, the

vulnerability of transportation networks is evaluated, and so the engineering resilience is
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defined along its aspects by a quantitative approach and statistical modeling of the
topological graph properties. The graph-theoretic properties are examined to illustrate the
behavior and distribution of Beirut network subject to various damage combination
scenarios (i.e., random and targeted attacks). The spatial resilience of the entire network is
evaluated through the assessment of the network’s redundancy, robustness, and efficiency
metrics based on the topological and connectivity parameters. Centralities results have
offered comprehensive statistical and spatial knowledge about significant classes of local
and global centralities measures. As indicated by the average centralities and degrees, the

more redundancies built into the system, the better the resilience level.

Any infrastructure disruption directly threatens the economy, the governance, the
security, and the confidence of the population. Following proper planning, and strategic
resource allocation through mitigation priorities can diminish the sustained losses by a
substantial amount and reap the most effective benefits. Thus, this thesis pinpoints the
network’s key components that have an important influence on the safety and reliability of
the entire road network structure. These findings will help the authorities in disaster
preparedness, risk mitigation emergency management, and post-disaster recovery plans. In
this manner, policymakers are better able to direct and optimize resources by prioritizing
the critical network components, thereby, decrease the period of the recovery process and
maintain the system functionalities. To the author’s knowledge, this thesis is the first one
to assess the transportation network of Beirut under various random and targeted failure
scenarios to quantify the resilience of the network structures. Yet, the presented effort is
just the primary step towards a better understanding of complex dynamic processes in

transport networks through approaches from complex network theory. The next section
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will outline some of the research limitations, and tasks to continue advancing the study of

engineered networked systems.

7.2 Limitations and Future Perspectives

Resilience is a subject of growing concern lately. Starting within the scientific
literature as a descriptor of the ecological behavior, it is extended to reach other domains
in economics and engineering. Even with the recognition of the significance of this subject,
researches that can be developed to real-world conditions are fairly sparse. This thesis,
which has tangible benefits to society, sets to create a framework for resilience
quantification through spatial and statistical analysis. Yet, it is limited to undirected
transportation networks with specific topological properties. Also, particular scenarios are
assessed due to the absence of previous records of the considered hazards. So, future
research is required to focus on the extension of the proposed methodology to directed,
weighted, and metric graph which reflects advanced aspects of the transportation network.
Similarly, such extension can improve the computational tools to graph of great dimensions
and analyze additional graph properties and alternative topological measures of different
types of transportation networks. Correspondingly, other performance indicators and
network characteristics could be studied and embedded for an enhanced vulnerability

modeling for spatial networks.

Finally, further recommended extensions could include a detailed network flow and
traffic demands studies along with the change in driver behavior in the post-event. Future
topics could tackle the development of models to investigate and capture the various effects
of different climate change scenarios (e.g., higher temperatures, higher storm surges,
severe flooding...) on the reliability and capacity of transportation networks. As well, the
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development of models to explore cascading susceptibility within the interdependent
critical infrastructure systems, will help to recognize the impact of interdependencies
among critical systems that could promote a better understanding of the links between
infrastructure systems in the dynamic built environment and their robustness and

resiliencies.

118



REFERENCES

Aggarwal, K. K., Misra, K. B., and Gupta, J. S. (1975). A Fast Algorithm for Reliability
Evaluation. IEEE Transactions on Reliability, R-24(1), 83-85.
https://doi.org/10.1109/TR.1975.5215343

Ahuja, R. K., Magnanti, T. L., and Orlin, J. B. (1993). Network flows: Theory, algorithms,
and applications, Prentice Hall Press, Upper Saddle River, NJ.

Adger, W. N. (2000). Social and ecological resilience: Are they related? Progress in
Human Geography, 24(3), 347-364. https://doi.org/10.1191/030913200701540465

Albert, R., Jeong, H., and Barabési, A.-L. (2000). Error and attack tolerance of complex
networks. Nature, 406: 378-482, 2000. Nature, 406(6794), 378-382.
https://doi.org/10.1038/35019019

Albert, R., and Barabasi, A. L. (2002). Statistical mechanics of complex networks. Reviews
of Modern Physics, 74(1), 47-97. https://doi.org/10.1103/RevModPhys.74.47

Adachi, T. (2007). Impact of cascading failures on performance assessment of civil
infrastructure systems, Doctor of Philosophy in the School of Civil and Environmental
Engineering., Georgia Institute of Technology.
Attoh-Okine, N. O., Cooper, A. T., and Mensah, S. A. (2009). Formulation of resilience
index of urban infrastructure using belief functions. IEEE Systems Journal, 3(2), 147-153.
https://doi.org/10.1109/JSYST.2009.2019148

Alipour, A. (2010). Life-cycle performance assessment of highway bridges under
multihazard conditions and environmental stressors, Ph.D. Dissertation, Department of
Civil and Environmental Engineering, University of California, Irvine, CA.

Alipour, A., Shafei, B., and Shinozuka, M. (2011). Performance evaluation of deteriorating
highway bridges located in high seismic areas. Journal of Bridge Engineering, 16(5), 597—
611. https://doi.org/10.1061/(ASCE)BE.1943-5592.0000197

Akgun, A., Kincal, C., and Pradhan, B. (2012). Application of remote sensing data and GIS

for landslide risk assessment as an environmental threat to Izmir city (west

119


https://doi.org/10.1109/TR.1975.5215343
https://doi.org/10.1191/030913200701540465
https://doi.org/10.1038/35019019
https://doi.org/10.1103/RevModPhys.74.47
https://doi.org/10.1109/JSYST.2009.2019148
https://doi.org/10.1061/(ASCE)BE.1943-5592.0000197

Turkey). Environmental Monitoring and Assessment, 184(9), 5453-5470.
https://doi.org/10.1007/s10661-011-2352-8

Ayyub, B. M. (2014). Systems resilience for multihazard environments: Definition,
metrics, and valuation for decision making. Risk Analysis, 34(2), 340-355.
https://doi.org/10.1111/risa.12093

Aydin, N. Y., Duzgun, H. S., Wenzel, F., and Heinimann, H. R. (2018). Integration of
stress testing with graph theory to assess the resilience of urban road networks under
seismic hazards. Natural Hazards, 91(1), 37-68. https://doi.org/10.1007/s11069-017-
3112-z

Ahmadzai, F., Rao, K. M. L., and Ulfat, S. (2019). Assessment and modelling of urban
road networks using Integrated Graph of Natural Road Network (a GIS-based

approach). Journal of Urban Management, 8(1), 109-125.
https://doi.org/10.1016/j.jum.2018.11.001

Beckmann, M., McGuire, C. B., and Winsten, C. B. (1956). Studies in the economics of
transportation, Yale University Press, New Haven, CT.

Basoz, N., and Kiremidjian, A. S. (1996). Risk assessment for highway systems, Report
No. 118, John A. Blume Earthquake Engineering Center, Department of Civil Engineering,
Stanford University, Stanford, CA

Barabési, A. L., and Albert, R. (1999). Emergence of scaling in random
networks. Science, 286(5439), 509-512. https://doi.org/10.1126/science.286.5439.509

Barabasi, A. L., Albert, R., and Jeong, H. (1999). Mean-field theory for scale-free random
networks. Physica A: Statistical Mechanics and Its Applications, 272(1), 173-187.
https://doi.org/10.1016/S0378-4371(99)00291-5

Barabasi, A.-L. (2003). Linked: how everything is connected to everything else and what
it means for business, science, and everyday life. New York, NY: Plume.

BasOz, N. 1., Kiremidjian, A. S., King, S. A,, and Law, K. H. (1999). Statistical Analysis
of Bridge Damage Data from the 1994 Northridge, CA, Earthquake. Earthquake
Spectra, 15(1), 25-54. https://doi.org/10.1193/1.1586027

120


https://doi.org/10.1007/s10661-011-2352-8
https://doi.org/10.1111/risa.12093
https://doi.org/10.1007/s11069-017-3112-z
https://doi.org/10.1007/s11069-017-3112-z
https://doi.org/10.1016/j.jum.2018.11.001
https://doi.org/10.1126/science.286.5439.509
https://doi.org/10.1016/S0378-4371(99)00291-5
https://doi.org/10.1193/1.1586027

Boyce, D., Lee, D.-H., and Ran, B. (2001). Analytical Models of the Dynamic Traffic
Assignment  Problem. Networks and  Spatial ~ Economics, 1(3/4),  377-390.
https://doi.org/10.1023/A:1012852413469

Bruneau, M., Chang, S. E., Eguchi, R. T., Lee, G. C., O’Rourke, T. D., Reinhorn, A. M.,
... Von Winterfeldt, D. (2003, November). A Framework to Quantitatively Assess and
Enhance the Seismic  Resilience of = Communities. Earthquake  Spectra.
https://doi.org/10.1193/1.1623497

Buhl, J., Gautrais, J., Solé, R. V., Kuntz, P., Valverde, S., Deneubourg, J. L., and Theraulaz,

G. (2004). Efficiency and robustness in ant networks of galleries. European Physical
Journal B, 42(1), 123-129. https://doi.org/10.1140/epjb/e2004-00364-9

Boccaletti, S., Latora, V., Moreno, Y., Chavez, M., and Hwang, D. U. (2006, February).
Complex networks: Structure and dynamics. Physics Reports.
https://doi.org/10.1016/j.physrep.2005.10.009

Bruneau, M., and Reinhorn, A. (2007). Exploring the concept of seismic resilience for
acute care facilities. Earthquake Spectra, 23(1), 41-62. https://doi.org/10.1193/1.2431396

Berche, B., Von Ferber, C., Holovatch, T., and Holovatch, Y. (2009). Resilience of public
transport networks against attacks. European Physical Journal B, 71(1), 125-137.
https://doi.org/10.1140/epjb/e2009-00291-3

Blume, L., Easley, D., Kleinberg, J., Kleinberg, R., and Tardos, E. (2011). Which networks
are least susceptible to cascading failures? In Proceedings - Annual IEEE Symposium on
Foundations of Computer Science, FOCS (pp. 393-402).
https://doi.org/10.1109/FOCS.2011.38

Bono, F., and Gutiérrez, E. (2011). A network-based analysis of the impact of structural
damage on urban accessibility following a disaster: The case of the seismically damaged
Port Au Prince and Carrefour urban road networks. Journal of Transport
Geography, 19(6), 1443-1455. https://doi.org/10.1016/j.jtrange0.2011.08.002

121


https://doi.org/10.1023/A:1012852413469
https://doi.org/10.1193/1.1623497
https://doi.org/10.1140/epjb/e2004-00364-9
https://doi.org/10.1016/j.physrep.2005.10.009
https://doi.org/10.1193/1.2431396
https://doi.org/10.1140/epjb/e2009-00291-3
https://doi.org/10.1109/FOCS.2011.38
https://doi.org/10.1016/j.jtrangeo.2011.08.002

Bouchon, M., Karabulut, H., Aktar, M., Ozalaybey, S., Schmittbuhl, J., and Bouin, M. P.
(2011). Extended nucleation of the 1999 Mw 7.6 Izmit earthquake. Science, 331(6019),
877-880. https://doi.org/10.1126/science.1197341

Bocchini, P., and Frangopol, D. M. (2012). Optimal resilience- and cost-based postdisaster
intervention prioritization for bridges along a highway segment. Journal of Bridge
Engineering, 17(1), 117-129. https://doi.org/10.1061/(ASCE)BE.1943-5592.0000201

Brax, M. (2013). Aléa et microzonage sismiques a Beyrouth. PhD thesis, Université Joseph
Fourier I, Grenaoble.

Baytiyeh, H., and Naja, M. K. (2015). Are colleges in Lebanon preparing students for
future earthquake disasters? International Journal of Disaster Risk Reduction, 14, 519-
526. https://doi.org/10.1016/j.ijdrr.2015.10.007

Carey, M. (1986). CONSTRAINT QUALIFICATION FOR A DYNAMIC TRAFFIC
ASSIGNMENT MODEL. Transportation Science, 20(1), 55-58.
https://doi.org/10.1287/trsc.20.1.55

Carey, M. (1987). OPTIMAL TIME-VARYING FLOWS ON CONGESTED
NETWORKS. Operations Research, 35(1), 58-69. https://doi.org/10.1287/opre.35.1.58

Carey, M. (1992). Nonconvexity of the dynamic traffic assignment
problem. Transportation Research Part B, 26(2), 127-133. https://doi.org/10.1016/0191-
2615(92)90003-F

Common, M. (1995). Sustainability and policy: limits to economics. Sustainability and
Policy: Limits to Economics. https://doi.org/10.2307/1243833

Chang, S. E., and Nojima, N. (1998). Measuring lifeline system performance: highway
transportation systems in recent earthquakes. Proceedings of the 6 Th National Earthquake
Conference on Earthquake Engineering, (70), Paper No.70, 12p. Retrieved October 15,
2019, from http://www1.gifu-u.ac.jp/~nojima/pdf/1998 6ncee_sec.pdf

Chang, L. (2010). Transportation system modeling and applications in earthquake

engineering. ProQuest Dissertations and Theses. University of Illinois at Urbana-

122


https://doi.org/10.1126/science.1197341
https://doi.org/10.1061/(ASCE)BE.1943-5592.0000201
https://doi.org/10.1016/j.ijdrr.2015.10.007
https://doi.org/10.1287/trsc.20.1.55
https://doi.org/10.1287/opre.35.1.58
https://doi.org/10.1016/0191-2615(92)90003-F
https://doi.org/10.1016/0191-2615(92)90003-F
https://doi.org/10.2307/1243833
http://www1.gifu-u.ac.jp/~nojima/pdf/1998_6ncee_sec.pdf

Champaign, Ann Arbor. Retrieved October 15, 2019, from
http://search.proquest.com/docview/864036897?accountid=26642

Cimellaro, G. P., Reinhorn, A. M., and Bruneau, M. (2010). Framework for analytical
quantification of disaster resilience. Engineering Structures, 32(11), 3639-3649.
https://doi.org/10.1016/j.engstruct.2010.08.008

Cimellaro, G. P., Renschler, C., Arendt, L., Bruneau, M., and Reinhorn, A. M. (2011).
Community resilience index for road network systems. InProceedings of the 8th
International Conference on Structural Dynamics, EURODYN 2011 (pp. 370-376).
University of Southampton, Institute of Sound Vibration and Research.

Carlson, L., Bassett, G., Buehring, M., Collins, M., Folga, S., Haffenden, B., ... Whitfield,
R. (2012). Resilience: Theory and Applications. Anl/Dis-12-1, (January), 1-42.
https://doi.org/10.2172/1044521

Chang, L., Elnashai, A. S., and Spencer, B. F. (2012). Post-earthquake modelling of
transportation networks. Structure and Infrastructure Engineering, 8(10), 893-911.
https://doi.org/10.1080/15732479.2011.574810

California Department of Transportation. (2013) Comparative Bridge Costs. Division of
Engineering Services, Retrieved August 8, 2019, from http://www.dot.ca.gov

Candelieri, A., Galuzzi, B. G., Giordani, I., and Archetti, F. (2019). Vulnerability of public
transportation networks against directed attacks and cascading failures. Public
Transport, 11(1), 27-49. https://doi.org/10.1007/s12469-018-00193-7

Dubertret, L. (1945). Géologie du site de Beyrouth avec carte geologique au 1/20.000,
1945,

Dovers, S. R., and Handmer, J. W. (1992). Uncertainty, sustainability and change. Global
Environmental Change, 2(4), 262-276. https://doi.org/10.1016/0959-3780(92)90044-8

Daéron, M., Klinger, Y., Tapponnier, P., Elias, A., Jacques, E., and Sursock, A. (2005).
Sources of the large A.D. 1202 and 1759 near east earthquakes. Geology, 33(7), 529-532.
https://doi.org/10.1130/G21352.1

123


http://search.proquest.com/docview/864036897?accountid=26642
https://doi.org/10.1016/j.engstruct.2010.08.008
https://doi.org/10.2172/1044521
https://doi.org/10.1080/15732479.2011.574810
http://www.dot.ca.gov/
https://doi.org/10.1007/s12469-018-00193-7
https://doi.org/10.1016/0959-3780(92)90044-8
https://doi.org/10.1130/G21352.1

Duefias-osorio, L. A. (2005). Interdependent Response of Networked Systems to Natural
Hazards and Intentional Disruptions Interdependent Response of Networked Systems to
Natural Hazards and Intentional Disruptions. Public Policy, PhD(December), 215.
Retrieved October 12, 2019, from

http://www.google.co.uk/url?sa=t&rct=j&ag=Interdependent+Response+of+Networked+S

ystems+to+Natural+Hazards+and+Intentional+Disruptions&source=web&cd=1&ved=0
CCUQFjAA&url=http%3A%2F%2Fsmartech.gatech.edu%2Fjspui%2Fbitstream%2F185
3%2F7546%2F1%2Fduenasosorio le

Dezsd, Z., Almaas, E., Lukacs, A., R&cz, B., Szakadat, 1., and Barabasi, A. L. (2006).
Dynamics of information access on the web. Physical Review E - Statistical, Nonlinear,
and Soft Matter Physics, 73(6). https://doi.org/10.1103/PhysReVvE.73.066132

Daéron, M., Klinger, Y., Tapponnier, P., Elias, A., Jacques, E., and Sursock, A. (2007).
12,000-year-long record of 10 to 13 paleoearthquakes on the Yammodneh fault, levant
fault system, Lebanon. Bulletin of the Seismological Society of America, 97(3), 749-771.
https://doi.org/10.1785/0120060106

Demsar, U., Spatenkova, O., and Virrantaus, K. (2008). Identifying critical locations in a
spatial network with graph theory. Transactions in GIS, 12(1), 61-82.
https://doi.org/10.1111/j.1467-9671.2008.01086.x

De Montis, A., Chessa, A., Campagna, M., Caschili, S., and Deplano, G. (2010). Modeling
commuting systems through a complex network analysis: A study of the Italian islands of

Sardinia  and Sicily. Journal of  Transport and Land Use, 2(3).
https://doi.org/10.5198/jtlu.v2i3.14

Erdés, P., and Rényi, A. (1959). On random graphs I. Publicationes Mathematicae, 6,
290-297. https://doi.org/10.2307/1999405

Elias, A., Tapponnier, P., Singh, S. C., King, G. C. P., Briais, A., Daéron, M., ... Klinger,
Y. (2007). Active thrusting offshore Mount Lebanon: Source of the tsunamigenic A.D. 551
Beirut-Tripoli earthquake. Geology, 35(8), 755-758. https://doi.org/10.1130/G23631A.1

Elnashai, A. S., Cleveland, L. J., Jefferson, T., and Harrald, J. (2009). Impact of
earthquakes on the Central USA, Mid-America Earthquake Center Report 09-03,

University of Illinois at Urbana-Champaign, Urbana, IL.

124


http://www.google.co.uk/url?sa=t&rct=j&q=Interdependent+Response+of+Networked+Systems+to+Natural+Hazards+and+Intentional+Disruptions&source=web&cd=1&ved=0CCUQFjAA&url=http%3A%2F%2Fsmartech.gatech.edu%2Fjspui%2Fbitstream%2F1853%2F7546%2F1%2Fduenasosorio_le
http://www.google.co.uk/url?sa=t&rct=j&q=Interdependent+Response+of+Networked+Systems+to+Natural+Hazards+and+Intentional+Disruptions&source=web&cd=1&ved=0CCUQFjAA&url=http%3A%2F%2Fsmartech.gatech.edu%2Fjspui%2Fbitstream%2F1853%2F7546%2F1%2Fduenasosorio_le
http://www.google.co.uk/url?sa=t&rct=j&q=Interdependent+Response+of+Networked+Systems+to+Natural+Hazards+and+Intentional+Disruptions&source=web&cd=1&ved=0CCUQFjAA&url=http%3A%2F%2Fsmartech.gatech.edu%2Fjspui%2Fbitstream%2F1853%2F7546%2F1%2Fduenasosorio_le
http://www.google.co.uk/url?sa=t&rct=j&q=Interdependent+Response+of+Networked+Systems+to+Natural+Hazards+and+Intentional+Disruptions&source=web&cd=1&ved=0CCUQFjAA&url=http%3A%2F%2Fsmartech.gatech.edu%2Fjspui%2Fbitstream%2F1853%2F7546%2F1%2Fduenasosorio_le
https://doi.org/10.1103/PhysRevE.73.066132
https://doi.org/10.1785/0120060106
https://doi.org/10.1111/j.1467-9671.2008.01086.x
https://doi.org/10.5198/jtlu.v2i3.14
https://doi.org/10.2307/1999405
https://doi.org/10.1130/G23631A.1

Elias A, (2012) Notes on Earthquake Hazard in Lebanon. Geology department of the
American University of Beirut.

Fan, Y. (2006). Pacific Earthquake Engineering Research Center (PEER) Year 9 Report,
Vol. 2.PEER, Berkeley, California.

Friesz, T. L., Luque, J., Tobin, R. L., and Wie, B. W. (1989). Dynamic network traffic
assignment considered as a continuous time optimal control problem. Operations
Research, 37(6), 893-901. https://doi.org/10.1287/opre.37.6.893

FHWA (2006). Seismic Retrofitting Manual for Highway Structures: Part 1 — Bridges.

Turner-Fairbank Highway Research Center, McLean, VA.

Furtado, M.N., and Alipour, A. (2014). Estimation of direct and indirect losses in
transportation networks due to seismic events. Compendium of papers at the
Transportation Research Board Annual Meeting, Washington, DC.

Freiria, S., B. Ribeiro, and A. O. Tavares. 2015. Understanding Road Network Dynamics:
Link Based Topological Patterns. Journal of Transport Geography 46: 55-66.
http://dx.doi.org/10.1016/j.jtrange0.2015.05.002

Furtado, M.N. (2015). “Measuring the Resilience of Transportation Networks Subject to
Seismic Risk” (2015). Masters Theses. 148. Retrieved July 7, 2019, from
https://scholarworks.umass.edu/masters_theses 2/148

Goh, K. I., Oh, E., Jeong, H., Kahng, B., and Kim, D. (2002). Classification of scale-free
networks. Proceedings of the National Academy of Sciences of the United States of
America, 99(20), 12583-12588. https://doi.org/10.1073/pnas.202301299

Gomez, F., Meghraoui, M., Darkal, A. N., Hijazi, F., Mouty, M., Suleiman, Y., ...

Barazangi, M. (2003). Holocene faulting and earthquake recurrence along the Serghaya
branch of the dead sea fault system in Syria and Lebanon. Geophysical Journal
International, 153(3), 658-674. https://doi.org/10.1046/j.1365-246X.2003.01933.x
Gastner, M. T., and Newman, M. E. J. (2006). The spatial structure of networks. European
Physical Journal B, 49(2), 247-252. https://doi.org/10.1140/epjb/e2006-00046-8

Garbin DA, Shortle JF. (2007) Measuring Resilience in Network- Based Infrastructures, In

McCarthy JA (ed). Critical Thinking: Moving from Infrastructure Protection to

Infrastructure Resiliency. Fairfax, VA: George Mason University.

125


https://doi.org/10.1287/opre.37.6.893
http://dx.doi.org/10.1016/j.jtrangeo.2015.05.002
https://scholarworks.umass.edu/masters_theses_2/148
https://doi.org/10.1073/pnas.202301299
https://doi.org/10.1046/j.1365-246X.2003.01933.x
https://doi.org/10.1140/epjb/e2006-00046-8

Gitz, V., and Meybeck, A. (2012). Risks, vulnerabilities and resilience in a context of
climate change. Building Resilience for Adaptation to Climate Change in the Agriculture
Sector, (2006), 19-36. Retrieved August 3, 2019, from
http://www.fao.org/docrep/017/i3084e/i3084e00.htm

Guze, S. (2015). Graph Theory Approach to Transportation Systems Design and
Optimization. TransNav, the International Journal on Marine Navigation and Safety of
Sea Transportation, 8(4), 571-578. https://doi.org/10.12716/1001.08.04.12

Holling, C. S. (1973), Resilience and ecological stability of ecosystems, Annual Review of

Ecological Systems, 4(1), pp. 13-20.

Harajli. MH, Tabet. C, Sadek. S, Mabsout. M, Moukaddam. S, and Abdo, M. (1994).
Seismic hazard assessment of Lebanon: zonation maps, and structural seismic design
regulations. Ministry of Public Works, Beirut, Research report submitted to the Directorate
of Urbanism.

Holling, C. S. (1996), Engineering resilience versus ecological resilience, in P. Schulze
(Ed.), Engineering within ecological constraints, National Academy Press, Washington,
D.C., pp. 31-44.

He, J., and Li, J. (2001). Recursive algorithm for seismic reliability evaluation of large-
scale lifeline system. Tongji Daxue Xuebao/Journal of Tongji University, 29(7), 757-762.
Holme, P., Kim, B. J., Yoon, C. N., and Han, S. K. (2002). Attack vulnerability of complex
networks. Physical Review E - Statistical Physics, Plasmas, Fluids, and Related
Interdisciplinary Topics, 65(5), 14. https://doi.org/10.1103/PhysReVvE.65.056109

Harb, J. (2003). Risks of Liquefaction in the Greater Beirut Area. Soil Rock America, 1085-
1090.

Haimes, Y. Y. (2009, April). On the definition of resilience in systems. Risk Analysis.
https://doi.org/10.1111/].1539-6924.2009.01216.x

Hu, H., Du, X., Xu, C., Zhao, F., Lin, X., and Bo, Z. (2011). Risk assessment of cascading
failure in power systems based on uncertainty theory. In IEEE Power and Energy Society
General Meeting. https://doi.org/10.1109/PES.2011.6039029

Huijer, C., Harajli, M., and Sadek, S. (2011). UPGRADING THE SEISMIC HAZARD OF
LEBANON IN LIGHT OF THE RECENT DISCOVERY OF THE OFFSHORE THRUST
FAULT SYSTEM. Lebanese Science Journal (Vol. 12).

126


http://www.fao.org/docrep/017/i3084e/i3084e00.htm
https://doi.org/10.12716/1001.08.04.12
https://doi.org/10.1103/PhysRevE.65.056109
https://doi.org/10.1111/j.1539-6924.2009.01216.x
https://doi.org/10.1109/PES.2011.6039029

Hashemi, M., and Alesheikh, A. A. (2012). Development and implementation of a GIS-
based tool for spatial modeling of seismic vulnerability of Tehran. Natural Hazards and
Earth System Science, 12(12), 3659-3670. https://doi.org/10.5194/nhess-12-3659-2012

Huijer, C., Harajli, M., and Sadek, S. (2016). Re-evaluation and updating of the seismic
hazard of Lebanon. Journal of Seismology, 20(1), 233-250.
https://doi.org/10.1007/s10950-015-9522-z

Hackl, J. and Adey, B.T. (2019) Applied Network Scence. 2019-4:28.
https://doi.org/10.1007/s41109-019-0139-y
Hong, J., Tamakloe, R., Lee, S., and Park, D. (2019). Exploring the Topological

Characteristics of Complex Public Transportation Networks: Focus on Variations in Both
Single and Integrated Systems in the Seoul Metropolitan Area. Sustainability, 11(19),
5404. https://doi.org/10.3390/su11195404

Jiang, W., Vaidya, J., Balaporia, Z., Clifton, C., and Banich, B. (2005). Knowledge

discovery from transportation network data. In Proceedings - International Conference on
Data Engineering (pp. 1061-1072). https://doi.org/10.1109/ICDE.2005.82
Jeong, S. H., and Elnashai, A. S. (2007). Probabilistic fragility analysis parameterized by

fundamental  response  quantities. Engineering  Structures, 29(6),  1238-1251.
https://doi.org/10.1016/j.engstruct.2006.06.026
Joerin, J., Shaw, R., Takeuchi, Y., and Krishnamurthy, R. (2012). Assessing community

resilience to climate-related disasters in Chennai, India. International Journal of Disaster
Risk Reduction, 1(1), 44-54. https://doi.org/10.1016/].ijdrr.2012.05.006

Jawad, D., Harb, J., Najem, G., Khairallah, R., Rouhana, F. (2019). Street Resilience
Modeling for Beirut Disaster. Civil Engineering Conference in the Asian Region CECAR
8 (16-19 April 2019), Tokyo, Japan.

Kroft, D. (1967). “All paths throughout a maze.” Proceedings of IEEE, 55, 88-90.

Kuo, S. Y., Lu, S. K., and Yefa, F. M. (1999). Determining Terminal-Pair Reliability Based
on Edge Expansion Diagrams Using OBDD. IEEE Transactions on Reliability, 48(3),
234-246. https://doi.org/10.1109/24.799845

127


https://doi.org/10.5194/nhess-12-3659-2012
https://doi.org/10.1007/s10950-015-9522-z
https://doi.org/10.1007/s41109-019-0139-y
https://doi.org/10.3390/su11195404
https://doi.org/10.1109/ICDE.2005.82
https://doi.org/10.1016/j.engstruct.2006.06.026
https://doi.org/10.1016/j.ijdrr.2012.05.006
https://doi.org/10.1109/24.799845

Khair, K., Karakaisis, G. F., and Papadimitriou, E. E. (2000). Seismic zonation of the Dead
Sea Transform Fault area. Annali Di Geofisica, 43(1), 61-79. https://doi.org/10.4401/ag-
3620

Kiremidjian, A., Moore, J.,, Fan, Y. Y., Yazlali, O., Basoz, N., and Williams, M. (2007).
Seismic risk assessment of transportation network systems. Journal of Earthquake
Engineering, 11(3), 371-382. https://doi.org/10.1080/13632460701285277

Kang, W. H., Song, J., and Gardoni, P. (2008). Matrix-based system reliability method and

applications to bridge networks. Reliability Engineering and System Safety, 93(11), 1584—
1593. https://doi.org/10.1016/j.ress.2008.02.011

Kim, Y., Spencer, B. F., and Elnashai, A. S. (2008). Seismic loss assessment and mitigation

for critical urban infrastructure systems. Report No. NSEL-007, Newmark Structural
Engineering Laboratory, Department of Civil and Environmental Engineering, University
of Illinois at Urbana-Champaign, Urbana, IL.

Karimzadeh, S., Miyajima, M., Hassanzadeh, R., Amiraslanzadeh, R., and Kamel, B.
(2014). A GIS-based seismic hazard, building vulnerability and human loss assessment for
the earthquake scenario in Tabriz. Soil Dynamics and Earthquake Engineering. Elsevier
Ltd. https://doi.org/10.1016/j.s0ildyn.2014.06.026

Kilanitis, 1., and Sextos, A. (2019). Integrated seismic risk and resilience assessment of
roadway networks in earthquake prone areas. Bulletin of Earthquake Engineering, 17(1),
181-210. https://doi.org/10.1007/s10518-018-0457-y

Levin, S. a, Barrett, S., Aniyar, S., Baumol, W., Bliss, C., Bolin, B., ... Jansson, A. (1998).
Resilience in natural and socioeconomic systems. In Environment and Development
Economics (pp. 221-262).

Li, J., and He, J. (2002). A recursive decomposition algorithm for network seismic
reliability evaluation. Earthquake Engineering and Structural Dynamics, 31(8), 1525—
1539. https://doi.org/10.1002/eqe.174

Lebanese Decree 14293. (2005). Requirements and conditions for buildings, installations,

and elevators for the protection against fires and earthquakes.

128


https://doi.org/10.4401/ag-3620
https://doi.org/10.4401/ag-3620
https://doi.org/10.1080/13632460701285277
https://doi.org/10.1016/j.ress.2008.02.011
https://doi.org/10.1016/j.soildyn.2014.06.026
https://doi.org/10.1007/s10518-018-0457-y
https://doi.org/10.1002/eqe.174

Lantada, N., Pujades, L. G., and Barbat, A. H. (2009). Vulnerability index and capacity
spectrum-based methods for urban seismic risk evaluation. A comparison. Natural
Hazards, 51(3), 501-524. https://doi.org/10.1007/s11069-007-9212-4

Leu, G., Abbass, H., and Curtis, N. (2010). Resilience of ground transportation networks:
A case study on Melbourne. In ATRF 2010: 33rd Australasian Transport Research Forum.

Liu, H., Cui, X., Yuan, D., Wang, Z., Jin, J., and Wang, M. (2011). Study of earthquake
disaster population risk based on GIS a case study of Wenchuan earthquake region.
In Procedia Environmental Sciences (Vol. 11, pp. 1084-1091). Elsevier B.V.
https://doi.org/10.1016/j.proenv.2011.12.164

Lee, Y. J.,, Song, J., Gardoni, P., and Lim, H. W. (2011). Post-hazard flow capacity of
bridge transportation network considering structural deterioration of bridges. Structure and
Infrastructure Engineering, 7(7-8), 509-521.
https://doi.org/10.1080/15732479.2010.493338

Lebanese Decree 7964. (2012). Public Safety Law.

Liu, W., Li, X,, Liu, T., and Liu, B. (2019). Approximating betweenness centrality to

identify key nodes in a weighted urban complex transportation network. Journal of
Advanced Transportation, 2019. https://doi.org/10.1155/2019/9024745

Merchant, D. K., and Nemhauser, G. L. (1978a). MODEL AND AN ALGORITHM FOR
THE DYNAMIC TRAFFIC ASSIGNMENT PROBLEMS. Transp Sci, 12(3), 183-199.
https://doi.org/10.1287/trsc.12.3.183

Merchant, D. K., and Nemhauser, G. L. (1978b). OPTIMALITY CONDITIONS FOR A
DYNAMIC TRAFFIC ASSIGNMENT MODEL. Transp Sci, 12(3), 200-207.
https://doi.org/10.1287/trsc.12.3.200

Murray-Tuite, P. M., and Mahmassani, H. S. (2004). Methodology for determining

vulnerable links in a transportation network. In Transportation Research Record (pp. 88—
96). National Research Council. https://doi.org/10.3141/1882-11

Manyena, S. B. (2006, December). The concept of resilience revisited. Disasters.
https://doi.org/10.1111/j.0361-3666.2006.00331.x

129


https://doi.org/10.1007/s11069-007-9212-4
https://doi.org/10.1016/j.proenv.2011.12.164
https://doi.org/10.1080/15732479.2010.493338
https://doi.org/10.1155/2019/9024745
https://doi.org/10.1287/trsc.12.3.183
https://doi.org/10.1287/trsc.12.3.200
https://doi.org/10.3141/1882-11
https://doi.org/10.1111/j.0361-3666.2006.00331.x

Murray, A. T., Matisziw, T. C., and Grubesic, T. H. (2008). A methodological overview

of network vulnerability analysis. Growth and Change. https://doi.org/10.1111/j.1468-
2257.2008.00447.x
Mehary, S., and Dusicka, P. (2012). Seismic Hazard Assessment of Oregon Highway Truck

Routes. Oregon Department of Transportation.

Morgado, P., and Cost, N. (2014). GRAPH-BASED MODEL TO TRANSPORT
NETWORKS ANALYSIS THROUGH GIS. Proceedings of European Colloquium on
Quantitative and Theoretical Geography, Greece, Athens, 2-5 September.

Mussone, L., and Notari, R. (2017). Structure Indicators for Transportation Graph Analysis
I: Planar Connected Simple Graphs. Networks and Spatial Economics, 17(1), 69-106.
https://doi.org/10.1007/s11067-015-9318-2

Mazumder, R. K., and Salman, A. M. (2019). Seismic damage assessment using RADIUS

and GIS: A case study of Sylhet City, Bangladesh. International Journal of Disaster Risk
Reduction, 34, 243-254. https://doi.org/10.1016/j.ijdrr.2018.11.023

Nojima, N. (1998). Prioritization in Upgrading Seismic Performance of Road Network
Based on System Reliability Analysis. In 3rd China-Japan-US Trilateral Symposium on
Lifeline Earthquake Engineering.

Nojima, N., and Sugito, M. (2000). Simulation and evaluation of post-earthquake
functional performance of transportation network. In Proceedings of the 12th World
Conference on Earthquake Engineering. New Zealand Society for Earthquake
Engineering. Retrieved July 25, 2019, from
http://www.iitk.ac.in/nicee/wcee/article/1927.pdf

Novak, D. C., Sullivan, J. L., and Scott, D. M. (2012). A network-based approach for
evaluating and ranking transportation roadway projects. Applied Geography, 34, 498-506.
https://doi.org/10.1016/j.apge0g.2012.01.010

Najarian, M., and Lim, G. J. (2019). Design and Assessment Methodology for System
Resilience Metrics. Risk Analysis, 39(9), 1885-1898. https://doi.org/10.1111/risa.13274

Newman, M. E. J. (2002). The structure and function of networks. In Computer Physics
Communications (Vol. 147, pp. 40-45). https://doi.org/10.1016/S0010-4655(02)00201-1

130


https://doi.org/10.1111/j.1468-2257.2008.00447.x
https://doi.org/10.1111/j.1468-2257.2008.00447.x
https://doi.org/10.1007/s11067-015-9318-2
https://doi.org/10.1016/j.ijdrr.2018.11.023
http://www.iitk.ac.in/nicee/wcee/article/1927.pdf
https://doi.org/10.1016/j.apgeog.2012.01.010
https://doi.org/10.1111/risa.13274
https://doi.org/10.1016/S0010-4655(02)00201-1

National Council for Scientific Research — National Center for Geophysics. Local
Seismicity Map. Retrieved November 8, 2019, from http://www.cnrs.edu.lb/
National Council for Scientific Research (CNRS). Notre Dame University (NDU).

Retrieved November 26, 2019, from http://gismaps.ndu.edu.lb/

Ortiz, D. S., Ecola, L., and Willis, H. H. (2009). Adding resilience to the freight system in
statewide and metropolitan transportation plans: Developing a conceptual approach,
NCHRP, Project No. 8-36, Task 73, June 2009.

Narayan, O., Saniee, I., and Tucci, G. H. (2015). Lack of hyperbolicity in asymptotic
Erd6s-Rényi  sparse  random  graphs. Internet  Mathematics, 11(3), 277-288.
https://doi.org/10.1080/15427951.2014.1002640

Panoussis, G. (1974). Seismic reliability of lifeline networks (MIT-CE R74-57), SDDA
Report No.15, Department of Civil Engineering, Massachusetts Institute of Technology,
Cambridge, MA.

Pimm, S. L. 1991. The Balance of Nature? Chicago: University of Chicago Press.

Peeta, S., and Ziliaskopoulos, A. (2001). Foundations of Dynamic Traffic Assignment: The
Past, the Present and the Future. Networks and Spatial Economics, 1(3/4), 233-265.
https://doi.org/10.1023/A:1012827724856

Porta, S., Crucitti, P., and Latora, V. (2006). The network analysis of urban streets: A

primal approach. Environment and Planning B: Planning and Design, 33(5), 705-725.
https://doi.org/10.1068/b32045

Pelling, M. (2012). The vulnerability of cities: Natural disasters and social resilience. The

Vulnerability of Cities: Natural Disasters and Social Resilience (pp. 1-212). Taylor and
Francis. https://doi.org/10.4324/9781849773379
Padgett, J. E., and DesRoches, R. (2009). Retrofitted bridge fragility analysis for typical

classes of multispan bridges. Earthquake Spectra, 25(1), 117-141.
https://doi.org/10.1193/1.3049405

Park, J., Seager, T. P., Rao, P. S. C., Convertino, M., and Linkov, I. (2013, March).
Integrating risk and resilience approaches to catastrophe management in engineering
systems. Risk Analysis. https://doi.org/10.1111/].1539-6924.2012.01885.x

Presidency of the Council of Ministers, Central Administration of Statistics. 2009.

Retrieved October 3, 2019, from http://www.cas.qov.Ib

131


http://www.cnrs.edu.lb/
http://gismaps.ndu.edu.lb/
https://doi.org/10.1080/15427951.2014.1002640
https://doi.org/10.1023/A:1012827724856
https://doi.org/10.1068/b32045
https://doi.org/10.4324/9781849773379
https://doi.org/10.1193/1.3049405
https://doi.org/10.1111/j.1539-6924.2012.01885.x
http://www.cas.gov.lb/

Rojahn, C., Scawthorn, C., and Khater, M. (1992). Transportation lifeline losses in large
eastern earthquakes. In Lifeline Earthquake Engineering in the Central and Eastern
US (pp. 87-101). Publ by ASCE.

Rinaldi, S. M., Peerenboom, J. P., and Kelly, T. K. (2001). Identifying, understanding, and
analyzing  critical  infrastructure interdependencies. IEEE ~ Control  Systems
Magazine, 21(6), 11-25. https://doi.org/10.1109/37.969131

Rose, A. (2004) "Defining and measuring economic resilience to disasters”, Disaster

Prevention and Management: An International Journal, Vol. 13 Issue: 4, pp.307-314,
https://doi.org/10.1108/09653560410556528

Rose, Adam Z., "Economic Resilience to Disasters" (2009). Published Articles and Papers.
Paper 75. Retrieved July 25, 2019, from

http://research.create.usc.edu/published papers/75

Rose, A., Liao, S. Y., and Bonneau, A. (2011). Regional economic impacts of a verdugo
scenario earthquake disruption of los angeles water supplies: A computable general
equilibrium analysis. Earthquake Spectra, 27(3), 881-906.
https://doi.org/10.1193/1.3610245

Rose, A., and Wein, A. (2011), Economic resilience, Special Issue on the ShakeOut

Earthquake. Scenario, pp. 1-9.

Rossi, R., Gastaldi, M., Carturan, F., Pellegrino, C., and Modena, C. (2012). Planning and
management of actions on transportation system to address extraordinary events in post-
emergency situations. a multidisciplinary approach. European Transport - Trasporti
Europei, (51).

Rokneddin, K., Ghosh, J., Duefias-Osorio, L., and Padgett, J. E. (2013). Bridge retrofit
prioritisation for ageing transportation networks subject to seismic hazards. Structure and
Infrastructure Engineering, 9(10), 1050-1066.
https://doi.org/10.1080/15732479.2011.654230

Rouhana, F., Jawad, D., Atieh, M. (2019). “Geospatial Statistical Analysis of Road Traftic

Accidents andMortality”. Proceedings of Transportation Research Board, TRB 98" Annual
Meeting (13-17 January 2019), Washington, D.C.

Sheffi, Y. (1985). Urban transportation networks: Equilibrium analysis with mathematical

programming methods, Prentice-Hall, Englewood Cliffs, NJ.

132


https://doi.org/10.1109/37.969131
http://research.create.usc.edu/published_papers/75
https://doi.org/10.1193/1.3610245
https://doi.org/10.1080/15732479.2011.654230

Shinozuka, M., Murachi, Y., Dong, X., Zhou, Y., and Orlikowski, M. J. (2003). Effect of
seismic retrofit of bridges on transportation networks. Earthquake Engineering and
Engineering Vibration, 2(2), 169-179. https://doi.org/10.1007/s11803-003-0001-0
Shinozuka, M., Zhou, Y., Kim, S., Murachi, Y., Banerjee, S., Cho, S., and Chung, H.
(2005). Socio-Economic Effect of Seismic Retrofit Implemented on Bridges in the Los
Angeles Highway Network. Report No. CA F/CA/SD-2005/03, California Department of
Transportation, Sacramento, CA, (December).

Scott, D. M., Novak, D. C., Aultman-Hall, L., and Guo, F. (2006). Network Robustness

Index: A new method for identifying critical links and evaluating the performance of

transportation  networks. Journal of  Transport  Geography, 14(3), 215-227.
https://doi.org/10.1016/j.jtrange0.2005.10.003
Shiraki, N., Shinozuka, M., Moore, J. E., Chang, S. E., Kameda, H., and Tanaka, S. (2007).

System risk curves: Probabilistic performance scenarios for highway networks subject to

earthquake damage. Journal of Infrastructure Systems, 13(1), 43-54,
https://doi.org/10.1061/(ASCE)1076-0342(2007)13:1(43)

Sevtsuk, A., and Mekonnen, M. (2012). Urban network analysis. A new toolbox for
ArcGIS. Revue Internationale de Géomatique, 22(2), 287-305.
https://doi.org/10.3166/rig.22.287-305

Shen, Z., Tsoi, T., Pannala, J., and Rai, R. (2009). Modeling Transportation Networks

During Disruptions and Emergency .... Uctc.Net. Retrieved November 4, 2019, from
http://www.uctc.net/papers/853.pdf

Shafieezadeh, A., Hu, W., Erduran, E. and Ryan, K. (2009). Seismic vulnerability
assessment and retrofit recommendations for state highway bridges: case studies. Utah

Department of Transportation, Salt Lake City, Utah.

Sarris, A., Loupasakis, C., Soupios, P., Trigkas, V., and Vallianatos, F. (2010). Earthquake
vulnerability and seismic risk assessment of urban areas in high seismic regions:
Application to Chania City, Crete Island, Greece. Natural Hazards, 54(2), 395-412.
https://doi.org/10.1007/s11069-009-9475-z

Stergiou, E. C., and Kiremidjian, A. S. (2010). Risk assessment of transportation systems
with network functionality losses. Structure and Infrastructure Engineering, 6(1-2), 111
125. https://doi.org/10.1080/15732470802663839

133


https://doi.org/10.1007/s11803-003-0001-0
https://doi.org/10.1016/j.jtrangeo.2005.10.003
https://doi.org/10.1061/(ASCE)1076-0342(2007)13:1(43)
https://doi.org/10.3166/rig.22.287-305
http://www.uctc.net/papers/853.pdf
https://doi.org/10.1007/s11069-009-9475-z
https://doi.org/10.1080/15732470802663839

Simonovic, S.P. (2012), Modeling Dynamic Resilience to Climate Change Caused Natural
Disasters, Friday Forum, Western Ontario University, Ontario, CAN, Retrieved September

3, 2019, from http://www.iclr.org/images/Simonovic_Friday Forum_ Oct 2012.pdf

Simonovic, S. P., and Peck, A. (2013). Dynamic Resilience to Climate Change Caused
Natural Disasters in Coastal Megacities Quantification Framework. British Journal of
Environment and Climate Change, 3(3), 378-401.
https://doi.org/10.9734/bjecc/2013/2504

Shuang, Q., Zhang, M., and Yuan, Y. (2014). Performance and reliability analysis of water

distribution systems under cascading failures and the identification of crucial pipes. PLoS
ONE, 9(2). https://doi.org/10.1371/journal.pone.0088445
Salloum, N., Jongmans, D., Cornou, C., Massih, D. Y. A., Chehade, F. H., Voisin, C., and

Mariscal, A. (2014). The shear wave velocity structure of the heterogeneous alluvial plain
of Beirut (Lebanon): Combined analysis of geophysical and geotechnical
data. Geophysical Journal International, 199(2), 894-913.
https://doi.org/10.1093/gji/ggqu294

Soltani-Sobh, A., Heaslip, K., and El Khoury, J. (2015). Estimation of road network

reliability on resiliency: An uncertain based model. International Journal of Disaster Risk
Reduction, 14, 536-544. https://doi.org/10.1016/j.ijdrr.2015.10.005

Stoilova, S., and Stoev, V. (2015). An application of the graph theory which examines the
metro networks. Transport Problems, 10(2), 35-48. https://doi.org/10.21307/tp-2015-018
Salameh, C., Guillier, B., Harb, J., Cornou, C., Bard, P. Y., Voisin, C., and Mariscal, A.
(2016). Seismic response of Beirut (Lebanon) buildings: instrumental results from ambient
vibrations. Bulletin of Earthquake Engineering, 14(10), 2705-2730.
https://doi.org/10.1007/s10518-016-9920-9

Shanmukhappa, T., Ho, I. W. H., and Tse, C. K. (2018). Spatial analysis of bus transport

networks using network theory. Physica A: Statistical Mechanics and Its
Applications, 502, 295-314. https://doi.org/10.1016/j.physa.2018.02.111

Taleb-Agha, G. (1977). “Seismic risk analysis of lifeline networks.” Bulletins of
Seismology Society of America, 67(6), 1625-1645.

134


http://www.iclr.org/images/Simonovic_Friday_Forum_Oct_2012.pdf
https://doi.org/10.9734/bjecc/2013/2504
https://doi.org/10.1371/journal.pone.0088445
https://doi.org/10.1093/gji/ggu294
https://doi.org/10.1016/j.ijdrr.2015.10.005
https://doi.org/10.21307/tp-2015-018
https://doi.org/10.1007/s10518-016-9920-9
https://doi.org/10.1016/j.physa.2018.02.111

Tuydes, H., and Ziliaskopoulos, A. (2006). Tabu-based heuristic approach for optimization
of network evacuation contraflow. In Transportation Research Record (pp. 157-168).
National Research Council. https://doi.org/10.3141/1964-17

Tierney K, and Bruneau M. (2007) Conceptualized and measuring resilience. TR News,
2007; 250:14-17.

Tatano, H., and Tsuchiya, S. (2008, February). A framework for economic loss estimation

due to seismic transportation network disruption: A spatial computable general equilibrium
approach. Natural Hazards. https://doi.org/10.1007/s11069-007-9151-0

Turnquist, M., and Vugrin, E. (2013). Design for resilience in infrastructure distribution
networks. Environmentalist, 33(1), 104-120. https://doi.org/10.1007/s10669-012-9428-z
Testa, Alexandra C., "Resilience of Transportation Infrastructure Systems to Climatic
Extreme Events" (2015).Masters Theses. 173. Retrieved July 5, 2019, from

https://scholarworks.umass.edu/masters theses 2/173

Tadjer, K., and Bensaibi, M. (2017). Earthquake risk assessment of Blida (Algeria) using
GIS. InEnergy  Procedia(Vol. 139, pp. 645-650). Elsevier  Ltd.
https://doi.org/10.1016/j.eqypro.2017.11.266

Tran, V.H., Cheong, S.A. and Bui, N.D. (2019). Complex Network Analysis of the
Robustness of the Hanoi, Vietnam Bus Network. Journal of Systems Science and
Complexity (2019) 32: 1251-1263. https://doi.org/10.1007/s11424-019-7431-X

United Nations (2015) Sendai framework for disaster risk reduction 2015-2030, Sendai,
Japan

Vragovi¢, 1., Louis, E., and Diaz-Guilera, A. (2005). Efficiency of informational transfer
in regular and complex networks. Physical Review E - Statistical, Nonlinear, and Soft
Matter Physics, 71(3). https://doi.org/10.1103/PhysRevE.71.036122

Venkittaraman, A., and Banerjee, S. (2014). Enhancing resilience of highway bridges

through seismic retrofit. Earthquake Engineering and Structural Dynamics, 43(8), 1173—
1191. https://doi.org/10.1002/eqe.2392

Wardrop, J. G., and Whitehead, J. 1. (1952). CORRESPONDENCE. SOME
THEORETICAL ASPECTS OF ROAD TRAFFIC RESEARCH. Proceedings of the
Institution of Civil Engineers, 1(5), 767—768. https://doi.org/10.1680/ipeds.1952.11362

135


https://doi.org/10.3141/1964-17
https://doi.org/10.1007/s11069-007-9151-0
https://doi.org/10.1007/s10669-012-9428-z
https://scholarworks.umass.edu/masters_theses_2/173
https://doi.org/10.1016/j.egypro.2017.11.266
https://doi.org/10.1007/s11424-019-7431-x
https://doi.org/10.1103/PhysRevE.71.036122
https://doi.org/10.1002/eqe.2392
https://doi.org/10.1680/ipeds.1952.11362

Weiner, E. (1987). Urban transportation planning in the United States: A historical
overview, Praeger Publishers, New York, NY.

Wu, X., and Sha, J. (1998). “Full probability decomposition algorithm for network
reliability.” System Engineering and Electronics Technology (Xi Tong Gong Cheng Yu
Dian Zi Ji Shu), 20(6), 71-73.

Watts, D. J. (2002). A simple model of global cascades on random networks. Proceedings
of the National Academy of Sciences of the United States of America, 99(9), 5766-5771.
https://doi.org/10.1073/pnas.082090499

Werner, S.D., Taylor, C.E., Cho, S., Lavoie, J-P., Huyck, C., Eitzel, C., Chung, H., and
Eguchi, R.T. (2006). REDARS 2: Methodology and software for seismic risk analysis of
highway systems. Multidisciplinary Center for Earthquake Engineering Research, Buffalo,
NY.

Wright, T., Desroches, R., and Padgett, J. E. (2011). Bridge seismic retrofitting practices
in the central and southeastern United States. Journal of Bridge Engineering, 16(1), 82—
92. https://doi.org/10.1061/(ASCE)BE.1943-5592.0000128

World Health Organization (WHO), Global Status Report on Road Safety. 1211 Geneva
27, Switzerland, 2015.

World Population Prospects (Revision) - United Nations population estimates and

projections. 2017, Retrieved October 3, 2019, from https://esa.un.org

World Bank, 2019. World Development Indicators Database. Retrieved October 3, 2019,
from https://databank.worldbank.org

Zhou, Y., Banerjee, S., and Shinozuka, M. (2010). Socio-economic effect of seismic
retrofit of bridges for highway transportation networks: A pilot study. Structure and
Infrastructure Engineering, 6(1-2), 145-157.
https://doi.org/10.1080/15732470802663862

Zio, E., and Sansavini, G. (2011). Modeling interdependent network systems for

identifying cascade-safe operating margins. IEEE Transactions on Reliability, 60(1), 94—
101. https://doi.org/10.1109/TR.2010.2104211

136


https://doi.org/10.1073/pnas.082090499
https://doi.org/10.1061/(ASCE)BE.1943-5592.0000128
https://esa.un.org/unpd/wpp/
https://esa.un.org/
https://databank.worldbank.org/
https://doi.org/10.1080/15732470802663862
https://doi.org/10.1109/TR.2010.2104211

Zhang, H. (2017). Structural Analysis of Bus Networks Using Indicators of Graph Theory
and Complex Network Theory. The Open Civil Engineering Journal, 11(1), 92-100.
https://doi.org/10.2174/1874149501711010092

137


https://doi.org/10.2174/1874149501711010092

