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Abstract

In addition to operating close to their maximum capacity, transport networks, and especially the urban ones,
are subject to various disruptions induced by human, technical or natural factors, which often generate
loss of performance, damages and high maintenance costs. Introduced in the 70's, the notion of resilience
represents the ability of a system to maintain an acceptable level of performance in presence of a disruption.
Modeling and quantifying the resilience of multimodal, large-scale, urban transport networks is expected to
allow cities guaranteeing higher-quality of service and seamless mobility, even in the presence of disruptions
and major, predictable events. The research presented in this dissertation is motivated by the need of proper
defining the resilience of the transport network in order to understand their vulnerabilities. Such indication
aims at improving the functioning of the network under disruption and anticipating the loss of performance
by means of a resilient-oriented transport network design. In the literature, two major approaches aim at
quantifying the network resilience. On the one hand, the topological approach, based on graph theory,
which characterizes the static components of transport resilience, as issued from the redundancy of the
network and its connectivity. On the other hand, the dynamic approach, which takes into account the
traffic dynamics and leverages traffic theory for quantifying resilience induced by the network users behaviors
and the transport network performances. The combination of the static and the dynamic approaches for
resilience characterization is promising and provides deeper insights in the properties of a network, both
in terms of its topology and performance. Centrality measures, aiming at ranking the importance of the
graph components and issued from graph theory, are mainly analyzed to characterize the transport networks
in static settings. By computing them on dynamic weighted graphs that capture traffic conditions and by
adapting their formulation to consider the users’ demand, we are able to jointly consider network topology and
traffic dynamics in resilience characterization. To emulate the impact of disruptions, both simulated and real
data are considered. A stress test methodology, mostly used in the bank and nuclear sectors, which aims at
simulating the worst scenarios in order to analyze the impact and the reaction of the network, is developed to
observe the transport network behavior. Finally, we develop a methodology, quick-to-compute, which aims at
prioritizing the construction of some new transport mode lines, by maximizing the performance improvement
in a resilience context. We also propose an algorithm for the optimal deployment of a disruption-adapted
park-and-ride system.

Keywords: Transport network Resilience, Complex networks, Disruptions, Stress test, Network design






Résume

Les réseaux de transports urbains sont essentiels pour nos sociétés et en effet, la demande de mobilité, qu’elle
soit urbaine ou interurbaine, continue a croitre régulierement en Europe Comme dans le reste du monde, le
transport de marchandises devrait avoir augmenté d’environ 80% en 2050 par rapport a 2005, tandis que le
trafic passager devrait croitre de 51%. Pour autant, les réseaux de toutes natures se trouvent déja saturés
dans actuelle I'état actuel des systémes de transport et c'est pourquoi il convient d'imaginer de nouvelles
formes d’optimisation et de gestion innovante. A cela s'ajoute le fait que les infrastructures des réseaux
urbains, indispensables en cas de gestion de crise pour |'intervention des secours ou |'évacuation des villes,
sont exposées a des risques. Cette vulnérabilité a été mise en évidence a de nombreuses reprises comme le
prouvent de nombreux événements récents : le tempéte Alex du 2 Octobre 2020 qui a coupé l'accés a la
vallée de la Roya ; la vague de chaleur au Canada et dans I'ouest des Etats-Unis en Juin et Juillet 2021 qui
a induit la fermeture de plusieurs routes a cause de la fonte de I'asphalte ; les inondations du 14 Juillet 2021
a I'ouest de I'Allemagne qui ont empéchées I'accés a de nombreuses routes ; I'incendie du 17 Aolt 2021
au sud de la France qui a conduit a isoler toute une portion du réseau routier dont une autoroute; ... Les
perturbations auxquelles ces réseaux de transports notamment urbains sont soumis, peuvent étre d’origine
humaine, technique ou naturelle et impliquent régulierement des pertes de performances, des dommages et
des colits de maintenance élevés.

[l est donc important de limiter leur exposition aux risques. |l est aussi nécessaire de les rendre plus
résistants afin de conserver un niveau de performances acceptable en toutes circonstances. L'ingénierie de la
résilience agit en ce sens puisqu'elle représente un moyen innovant pour la compréhension du fonctionnement
des réseaux de transports. Introduite dans les années 70, la résilience est de plus en plus prégnante dans
la gestion et I'exploitation des infrastructures. Elle est définie comme la capacité d'un systéme a fournir et
maintenir un niveau de service acceptable face a des situations anormales. La résilience peut étre abordée
selon différents angles : robustesse, aptitude a rebondir a la suite d'un traumatisme pour retrouver |I'équilibre,
redondance, capacité de maintenir son trajet via un autre itinéraire, ... Modéliser puis quantifier la résilience
multimodale de larges réseaux de transports urbains permettrait de garantir un service de mobilité de qualité
aux villes, méme en présence de perturbations et d'événements majeurs impactant les réseaux urbains.

Les recherches présentées dans cette dissertation sont motivées par le besoin de définir de facon fiable
la résilience des réseaux de transports pour comprendre leurs vulnérabilités. Pour ce faire, la méthodologie
avancée a pour but de cherche a caractériser conjointement la topologie du réseau de transport et les
dynamiques de trafic dans la caractérisation de la résilience. La multimodalité des réseaux de transports
urbains se doit d'étre considérée puisqu'elle accroit la redondance du réseau de transport via les différents
modes de transports. Néanmoins, les larges ensembles de données qu'elle conduit a appréhender nous
obligent a simplifier ces réseaux pour une caractérisation rapide, en quasi-temps réel, de la résilience. La
connaissance ainsi acquise vise a améliorer leur fonctionnement lors de perturbations et a anticiper leurs
pertes de performances par la conception de réseaux plus résilients, plus en mesure de maintenir un niveau

de performances acceptable en toutes circonstances.

Dans I'état de I'art, deux approches majoritaires permettent de quantifier la résilience des réseaux.
D'une part, I'approche topologique basée sur la théorie des graphes, qui caractérise la résilience statique des



éléments du réseau en s'intéressant a la redondance dans le réseau ou encore a sa connectivité. D'autre
part, I'approche dynamique qui, considérant les dynamiques de trafic, en exploite la théorie pour quantifier
la résilience induite par les usagers et les performances du réseau de transport. Dans ce cadre, Les mesures
de centralités qui ont pour objectif de classer les composants d'un graphe en fonction de leur importance,
sont beaucoup utilisées dans I'analyse de la caractérisation de la résilience des réseaux de transport.

Le premier objectif consiste a combiner les deux approches topologique et dynamique majoritairement
utilisées pour caractériser la résilience, souvent menées séparément malgré leur complémentarité. En calcu-
lant les mesures de centralité sur un graphe pondéré dynamiquement qui permet de capturer les conditions de
trafic et en adaptant leurs formules pour tenir compte de la demande des utilisateurs, nous sommes capables
de considérer la topologie du réseau et les dynamiques de trafic dans la caractérisation de la résilience. Les
résultats obtenus prouvent la capacité des mesures de centralités a capturer les dynamiques de trafic en
plus de la topologie du réseau en étant calculées sur un graphe dynamique. En effet, nous observons une
évolution de ces mesures de centralités en lien avec |'évolution des conditions de trafic simulées ou réelles.
Ainsi, la criticité de certains composants du réseau (routes ou intersections) est modifiée au cours du temps.
Une étude de corrélation entre I'évolution d'une mesure de centralité et d’un flux de véhicule a été menée
et a permis de confirmer la capacité des mesures de centralité a capturer les dynamiques de trafic lorsque
ces derniéres sont calculées sur un graphe dynamique. Les routes congestionnées ont tendance a présenter
une anti-corrélation entre la mesure de centralité et le flux, les routes avec un comportement non-corrélées
étant inutilisées ou vulnérables topologiquement, alors que les routes présentant un comportement corrélé
présentent majoritairement des conditions de trafic fluides.

Pour émuler I'impact de perturbations, nous considérons des données tant simulées que réelles. Une
méthodologie de test de résistance, majoritairement étudiée dans les domaines du nucléaire et comme de la
finance et qui permet de simuler les pires scénarios de catastrophes en vue d'analyser I'impact et la réaction
du réseau, est développée pour observer le comportement du réseau de transport. Ici encore, |'utilisation de
mesures de centralités calculées sur un graphe pondéré par des données de trafic (en I'occurrence les temps
de parcours), permet une caractérisation des performances du réseau de transport en fonction de I'évolution
des conditions de ce trafic. Ainsi, I'impact de la perturbation sur le réseau peut étre quantifiée et renseigne
donc sur la résilience du réseau.

Une fois la résilience du réseau de transports caractérisée, des stratégies pour son amélioration peu-
vent/doivent &tre mises en place pour limiter I'impact négatif d'une potentielle perturbation. Celles-ci sont
proposées en amont d'un tel événement pour améliorer la résilience du réseau de transport en réponse. Elles
consistent majoritairement en une amélioration de la robustesse du réseau via I'addition d'itinéraires ou le
développement d'un nouveau mode de transport visant a compléter I'offre de transport existante. Ces straté-
gies s'intéressent également au déploiement optimal de services publics visant a réagir efficacement a une
perturbation en vue de retrouver au plus vite des conditions de trafic optimales. Concernant les stratégies
qui interviennent aprés la perturbation, une distinction peut étre faite entre le court et le long terme. Alors
que dans un premier temps il faut retrouver des conditions de trafic acceptables le plus rapidement possible
via le déblayage des routes ou la mise en place de service de transports alternatifs, par la suite , les stratégies
visent essentiellement a concevoir un futur réseau plus robuste.

Nous avons donc proposé deux types de stratégies visant a définir un réseau de transport plus résilient via
I'addition d'un nouveau mode de transport. Dans un premier temps, nous développons une méthodologie,
peu coliteuse en temps de calcul, pour optimiser la création d'un tel moyen de maniére a maximiser le gain
de performance et en améliorer sa la résilience globale du réseau. L'intérét d'une telle méthodologie est
double. A court terme, en condition dégradée, cette méthode agit comme un outil d'aide a la décision
pour la mise en place rapide d'une ligne de bus par exemple, visant a préserver autant que possible les
performances habituelles. A long terme, elle permet de déterminer les lignes de transports en communs
a privilégier lors de la construction d’'un nouveau mode de transport en planifiant son architecture avec le
but de maximiser les gains de performance le plus rapidement possible. Pour ce faire, nous caractérisons la
résilience du réseau de transport existants en considérant les aménagements a prévoir, au moyen de mesures
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de centralité. Une méthodologie de simplification de graphe a d'ailleurs été imaginée pour maintenir un
temps de calcul acceptable pour des réseaux de transports multimodaux de large échelle.

Dans un second temps, nous proposons deux formulations visant a optimiser la mise en place d'un
systéme de park-and-ride combiné a un service de transport en commun. Ces formulations sont stochastiques
pour considérer un ensemble de situations normales et dégradées pour lequel le systéme sera optimisé. Le
systéme de park-and-ride est ainsi sensible aux perturbations réguliéres qui affectent le réseau de transports.
La premiére consiste a maximiser I'utilisation du systéme de transport proposé qui vient compléter I'offre
de service actuelle. En simulant le choix du mode de transport via la formulation logit et en considérant
une formulation stochastique pour tenir compte de différentes conditions de trafic, nous sommes en mesure
de déterminer les localisations optimales pour les points de départs (pick ups) et les points d'arrivée (drop
offs) ainsi que la répartition des usagers sur le systéme de park-and-ride. Afin de résoudre ce probléme
sur un large réseau de transport, nous avons développé un algorithme de relaxation lagrangienne associé
a une heuristique pour réduire les temps de calculs. L'étude de cas portant sur la ville de Lyon nous a
permis de conforter I'intérét de notre algorithme pour résoudre un tel probléme. La seconde formulation
vise @ minimiser les colits de construction du systéme de park-and-ride, les colts d'exploitation avec une
optimisation de la flotte de véhicules utilisée, et les colits de trajet pour les usagers du systéme. Dans ce
cas, le probléme nous fournit les emplacements optimaux pour le positionnement des pick ups et des drop
offs, la répartition de la demande sur les différents itinéraires proposés par le systéme de park-and-ride mais
aussi le dimensionnement, le type, ainsi que la répartition de véhicules nécessaire pour satisfaire la demande
sur chacun des itinéraires. Cette seconde formulation, sensible aux conditions de trafic dégradées, a été
testée sur un petit réseau et le développement d'un algorithme de génération de colonnes pour traiter un
large réseau de transports urbains est en cours de développement afin d'appliquer cette formulation sur de
larges aires urbaines. Une combinaison des deux formulations semblerait prometteuse pour le déploiement
d’un tel systéeme adapté aux perturbations récurrentes en vue de proposer un mode de transport résilient.

Au cours de cette dissertation nous avons proposé une vue globale de la résilience des réseaux de trans-
ports urbains. Aprés avoir présenté |'état de I'art existant, nous avons détaillé notre méthodologie pour
déterminer une telle caractéristique en considérant la topologie du réseau ainsi que les dynamiques de trafic.
Sa caractérisation pour des réseaux de transports urbains et péri-urbains via I'utilisation de données simulées
ou réelles est ensuite détaillée tout comme la capacité de nos mesures a capturer I'impact de perturbations,
afin de valider notre méthodologie. Enfin, a des fins d'illustration de notre étude, nous avons élaboré et
testé deux stratégies visant a améliorer la résilience de réseaux de transports urbains via I'ajout d'un mode
de transport alternatif au réseau existant.

Mots Clés : Résilience des réseaux de transport, Réseaux complexes, Perturbations, Test de résistance,
Conception du réseau
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Introduction

Urban population is projected to reach 2.5 billion in 2050, more than two-thirds of the population (United
Nations, 2018). One of the biggest challenges facing growing urban areas is thus the increasing mobility
demand for all modes of transport, causing congestion, crowding, noise and emissions to rise (Cats and
Jenelius, 2018). Because the infrastructure systems are often designed with the objective of minimizing
the construction, maintenance and operational costs, they work close to their capacity with small margins
of reserve capacity and little redundancy (Mattsson and Jenelius, 2015). Indeed, some transport networks
already operate at their capacity limits (ITF, 2016; Dolinayova et al., 2020). Knowing that an increase
of capacity often reduces the redundancy, the system becomes more vulnerable (Goldberg, 1975). This is
typically the case in many metropolitan areas with rapid and important urbanization, especially in developing
countries where the transport networks are insufficient, causing severe traffic jams (Rana, 2011). According
to the INRIX Global Traffic Scorecard (INRIX, 2020), over half of the 200 studied cities, across 38 countries,
registered more than 100 hours lost in congestion per driver and year. By causing delays, inconvenience,
and economic losses, as well as air pollution, traffic congestion is a perpetual problem for the sustainability
of transportation development (Afrin and Yodo, 2020). Urban congestion costs are estimated to account
between €75 billion according to INRIX company (INRIX, 2020) and €105 billion according to Litman
(2021). Furthermore, the multimodal urban transport networks, essential to our societies are impacted by
incidents and adverse conditions which vary in nature, intensity, and origin, and reduce their performances
(Kramarz and Przybylska, 2019). Disruptions could be originated from natural, human or technical factors
(Cats et al., 2017; Husdal, 2004), and a distinction can be made between internal (technical failures,
accidents) and external (attacks, adverse weather) causes of disruptions (Mattsson and Jenelius, 2015).
Their impact differs in both spatial and temporal dimensions.

Extreme events and climate change

Public transport strikes impact the mode choice and disturb the total network by increasing the use of
personal vehicles for a few hours or a few days; bridge collapses strongly impact the transport network by
totally removing an important edge until its reconstruction; special events such as Olympic Games disrupt
normal traffic conditions by introducing a highly concentrated travel demand for months, natural hazards
and extreme-weather events such as earthquakes or hurricanes induce important infrastructure damages, and
negatively impact the network (Zhu and Levinson, 2011). It is important to note that, as a consequence of
climate change, the frequency and intensity of these events are expected to increase significantly (Pregnolato
et al., 2017). Some recent events confirm the forecasts: Alex's storm on 2"¢ October 2020 which cut off
access to Roya Valley Taylor (2020),the heatwave in Canada and Western America which caused several
roads closure during June and July 2021 because of the asphalt bucking due to burning temperatures
(Therrien, 2021), the high-intensity rainfall on 14" July 2021 in western Germany where roads were cut
off (BBC, 2021b), the wildfire on 17th August 2021 in the south of France which provoked road closures
and detours (BBC, 2021a).The technical factors encompass the recurring technical problems impacting the
public transport (Whyte, 2021), the bridge failures which strongly impact the transport networks (NBC,
2018).Finally, the human factors are due to the people errors such as the blockage of the Suez Canal at
the end of March 2021 which causes important maritime traffic jams (The Associated Press, 2021a), or
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the recurrent car crashes which impacts the traffic conditions, the power outage that disrupted half of New
York City's subway system for several hours caused by someone accidentally pressing an “Emergency Power
Off” button (The Associated Press, 2021b).

Resilience definition

According to Lyons (2004) society and transport are dependent: “transport does not merely serve society: it
shapes society, as in turn society shapes transport”. Transport networks, which aim at moving goods, people
or information, from one node to all others (Liu, 2011; Aldagheiri, 2009), are essential for our societies
because of their influence on the spatial variation of many activities (White and Senior, 1983), by impacting
disease spread, congestion, urban sprawl or city structure (Barthélemy, 2011). The identification of events
are crucial for decision-makers to initiate mitigation strategies to improve transportation system resilience
and thus reduce network vulnerabilities (Afrin and Yodo, 2020). Although transport network resilience has
gained attention in the past decades, since its apparition in the ecological field (Holling, 1973), resilience has
no single agreed definition. For Jani¢ (2015) resilience is the ability of a system to operate under variable
and unexpected conditions without substantially compromising its planned performances. Haimes (2009)
proposes a similar definition with the addition of the recovery aspect: the system has to recover within
an acceptable time and composite costs and risks. Dekker et al. (2008) assume that a resilient system
is able to adapt its functioning prior to, during, or following changes and disturbances. Another popular
definition of resilience is the one of Bruneau et al. (2003) who separate resilience in three parts phases,
with respect to the occurrence of a disruption: pre-perturbation resilience aims at mitigating the impact of
hazards before their occurrence thanks to the network robustness ; perturbation resilience aims at limiting
damages during the perturbation and is known as the network reactivity ; post-perturbation resilience aims
at rapidly regaining the initial level of performance after the disruption and corresponds to network recovery.
To sum up, a resilient system may fluctuate between states as long as it can absorb shocks, in the sense
that its qualitative behavior does not change thanks to its robustness and its redundancy, quickly recovers
in presence of performance losses, and adapts itself to future disruptions (Woods, 2015; Hollnagel, 2008;
Berkeley and Wallace, 2010).

Resilience quantification

By relying on the calculation of network performance metrics, resilience is quantified by comparing the
operations of transport networks in normal and disturbed conditions. The knowledge of transport network
resilience is helpful to improve the management of transport networks but also to develop planning and
decision support tools, which are crucial in the event of a disruption. These goals should improve, in all
circumstances, the control of the situation and reduce the negative impacts on transport systems. To
be prepared to extreme events, the accurate understanding of the network behavior is crucial. Disruption
modelling is needed to simulate the impact of extreme events on transport network. Whereas some works
focus on the use of historical data (Zhu et al., 2017, 2016; Miller et al., 2013; Mudigonda et al., 2019; Lu
et al., 2016; Bil et al., 2015), some researches deal with the merging of catastrophe models with traffic
simulators (Yin et al., 2017; Pregnolato et al., 2017; Postance et al., 2017; Grossi and Kunreuther, 2005;
Yossyafra et al., 2018), and some analyses focus on the network topology by examining the impact of random
or targeted graph components removal (Chen and Hero, 2013; Shalaby et al., 2016; Holme et al., 2002; Aydin
et al., 2018; Boldi et al., 2013). Gauthier et al. (2018) suggest to apply a stress test methodology, widely
used for banking systems, nuclear risk, and biology analysis (Haldane, 2009; Goldschlager et al., 1976; Kini
et al., 2018; Battiston et al., 2017), for quantifying the adverse impacts. Regarding the characterization
of resilience, nowadays it is assessed either statically, based on the network topology using graph theory
(Shalaby et al., 2016; Zhang et al., 2015; Cheng et al., 2015), or dynamically, by analyzing the evolution
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of traffic variables (Shalaby et al., 2016; Murray-Tuite, 2006; Jenelius et al., 2006). Because topological
approaches are unable to capture the time-dependent aspects of resilience, it is essential to combine both
approaches because of their complementarity (Shalaby et al., 2016; Gauthier et al., 2018; Henry et al.,
2019b). Both structural and dynamical resilience analyses, often lead separately, are essential to a better
understanding of network vulnerabilities. The combination of the two approaches (i.e., the topological and
the dynamic ones) is rare (Gauthier et al., 2018) as the problem of characterizing resilience in multimodal
urban transport (Aleta et al., 2017), while the multimodality consideration will permit a more realistic
assessment of transport resilience (Aleta et al., 2017).

Research purpose

In this context, we aim at accurately characterizing transport network resilience by both considering network
topology and traffic dynamics resulting in combining static and dynamic existing approaches. Indeed, the
characterisation of the transport network behavior in presence of disruptions is needed to understand the
impact the latter have on traffic conditions and network functioning. This is also needed to plan some
strategies of improvement, either to maintain a level of performance during the event, or increase network
robustness as a form of preparedness for disruption.

This thesis addresses the following research questions:

(i) How to accurately model the transport network to consider both traffic dynamics and network
topology?

The accurate modelling or detection of disruptions is also essential to fully understand the transport
network behavior and adapt it to improve its operations whatever the traffic conditions or the topological
modifications (tunnel closure, infrastructure work, bridge collapse, etc).

(ii) How to properly model disruptions to emulate their impacts on the transport network for resilience
study?

Once a satisfying transport network model is built and disruptions are modeled, resilience has to be
characterized. Existing approaches have to be adapted and extended to simultaneously consider traffic
dynamics and network topology, typically studied separately. The indicators must capture the impacts of
disruptions on both aspects.

(iii) How to both consider network topology and traffic conditions in resilience characterization? How
to design resilience metrics that capture both aspects?

The consideration of the transport multimodality is interesting by providing resilience adapted strategies
in increasing the redundancy of the transport network, by proposing alternative paths. Indeed, De Domenico
et al. (2014) prove how the whole public transport network in London is more resilient to random failures
than its individual layers separately. Because the study focuses on a large scale urban areas with large
data sets to model traffic conditions, transport network simplifications and code optimization need to be
implemented.

(iv) How to accurately reproduce the large scale urban multimodal networks in order to quantify their
resilience? How to deal with large data sets in order to obtain results in a reasonable computational
time, possibly close to real time?

As a final goal, we aim at proposing strategies to improve transport network resilience.

(v) How to develop strategies to improve resilience of transport network in order to maintain an
acceptable level of performances? How to design the transport network to make it more resilient?
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This dissertation aims at considering and addressing these questions by proposing a framework that
allows us: /) to represent the (multimodal) transport network for vulnerability characterization by jointly
taking into account traffic dynamics and network topology; /i) identifying a set of relevant metrics to
quantify the vulnerability of the modelled transport network; Jii) injecting disruptions in the network by
means of stress testing to define perturbation scenarios and to capture, via the aforementioned metrics,
those scenarios that stress the network the most; iv) improving resilience of the transport network via
multiple augmentation/monitoring solutions.

To this purpose, analytical frameworks were needed to properly model both transport topology and
dynamic traffic conditions. Resilience analyses based on simulated data have been performed using both
microscopic and macroscopic simulators to characterize resilience and conduct a stress test methodology
aiming at evaluating the impact of extreme events that negatively impact the transport network. To support
the simulated based conclusions and further extend our research, we also used real data. The latter have
been leveraged to identify real disruptions by observing significant variations in terms of the average travel
times with respect to typical behaviors. Finally, a modelling framework for the design of resilient networks
is introduced by proposing a quick-to-compute methodology to build a new transport mode and develop an
optimal Park-and-Ride (P&R) system. Such a system is a sustainable transport mode that will reduce the
circulation of privately-owned vehicles and is thus expected to lead to a more resilient mobility framework
by improving road traffic conditions.

Structure of the manuscript

The organization of the manuscript is as follows: Chapter 1 deals with the modelling of a transport network,
considering both network topology and traffic dynamics, for network resilience assessment context. Graph
theory, mainly used in the representation of a transport network and useful to reproduce topological disrup-
tions, with the removal of network components, is introduced. The state of the art in traffic modelling,
used to simulate traffic conditions, is also included in this chapter as well as the approach for modelling of
disruptions with the presentation of the stress test methodology, the coupling of catastrophe models and
traffic ones as well as the use of historical data. A hybrid representation encompassing network topology and
traffic dynamics with a dynamic graph is presented in the chapter. Finally, the representation of transport
network multimodality using multi-layer graphs is discussed. Chapter 2 covers the definition of resilience
and the associated notions: robustness, vulnerability and reliability. The main network performance indica-
tors analyzed along the thesis are summarized with distinctions between the dynamic and static approaches
mainly used in resilience characterization and the global and the local network characterizations. The net-
work performances indicators extended to the proposed hybrid representation of the transport network and
to its multimodal nature are detailed. Chapter 3 focuses on the simulated data presentation and the analysis
lead with the aim of quantifying transport network resilience using dynamically weighted graphs and some
related indicators issued from graph theory. The validation on the real data is analyzed in Chapter 4 where
similar analysis are lead to support our findings. Finally, Chapter 5 presents the developed strategies aiming
at designing a resilience-oriented transport network. An overview of resilience improvement strategies before
or after the disruption occurrence is summarized. Two strategies are developed to improve the development
of a resilience-oriented network design. The first one, REINFORCE's method, aims at prioritizing the de-
ployment of the multiple lines or modes that a transport operator might want to propose to increase its offer.
As a short-term strategy, the methodology is helpful to quickly deploy bus lines aiming at maximizing the
transport network performances gain, whereas, as a long-term strategy. The methodology aims at planning
the construction of a transport mode by ordering the lines based on the gain of performances they might
offer. The second strategy aims at optimizing the deployment of a P&R system adapted to recurrent disrup-
tions with stochastic problem formulations. On the one hand, the P&R deployment maximizes its ridership
whatever the traffic conditions. On the other hand, the P&R deployment minimizes the construction, social
and operational costs considering a set of disturbances.
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Conclusions and Future Work reflect on the contributions of the dissertation and the future work opened by
the funding of this thesis.

STATE OF THE ART

Chapter 1: Transport network modeling Chapter 2: Resilience characterization

RESILIENCE CHARACTERIZATION USING THE HYBRID APPROACH

Chapter 3: Simulated data-based characterization
Chapter 4: Historical data-based characterization

IMPROVEMENT OF TRANSPORT NETWORK RESILIENCE

Chapter 5: Strategies to enhance transport network resilience

Chapter 6: Conclusion and future works

Figure 1: Thesis organisation




Publications

Along with this work, the following research has been published in peer-reviewed journals and international
conference, all listed below. Most of the chapters in this manuscript are updated and enhanced versions of
these papers. They all consist of original works first-authored by the PhD candidate.

(a) Peer-Reviewed Journal Publications

e E. Henry, A. Furno, N.-E. El Faouzi, Approach to Quantify the Impact of Disruptions on Traffic
Conditions Using Dynamic Weighted Resilience Metrics of Transport Networks, Transport Research
Record, journal of the Transportation Research Board, 2020, issue 4, volume 2675, pp: 61-78.

e E. Henry, A. Furno, N.-E. El Faouzi, REINFORCE: Rapid augmentation of large-scale multimodal
transport networks for resilience enhancement, Applied Network Science, 2021, issue 74, volume 6.

e E. Henry, A. Furno, N.-E. El Faouzi, D. Rey, Locating Park-and-Ride Facilities for Resilient On-Demand
Urban Mobility. Transportation Research Part E: Logistics and Transportation, 2022, volume 158.

(b) Peer-Reviewed Conference Publications

e E. Henry, M. Petit, A. Furno, N.-E. El Faouzi, Quick Sub-optimal Augmentation of Large Scale
Multimodal Transport Networks, 2020, 9t/ International Conference on Complex Networks, December
2020, Madrid, Spain.

e E. Henry, A. Furno, N.-E. El Faouzi, D. Rey, Optimal Park-and-ride Facility Location and Fleet Sizing
to Enhance resilience of Transport Networks, 2020, 8t" International Symposium on Transport Network
Reliability, June 2021, Stockholm, Sweden.

e E. Henry, A. Furno, N.-E. El Faouzi, Dynamic Weighted Resilience Metrics of Transport Networks:
an Approach to Quantify the Impact of Disruptions on Traffic Conditions, 99t" Annual Meeting of
Transportation Research Board, January 2020, Washington D.C., USA.

e E. Henry, A. Furno, N.-E. El Faouzi, An Accessibility-based Approach to Characterize the Dynamic
Vulnerabilities of Multimodal Urban Transport Networks, 9t" Symposium of the European Association
for Research in Transportation, hREART 2020, February 2021, Lyon, France.

e E. Henry, L. Bonnetain, A. Furno, N.-E. El Faouzi, E. Zimeo, Spatio-temporal Correlations of Be-
tweenness Centrality and Traffic Metrics, MT-ITS 2019, 6" International Conference on Models and
Technologies for Intelligent Transportation Systems, June 2019, Cracovie, Poland.

e E. Henry, A. Furno, N.-E. El Faouzi, A Graph-based Approach with Simulated Traffic Dynamics for the
Analysis of Transportation Resilience in Smart Cities, 98" Annual Meeting of Transportation Research
Board, January 2019, Washington D.C., USA.

e E. Henry, A. Furno, N.-E. El Faouzi, Resilience Analysis of Transport Networks using a Dynamic Graph,
15t International School on Informatics and Dynamics in Complex Networks, Oct 2018, Catania, Italy.



Chapter 1

Overview of the Transport Network
Modelling under Disruptions

This chapter deals with the modelling of a transport network for resilience quantification. As pointed in
the Introduction, in resilience context two major approaches exist: a static one based on network topology
and a dynamic one based on traffic conditions. Hence the interest of proposing an accurate modelling of the
transport network, encompassing both the design of the network and the traffic conditions. This chapter
also addresses the disruption modelling related to the network topology or to the traffic conditions, closely
linked to the modelling of the network. After reviewing the network topology modelling and the traffic
conditions one separately, we present a hybrid modelling approach which leads to the accurate consideration
of both aspects in the representation of a transport network. The monomodal network representation is
then extended to a multimodal one.

Section 1.1 focuses on the topology representation of a road network. By modelling the roads with the
edges and the intersections by the nodes, it is possible to analyze the network topology by means of graph
theory (Section 1.1.1). Indeed, the redundancy of the paths and the connectivity between the components,
important in resilience characterization, depend on the network topology. The topological-based modelling of
disruptions and its limits are also introduced (Section 1.1.3). Section 1.2 reviews the state of the art related
to the modelling of the transport network by emulating the traffic dynamics using historical or simulated
data (Section 1.2.1). The use of traffic simulation is essential in the modelling of disruptions, and especially
in the stress testing methodology (Section 1.2.2.1) which proves its efficiency in some fields and appears
to be promising in transport network resilience analysis. It refers to a range of techniques used to assess
the vulnerability of a complex system by analysing a unique risk or a combination of risks. The hybridisation
of both traffic dynamics and network topology, allowing a full representation of the transport network is
presented in Section 1.3. Such hybrid modelling of the transport network is useful for the combination of
both static and dynamic approaches. The literature related to the modelling of multimodal transport network
is introduced in Section 1.4. Finally, Section 1.5 discusses the approach used to model the transport networks
in the manuscript, for both monomodal and multimodal transport networks, respecting the constraints of
computational time and data merging (network topology and traffic dynamics).



1.1 Network Topology and Associated Disruptions

The simplest representation of a transport network consists in modelling it as a graph with transport stops or
roads intersections, represented as nodes, and their potential connections, represented as edges (Thomson
and Richardson, 1995; Barthélemy, 2011; Jafino et al., 2020). Such modelling approach focuses on the
representation of the network topology which defines the manner in which the edges and nodes of a network
are arranged and how the flow could travel in the network. As a first step we only focus on the monomodal
network representation rather than a multimodal network which is the subject of Section 1.4.

1.1.1 Graph Theory

Graph theory appeared in 1735, when solving the problem of the seven Konigsberg bridges (Lhomme, 2012).
The problem consists in crossing the seven bridges in the Pregel River, crossing each bridge only once, and
returning to the point of origin. The Swiss mathematician Leonhard Euler solved this problem, demonstrating
through a representation, called graph, the impossibility of a journey with these characteristics (Barwaldt
et al.,, 2014). Graph theory already proves its efficacy in numerous fields and especially in the transport
one. This theory is highly employed in resilience analysis of the transport network. Indeed, graph theory
is “suitable for identifying structural criticalities” (Eusgeld et al., 2009). Barwaldt et al. (2014) use graph
theory to implement a bike lane in Santo Angelo, Brasil, by choosing a path with minimal costs and time.
Freiria et al. (2015) identify the most important roads in a Portuguese network. Shalaby et al. (2016) study
performances of public transport network in Toronto and USA. Tu et al. (2010) analyze the topological
vulnerability of Sioux Falls network.

Graph modelling is a mathematical approach used to describe things with relationships (Bettilyon, 2019).
Graph theory aims at solving complex problems by simplifying their representation using a graph G = (V, E)
composed of a set of vertices V which are the fundamental units of a graph, connected in pairs by edges
E C V' xV. One main advantage of graph theory is its capability of modelling numerous complex interactions
within systems. According to Trudeau (1993), a graph is an object composed by two sets, called vertex
set and edge set. The vertex set is a finite non-empty set. The edge set may be empty, but otherwise its
elements are two-element subsets of the vertex set. The connections between the vertices V' by the edges
E are summarized in the adjacency matrix A(G) which is a square matrix whose size equals the number of
vertices. If an edge connects the vertices i and j, A(G);; = 1 else, A(G);; = 0. In a graph, a walk is a
finite nonempty sequence of vertices and edges which could be repeated (Diestel, 2000; Bondy and Murty,
1976; Gibbons, 1985). A cycle appears if the walk is closed, meaning that the origin and the destination are
the same and a path corresponds to a walk without vertices or edges repetition. If some vertices are not
connected to some other vertices by a path, the graph is composed by several components. A component
is a subgraph in which any two vertices are connected to each other by paths. A shortest path represents
a path with a minimum distance. Originally, this distance is computed by counting the number of crossed
edges. The neighbourhood of a generic vertex v is the graph composed of the vertices adjacent to the
vertex v and all edges connecting these adjacent vertices.

Two edges properties, the direction and the weight, change the type of the graph. The direction of the
edges is considered in a directed graph where the edges represent a one-way relationship from a node to
another node, contrary to an undirected graph in which the edges represent a bidirectional relationship. Such
a bidirectional relationship involves two edges in a directed graph: an edge from / to j and another edge
from j to /. In an undirected graph, its adjacency matrix is symmetrical unlike the one of a directed graph.
Graph could be weighted, meaning that a weight, which is a numerical value, is attached to each individual
edge. The distance between two vertices is thus equal to the sum of the crossed edges’ weights and the
coefficients of the adjacency matrix are then equal to the weight w;; of the specific edge A(G);; = wj;. If
the edges do not have weights, the graph is said to be unweighted and the distance is equal to the original
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value: the number of crossed edges to join the two vertices. Edge weight allows to consider some traffic
indicators, such as the length (Ducruet and Lugo, 2013; Dall'Asta et al., 2006), the travel time (Gauthier
et al., 2018; Yin et al., 2017) or the flow (Yoo and Yeo, 2016; Akbarzadeh et al., 2019). Nonetheless, to
consider traffic dynamics, it is crucial to consider the temporal aspect.

The main difference between time-independent and time-dependent route planning is the type of edge
weights (Pajor, 2009). Whereas for time-independent route planning it is sufficient to have constant weights,
for time-dependent route planning, functions are necessary to accommodate the weights of the edges at
different times of day and thus obtain a temporal graph (Tang, 2011). Such temporal graph, with time-
dependent weights, representing the traffic conditions, is relevant for our objective of merging the network
topology modelling with the traffic conditions.

1.1.2 Transport Network Topology Modelling

In the literature, there are different manners of modelling the topology of a transport network. Kurant
and Thiran (2006) analyze the three existing approaches in the literature review that define three different
spaces to spatially model the transport network (Figure 1.1a). The first approach is the space-of-changes
(Figure 1.1b), also called P-space (Von Ferber et al., 2008; Hu and Zhu, 2009; Berche et al., 2009;
Yang et al., 2012; Rocha, 2017; Alessandretti et al., 2016), which connects two public transport stations
(respectively or road intersections) by an edge when there is at least one vehicle that stops at both stations
(respectively crosses both road intersections) without considering the physical distance. The second approach
is the space-of-stations (Figure 1.1c) which connects two stations (respectively road intersections) if they
are physically directly connected. The last approach is the space-of-stops (Figure 1.1d), also called L-space
(Hu and Zhu, 2009; Berche et al., 2009; Von Ferber et al., 2008), which connects two stations (respectively
or road intersections) if they are two consecutive stops (respectively intersections) on a route with at least
one vehicle. In such an approach, the distance of a path is equal to the minimal number of crossed stations
(respectively intersections). The last approach, reflects the real physical network, essential for the network
topology analysis, and is seen as the primal approach (Porta et al., 2006). This representation appears
as the most intuitive with a strong connection to the geographic dimensions: “the primal road-centerline-
between-nodes representation of street patterns, where intersections are nodes and streets are (weighted)
edges, evidently appears the most valuable option” (Porta et al., 2006). The weighting of the graph by
the edge length or travel time allows to measure in spatial or temporal terms the distance rather than in
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Figure 1.1: An illustration of the transportation network topology in three spaces. (a) The routes of four
transport lines. The route of Red line passes through node G on the way from B to K, but the transport
mode does not stop there. (b) The topology in space—of—changes. Each route results in a clique. (c) The
topology in space—of—stations. (d) The topology in space—of—stops. The “shortcut” B-K is a legitimate edge
in this space. This graph reflects the topology of the real-life infrastructure (Kurant and Thiran, 2006).



topological terms when the distance is computed by the number of crossed edges. In the following, we thus
assume that a route is simply a single physical edge between two locations and an intersection is a merge or
diverge junction of several road sections to conserve the transport network topology (Sossoe, 2017).

1.1.3 Topology-based Disruptions

Topological approaches aim at quantifying network resilience by looking at the connectivity properties of the
network (Figure 1.2a), by using graph theory. In such an approach, network resilience is quantified by the
impact of the removal of a component, corresponding to an edge (Figure 1.2c) or a node (Figure 1.2b),
with static metrics (Shalaby et al., 2016). The removal can be random or targeted, by quantifying the
impact induced by the removal of the most attractive component (edge or node) in the network. By ranking
the components according to their importance in the network functioning, Shalaby et al. (2016) prove that
the negative impact is worst with targeted failures than with random ones. Holme et al. (2002) similarly
conclude its attack analysis: “the impact is stronger by iteratively removing the most important component
than removing the initial most important components due to the network structure changes”. Aydin et al.
(2018) analyze the impact of seismic hazards over the road network by removing edges randomly, based on
their kernel density or based on the community structures. Nonetheless, such modelling is able to represent
infrastructure failures only and does not consider traffic conditions. Rather than fully removing a node
or an edge, its weight could be modified to emulate a capacity reduction (Figure 1.2d) or a travel time
increase to modify the network properties by being more faithful to some recurrent disruptions impacting
the transport network (Cats et al., 2017; Cats and Jenelius, 2018; Gauthier et al., 2018). Such an approach
allows to better quantify minor daily disruptive events. Finally, whatever the disturbance intensity, various
disruptive events, like floods, snow-storms, fires, etc., may easily affect entire areas and cannot be modeled
by the previous approach consisting in removing or modifying the property of a unique component. Jenelius
and Mattsson (2012) ensure that “area-covering disruptions will have severe consequences that are quite
different from those of single link failures”. Although topological vulnerability studies can provide important
general insights and indicate various structural weaknesses in transport networks, they are in some respects
too simplistic to be useful for assessing actual policy actions in a specific transport system.
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Figure 1.2: Topology-based disruptions on the transport network (a). The node removal consists in deleting
a node, here H, and the connected edges, G-H, H-I, C-H and H-L (b). The edge removal prohibits the original
connection between the nodes H and L (c). We assume that the width of the edges is proportional to their
weight. Less vehicles can cross the edge H-L (d).
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1.2 Traffic Dynamics and Disruption Modelling

As noticed by Kurant and Thiran (2006), the knowledge of real-life traffic pattern is crucial to well understand
and analyze transportation systems. Traffic modelling is essential to understand and investigate the evolution
of traffic conditions under normal condition and in presence of a disruption. The first theory of traffic flow was
introduced by Lighthill and Whitham (1955) and Richards (1956). Traffic flow theory aims at determining
all relevant traffic flow quantities at different granularities. Indeed, the field of traffic modelling is usually
divided into three categories following the different types of granularities possibly adopted in the models:
macroscopic, mesoscopic and microscopic. By relating the interactions between travellers and infrastructure,
traffic flow theory provides information about the transport network movement and the traffic congestion
problems. The fundamental variables of traffic flow are the speed v, the volume of traffic g and the density
k. They are related through the fundamental relation g = k x v. From this relation derives the Fundamental
Diagram (FD). Such diagram enlightens about the maximal capacity intensity, the critical density, the jam
density, and the average speed (Hoogendoorn and Knoop, 2015).

1.2.1 Traffic Simulation Levels

As noticed, three levels of granularities exist for the traffic flow models: macroscopic, mesoscopic and micro-
scopic. Macroscopic level models are based on a regional description of the network and the use of aggregate
traffic variables. Such models consider the average state of traffic (Hoogendoorn and Knoop, 2012). The
advantages of this type of models are the low computation cost and the possibility to use well-defined empir-
ical relations, at global scale, between the main traffic variables: flow, density and speed. Mesoscopic scale
simulates traffic for smaller network elements, like roads or for groups of cars. These models represent the
behavior of drivers without explicitly distinguishing their time—space behavior. Both macroscopic and meso-
scopic models are interested in the viewpoint of the collective vehicular flow (Hoogendoorn and Bovy, 2001).
Finally, microscopic models are agent-based ones with the decision variables chosen at the driver level under
the influence of vehicles in their proximity, implying a high computational cost and also greater stochasticity
in the results (Hoogendoorn and Knoop, 2012). Contrary to macroscopic and mesoscopic models, such
modelling requires an explicit and detailed modelling of the road sections, intersections, roundabouts and so
on (Barcelo et al., 2007).

1.2.1.1 Macroscopic Simulation

Macroscopic models give a general description of vehicles and traffic as a continuum (Adebisi, 2017). Macro-
scopic simulation models were originally developed to model traffic in distinct transportation subnetworks,
such as freeways, corridors, surface-street grid networks, and rural highways. Such models assume that the
aggregate behavior of drivers depends on the traffic conditions in the drivers’ direct environments (Hoogen-
doorn and Bovy, 2001). These models are suitable for large-scale simulations of traffic flow in networks.
Nevertheless, macroscopic models are not very suited for analysing inherently microscopic characteristics of
the flow. Macroscopic urban dynamics are based on the deterministic relationships of the flow, speed, and
density of the traffic stream and should be modeled using a Macroscopic Fundamental Diagram (MFD),
based on the variation of the accumulation of circulating vehicles in a given area Mariotte et al. (2017).
Introduced in the late 2000s (Daganzo and Geroliminis, 2008), the area-based FD, which characterizes road
by relating three traffic variables, called MFD, relates the output flow and the number of vehicles in a large
network, and gives insights about the state of a zone over a road network. Already used in traffic control
(Qian, 2009), the MFD could offer good opportunities in resilience analysis. Kim and Yeo (2016) assess
resilience of a part of the transport network in the city of Seoul, South Korea, by using information issued
from this traffic tool and by assessing some area properties such as the outflow or the traffic density.
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1.2.1.2 Mesoscopic Simulation

The mesoscopic analysis of the traffic conditions combines both macroscopic and microscopic models.
Such models describe traffic flow at a medium detailed level. This analysis level describes the aggregated
vehicle behavior whereas the behavior rules are defined for individual vehicles. Such models represent a
good compromise according to the aim of the study, by being more faithful to the vehicles behaviors than
macroscopic model and quicker in terms of computational times than microscopic model. This level of
analysis is based on the gas kinetic models, originally used in contemporary physics to describe the motion of
large numbers of small moving particles in a gas. Applied to the motion of vehicles in a traffic stream, similar
models can be used to describe the variation of the speed distribution of vehicles (Kessels et al., 2015).
Mesoscopic models have the advantage that they enable description behaviors of individual vehicles, without
the need to describe their individual time—space behavior (Hoogendoorn and Bovy, 2001). The Lighthill-
Whitham-Richards model (Lighthill and Whitham, 1955; Richards, 1956) is suitable to model traffic dynamics
at a mesoscopic scale (Duret et al., 2016; Laval and Leclercq, 2013). Such a model is the analogy of vehicles
in traffic flow and particles in a fluid.

1.2.1.3 Microscopic Simulation

Microscopic models simulate the movement of individual vehicles based on car-following theory and lane-
changing one. Microscopic traffic models define the operation of a traffic system based on individual vehicle
characteristics, and are thus efficient to evaluate traffic congestion as well as drivers response to a disruption
on the transport network. Nonetheless, these models are time consuming, costly, and can be difficult to
calibrate (Adebisi, 2017).

These models are detailed at a fine scale and typically include all streets and components of the trans-
portation system that impact travel. Such elements can include intersection control, pedestrian crossings,
transit stops, and even the inclusion of traffic measures. Microscopic models are calibrated using disag-
gregate data. They are regarded as non-continuum models, which require the input of parameters such
as lane changing, free flowing, car following (Newell, 2002) and route choices in their calibration. Each
vehicle moves in response to the behaviors of the other vehicles by maintaining the legal safe distance of the
preceding vehicle and respecting the legal speed. This response is expressed in terms of acceleration. The
microscopic models compute the dynamics of individual vehicles over a multimodal transport network, by
generating the spatio-temporal traces of vehicles, and compute transit times every time unit (e.g., second),
allowing to extract many traffic indicators. In such simulator, the vehicles route choice is defined according
to the traffic conditions upon their generation.

1.2.2 Disruption Modelling

Traffic is frequently impacted by extreme weather (Pregnolato et al., 2017; Kyte et al., 2001; Hooper
et al., 2014; Jaroszweski et al., 2014; Bil et al., 2015) and daily disruptions (Marra et al., 2019; Afrin and
Yodo, 2020; Suryani, 2019; Zhu and Levinson, 2011). Their modelling, issued from simulated or historical
data, is crucial in transportation network resilience analysis. Two strategies are based on simulated data
analysis. First, the stress test methodology (Section 1.2.2.1), widely used in bank and nuclear sectors, aims
at simulating extreme but plausible situations in order to evaluate their consequences and the resistance of
the network. Second, the coupling of both catastrophe and traffic models (Section 1.2.2.2), mainly used
to quantify the impact of floods, aims at simulating the drivers behavior in presence of a disruption. The
analysis of historical data (Section 1.2.2.3) provides information about the consequences of happened events
over the traffic. Whatever the used methodology, the studied disruptions depend on the availability of data
and models (Mattsson and Jenelius, 2015).

12



1.2.2.1 Stress Testing

The stress test methodology aims at simulating some situations to be prepared in case of disruptive events
in order to identify critical points to strengthen them or to know how to react if it occurs (IAA, 2013).
According to Lam et al. (2018), “a stress test is a quantitative assessment designed to evaluate the ability of
a network to perform adequately during and after the occurrence of hazard events”. It may also be defined
as “the process of determining the ability of a network to maintain a certain level of effectiveness under
unfavorable conditions” (Clarke and Obrien, 2016). By comparing the outputs, determined by different
scenarios, including the reference one, the impact induced by a disruption is known (Mercier et al., 2013)
The risk factors are simulated thanks to the elaboration of scenarios, reproducing the events. Scenarios
have to be as plausible, coherent and reliable, as possible. It is a difficult task and can “involve a great deal
of expertise and judgment” (Blaschke et al., 2001). Such a methodology is well developed and considered
as an important tool to assess the safety, security and resilience of the relevant system in the banking and
nuclear sectors (Galbusera et al., 2014). In this way, stress test can be useful for critical infrastructures
resilience in testing transport network under abnormal conditions (Cooperation Work Programme, 2014).
This methodology is rarely used in the transport field but appears like a promising solution concerning the
simulation of perturbations (Gauthier et al., 2018). According to Galbusera et al. (2014) the application
of this methodology will improve critical infrastructure resilience by knowing their weakness. To apply the
stress test methodology, many simulations have to be ran in order to quantify the impact of some extreme,
but plausible, events. For this reason, the use of microscopic simulators is not the more appropriate one in
urban areas due to the large computational time. The mesoscopic and macroscopic simulators have to be
preferred.

1.2.2.2 Model Coupling

Another disruptions impact modelling consists in the coupling of both catastrophe model to simulate the
consequences of the events, and traffic simulators to reproduce the drivers behaviors in reaction to the
disturbed situation. By coupling a traffic simulator with catastrophe models, some disruption impacts,
mostly flood ones, are evaluated. A catastrophe model is composed of four basic components (Grossi et al.,
2019). First the risk of the natural hazard is characterized. Next, the inventory of the risk is detailed such
as the location and all the parameters impacting the vulnerability at the specific location. Both hazard and
inventory aim at calculating the vulnerability which is the susceptibility to damages of the infrastructure.
Finally, the loss of performance is evaluated. Pregnolato et al. (2017) analyze the rainfall and flooding impact
on the transport network of Newcastle, United Kingdom, by coupling traffic modelling to the CityCAT (City
Catchement Analysis Tool) flooding model. Yin et al. (2017) couple two dimensional hydraulic scenarios
developed by the Federal Emergency Management Agency (FEMA), to the road network of New York with
the aim of studying exit strategies. Postance et al. (2017) model the impact of a landslide, based on
the GeoSure GeoSure classification, over the Scottish road network where the traffic is simulated using
SUMO (Simulation of Urban MObility). Luin and Petelin (2020) couple tunnel ventilation, evacuation, and
traffic models to analyze the impact of accident in such transport infrastructure. Finally, Raimbault (2015)
observe the urban growth impact over transport networks using an algorithm method to provide the co-
evolution of transportation networks and urban land-use. Such a methodology should be extended to other
natural hazards models or to terrorist attacks. Indeed, Grossi and Kunreuther (2005) detail the four basic
components of a catastrophe model for the terrorist attack. Because the catastrophe model accurately
reproduces the impact of disruptions, mostly issued from natural hazards, the coupling with traffic simulator
is promising to analyze transport network resilience. Nonetheless, such disruption modelling depends on a
huge amount of data, increasing the model complexity and the computational time, as well as the availability
and the accuracy of such catastrophe models.
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1.2.2.3 Historical Data-based Modelling

The historical data recorded during disrupted events provides information about their impacts on transport
network. Schéafer et al. (2002) use Floating Car Data (FCD) issued from taxis in European capital cities
to observe the speed evolution, and prove that the most significant speed variations are induced by special
events, bad weather conditions or roadwork. Calabrese et al. (2010) study the mobility during special events,
located in 6 different places in the Boston Metropolitan area, using 1 million cell-phone traces. By analyzing
the origins of people attending an event, the authors prove the strong correlation with the type of event.
Pan et al. (2012) use real traffic data to accurately predict the traffic conditions and the event impact.
Melnikov et al. (2015) analyze the impact on the road traffic of the modal change from the electric public
transport system to the private vehicle, induced by a major power failure in North Holland. By comparing
the propagation of traffic jams during the blackout and under normal conditions, using the traffic flow
and speed data, the authors highlight the most impacted areas. Zhou et al. (2015) lead an analysis to
identify the critical locations of the Wuhan Chinese road network using taxi trip trajectory dataset, related
to approximately 12 000 taxis, collected during the month of September in 2009. Bil et al. (2015) analyze
the impact caused by some events on the Dutch road network between 1997 and 2010. Zhu et al. (2016)
quantify the New York transportation network resilience during the hurricane Irene and Sandy, using taxi trip
and subway data. Zhu et al. (2017) also analyze the impact of both hurricanes in New York by computing
the loss of resilience, based on the recovery rate, defined as the ratio of the number of trips during a certain
hurricane period divided by the number of trips during a corresponding normal period. Lu et al. (2016)
study mobile data in Bangladesh impacted by the cyclone Mahasen in 2013 over four months of data. The
call frequency, the use of mobile phone credit and the moves before, during and after the cyclone allow to
model the human behavior and the transport mode use in presence of such disruption. Donovan and Work
(2017) prove the ability of detecting abnormal situation using taxi trip data. Tympakianaki et al. (2018) use
historical information issued from traffic sensors and FCD to analyze the multimodal impacts of transport
network disruptions. By studying the spatio-temporal network changes and the multimodal effects between
normal conditions and during a tunnel closure, the authors show that the disturbed situation highly impact
the network traffic conditions due to the redistribution of vehicles on alternative path, as well as the public
transport which attract some of people. Nonetheless, Calvert and Snelder (2018) argue that some events
are too rare to accurately derive from empirical data. Indeed, with the use of historical data, the set of
analyzed disrupted events is limited to what already happened and what has been recorded, restricting the
modelling of disruptions. Although historical data aims at analyzing the real consequences of a disruption
over a transport network, the limited availability of data is not sufficient to prepare the network and adapt
the response of the traffic operators in order to minimize the impact of a disruption.

1.3 Traffic Dynamics and Network Topology Hybridisation

Because the structure of a network often affects its function (Strogatz, 2001; Akbarzadeh et al., 2017),
deciphering the topology and dynamics of the underlying networks is a prerequisite to a full understanding
of connected, interacting systems. Nonetheless, the simplistic way in which the transport system is often
represented as an abstract network does not allow for a very realistic description of the behavioural responses
to a disruption (Mattsson and Jenelius, 2015). According to Van Nes (2002), “the main characteristics of
any transportation network from the traveller's point of view are travel costs and travel time, with the latter
determined by network characteristics such as network speed, space and time accessibility”. Because, human
mobility is dynamic and highly time-dependent (Kazerani and Winter), we could weight the graph with an
edge time-dependent weight (Section 1.1.1). A temporal graph, also known as time-varying graph, dynamic
graph or evolving graph is a specific graph where vertices connections evolve in time by being removed
or modified with new weights (Tang, 2011; Nicosia et al., 2013; Kostakos, 2009). Such network differs
from a static network in the sense that a different adjacency matrix is given at each time stamp (Rocha,
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2017). In the literature, there are four basic kinds of dynamic graphs (Harary and Gupta, 1997): the node
(respectively edge) -dynamic graph in which some nodes (respectively edges) could be added or removed
from the graph and the node (respectively edge) weighted dynamic graph in which the labels, associated
to the nodes (respectively edges), are time-dependent and vary in time. All these models are interesting in
the transport network analysis. Whereas the weighted dynamic graph allows to reproduce the time-varying
traffic conditions, the dynamic graph aims at modelling the network modification induced by a disruption.
A temporal graph could be seen as a succession of static graphs. The graph is thus composed by a new
set of edges and nodes at each time stamp. In their article, Yang et al. (2018) establish a real-time path
planning application, based on real-time traffic conditions, for providing shortest paths with minimum travel
time on a dynamic weighted graph. Huang et al. (2007) propose a shortest path algorithm adapted to
such graph aiming at modelling transport network with their dynamic traffic conditions. Cats and Jenelius
(2014) build a dynamically riding time-weighted graph to assess the dynamic vulnerability of the Stockholm
public transport network. Peng et al. (2020) predict the urban passenger traffic flows at transit stop using
a dynamic graph, weighted by historically passenger traffic flows to model traffic station relationships. The
authors conclude that using dynamic spatial-temporal incidence graphs is more suitable to model external
changes and influences. Such dynamic graphs are crucial to model transport networks with their traffic
dynamics. Indeed, by modifying the edge weights, or by removing some of them, the traffic conditions
should be modeled as well as the disruptions impact.

1.4 Multimodal Transport Network Modelling

As discussed Kiveld et al. (2014) “"to represent systems that consist of networks at multiple levels or with
multiple types of edges, we consider structures that have /ayers in addition to vertices and edges”. Networks
with multiple layers can encapsulate a much more detailed description of a system than simple networks.
A multilayer graph is composed of vertices V' and edges E, like a simple graph (Section 1.1.1), but the
multilayer graph is also composed of layers L which may belong to different sets such as relationships or time
stamps. In a multilayer network, there are two kinds of edges: the ones that remain inside of a layer, called
intra-layer edges, and the ones that cross layers, called inter-layer edges. Kivela et al. (2014) model the
multimodal transport network as a weighted directed multilayer graph, G = (V, E, L), with L = {L,,}M_,
the set of elementary layers, each representing a specific transport mode m, V' the set of nodes and E
the set of edges. Each layer contains a node subset VJ C V/, which corresponds, respectively, to the set
of intersections and the intra-layer segments composing the transport mode m represented on layer | € L,
and an edge subset £, C E. The edge set E is also composed by inter-layer edges E; that allow to cross
the layers, i.e., to switch between two different transport modes composing the graph. There are two main
types of multilayer networks, multiplex networks and interconnected networks (Kiveld et al., 2014; Kinsley
et al., 2020). In multiplex networks, inter-layer edges can only connect nodes that represent the same actor
in different layers. Therefore, multiplex networks typically represent sets of interactions between the same
entities. In interconnected networks, inter-layer edges can connect between different actors, and therefore
different layers typically represent different entities.

To model the multimodal transport networks, different strategies exist in the literature. Cardillo et al.
(2013) study the dynamics of the European air transport network using a multiplex network to compare the
approach with the single-plex one in characterizing resilience of the system against random flight failure.
The 15 layers of the multiplex graph correspond to the biggest airline company and the vertices represent
the airports. On each layer, the edges are the flights between the airports, operated by the airline. In
their article, De Domenico et al. (2014) analyze the navigability in the travel cost weighted interconnected
multilayer network of public transport of London under random failures. By comparing the efficiency they
prove the high influence of layers’ topology, interconnection strengths, and walk strategy in exploring the
multiplex. To consider both the multimodality of an urban transport network and the dynamic induced by the
traffic, Gallotti and Barthelemy (2015) build a multilayer temporal graph to reproduce the network of public
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transport in Great Britain. Aleta et al. (2017) study the interconnected structure of 9 different cities in
Europe by representing the corresponding urban transport network using a multiplex network. In the multiplex
representation, the modes are connected through the closest nodes of each mode, by an edge weighted by
the distance, if the distance does not exceed 100 meters. Two representations are analyzed: on the one
hand, in the per-line representation, each line corresponds to a layer, on the other hand, in the per-transport-
mode representation, each layer represents the group of lines belonging to the same transport mode. By
analyzing the sum of the degree for a node in each layer, the authors conclude that both representations
are useful and complementary to understand the functioning, as well as the vulnerabilities, of transportation
systems. Sossoe (2017) defines a multimodal transport network as a collection of networks, each network
corresponding to one transport mode. Some connections between the transport modes, represented as
transfer nodes or edges (Van Nes, 2002), permit to change from mode to mode. This is as simple as a
physical network in which people could travel from one location to another location through at least two
means of mobility (Fawzy Mahrous, 2012; Mandloi and Thill, 2010; Chen et al., 2011).

1.5 Concluding Remarks and Discussions

In a nutshell, we aim at modelling urban transport networks considering both the topology and the traffic
conditions. By using a dynamically weighted graph, introduced as the hybridisation approach and detailed in
Section 1.3, both transport network aspects are considered by leveraging traffic conditions as time-varying
weights associated to the edges. The time-varying weights are equal or based on the edge travel time
evolution issued from simulated data (Chapter 3) or real ones (Chapter 4). To go further and improve the
significance of the edge weights, we adopt a discretization process, we reasonably assume that paths are
equally chosen by a user if they are perceived equivalent with a similar total length, e.g., total travel time.
This idea relates to the bounded rationality principle (Gigerenzer and Selten, 2001) and corresponds to a
choice done with flexible criteria with limited information processing resources and limited consideration of
alternatives paths (Sivak, 2002).

Regarding the multimodality consideration, each transport mode is modeled in a specific layer. To
maintain an acceptable computational time in the characterization of resilience for large scale multimodal
transport network we propose an approach of a graph simplification, detailed in Section 5.2. Each layer
models a spatially aggregated transport mode weighted by the average travel time. To aggregate the
different transport mode graphs, we use small areas, defined by a walkable distance. The inter-layer edges
weighted by an average walking time, modelling the modal shift, connects the layers inside an area if at least
two transport modes are present.

To model disruptions, different methodologies are applied. On the one hand the stress test methodology
is employed by modelling some extreme conditions, close to real situations, with edge removals, capacity or
speed reductions (Chapter 3). The use of simulated data aims at modelling extreme traffic conditions that
could occur in order to understand the more vulnerable network components. Moreover, this allows to test
some strategies to improve the network resilience and observe the transport users' behaviors. On the other
hand, some abnormal conditions are analyzed via historical real data (Chapter 4). By analyzing real events,
we try to capture the real users’ behaviors rather than simulated ones and characterize the impact of real
events rather than simulated ones.
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Chapter 2

Transport Network Resilience
Quantification Approaches

This chapter presents the literature review related to resilience quantification. As presented in the Intro-
duction, transport networks are impacted by some disruptions which negatively impact their performances.
Improving resilience of the transport networks will allow them to maintain an acceptable level of perfor-
mance in all circumstances. Currently, the assessment of transport network resilience is led via two different
major approaches based on the two major components of the transport network: topology and traffic dy-
namics (Chapter 1). Topological approaches aim to quantify network resilience, especially according to the
perspective of robustness, by looking at the connectivity properties of the network, whereas dynamic ones
characterize resilience by considering actual or simulated traffic dynamics, using demand-sensitive indicators.
The hybridization of both approaches is rare but promising, based on the idea of joining graph theory with
simulated or data-inferred traffic conditions. Indeed, topological approaches are traditionally unable to cap-
ture the time-dependent aspects of resilience and dynamic ones tend to use heavy simulations which demand
large execution time.

Section 2.1 defines resilience and summarizes the different notions of reliability (Section 2.1.1), vulner-
ability (Section 2.1.2), and robustness (Section 2.1.3), comprised in this complex term, mainly used in the
literature. Section 2.2 deals with the presentation of major network performances indicators. A distinction
is made between traffic conditions-based measures (Section 2.2.1), related to the traffic flow as well as the
travel time evolution, and the topological-based indicators (Section 2.2.2) characterizing the network per-
formances either at global scale or at local one, related to the transport network topology. The hybridization
of both transport network properties which are traffic dynamics, and network topology is essential to fully
characterize the transport network resilience. Such kinds of approach is presented in Section 2.2.3 with the
corresponding indicators. Section 2.3 summarizes the analysis of resilience led on multimodal transport net-
works. Finally, Section 2.4 presents the indicators analyze in the rest of the manuscript and their extension
or modification to consider all the aspects of the transport networks as the multimodality.
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2.1 Resilience Definitions and Associated Components

The vocable of resilience has its origins in the Latin word resiliere, which means to bounce back (Henry
and Emmanuel Ramirez-Marquez, 2012). This concept is rather new and appeared in the ecological field
as the ability of a system to absorb external stresses (Holling, 1973). Since its appearance, resilience
has been studied in different domains like in communication networks where Sterbenz et al. (2010) define
resilience as “the ability of the network to provide and maintain an acceptable level of service in the face of
various faults and challenges to normal operation”. For Hashimoto et al. (1982), resilience measures how
fast a system is likely to return to a satisfactory state once the system has entered an unsatisfactory one.
Concerning transport resilience, it arrived later but acquired acknowledgments across other subject areas
which can be harnessed in transport networks. Many definitions are present in the literature (Doll and Lyon,
1998). According to Dekker et al. (2008), “a resilient system is able effectively to adjust its functioning
prior to, during, or following changes and disturbances, so that it can continue to perform as required after
a disruption or a major mishap, and in the presence of continuous stresses”. For Heaslip et al. (2009),
resilience is “the ability for the system to maintain its demonstrated level of service or to restore itself to
that level of service in a specified time frame”. Murray-Tuite (2006) characterizes resilience as an indicator
of the “system performance under unusual conditions, recovery speed, and the amount of outside assistance
required for restoration to its original functional state”. Under normal conditions the network performances
are acceptable and the network robustness aims at maintaining this level of performances against small
disruptions, when a major disturbance occurs the level of performances drops until the recovery phase which
aims at regain the initial level of performances after the perturbation.

Network Performances

Robustness —"N\_~—"">~—~—"3 :

Normal conditions Degraded conditions Recovery phase

Figure 2.1: Definition of resilience.

One of the most quoted definition is the one of Bruneau et al. (2003) (Figure 2.1) who break down
the notion of resilience in three temporal phases: i) before perturbation, corresponding to the notion of
robustness, i) during perturbation, corresponding to the notion of reactivity, and Jiii) after perturbation,
corresponding to the notion of recovery. Berkeley and Wallace (2010) extend the definition above by
including a feedback phase corresponding to the notion of adaptability. Woods (2015) defines four concepts
for resilience. Resilience as a rebound, as robustness, as the opposite of brittleness and as the ability to adapt
to future surprises. First one (rebound) must know how respond to disruptions by adjusting the transport
network functioning. Second one (robustness) must know how to contain the current disturbed situation.
Third one (opposite of brittleness) must know how do systems stretch to handle surprises. Finally, one
(ability to adapt to future surprises) have to learn from experience to be prepared in the future. These four
dimensions for resilience are also depicted by Bruneau et al. (2003): robustness, redundancy, resourcefulness
and rapidity. Both resourcefulness and rapidity become relevant when the network is affected and respectively
relates to deploying emergency measures and to the importance of a rapid return to an acceptable level of
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service. In the field of transportation, Mattsson and Jenelius (2015) recently advocate the lack of adequate
research on the topic, particularly with respect to the post-disaster phase. Since then, resilience emerges as
a vast domain of investigation, with a growing and active community. In this context, definitions, metrics
and approaches stemming from other research fields and domains, such as telecommunications or computer
systems and networks, are proving to be crucial in the transport domain as well (Sterbenz et al., 2010;
Cohen et al., 2000). Transport resilience has mainly dealt with extreme events such as floods (Litman,
2006), earthquakes (Nakanishi et al., 2013), and disasters in general (Mattsson and Jenelius, 2015; Zhang
et al.,, 2015; Adjetey-Bahun et al., 2016). According to Hashimoto et al. (1982), system performances
can be described from three different viewpoints: “i) how often the system fails (reliability), ii) how quickly
the system returns to a satisfactory state once a failure has occurred (resiliency), and iii) how significant
the likely consequences of failure may be (vulnerability)”. Murray and Grubesic (2007) ensure that both
vulnerability and reliability “are especially important when examining the ability of critical infrastructure to
provide continuity in operation”. Finally, Calvert and Snelder (2018) indicate that the “resilience is related
much closer to robustness and vulnerability than to reliability”.

2.1.1 Reliability

Reliability is typically defined as the probability of being functional or operational in post-disaster time
(Balakrishnan et al., 2009). According to Wakabayashi and lida (1992) reliability is “the probability that a
system will perform its purpose adequately for the period of time intended under the operating conditions
encountered”. For Murray and Grubesic (2007), the network reliability is “the ability of a network to carry
out a desired network operation despite the failure of network components’. A vulnerable network is not
necessarily unreliable if it maintains an acceptable level of performances when subjected to a disruption
(Murray and Grubesic, 2007; Mattsson and Jenelius, 2015). However, both reliability and vulnerability
are important to the continuity of critical infrastructure operations (Murray and Grubesic, 2007). In the
transport literature, reliability is used more generally to describe the stability, certainty and predictability of
travel conditions (Mattsson and Jenelius, 2015). For Immers et al. (2004) this is the “degree of certainty
with which a traveller is able to estimate his own travel time”, which depends on available information, on
alternative travel options and on the probability distribution as well as the stability of travel times. Nicholson
(2003) notices the lack of users' perception consideration in this definition of system vulnerability which is
often only focused on transport planners point of view. According to Nicholson (2003), the unreliability of
network comes from either a flow variation or a capacity one. In the literature, reliability is defined with
respect to different aspects. First, the connectivity reliability, also called terminal reliability (Wakabayashi
and lida, 1992; Hongwei and Xizhao, 2015; Chen et al., 2007b) and introduced by Mine and Kawai (1982),
which considers the probability that a pair of nodes in a network remains connected. Second, the experienced
terminal reliability which is based on the probability of experiencing a disruption during the path (Bell and
Schmacker, 2002) or the probability that a network can accommodate a demand level (Chen and Tzeng,
1999). Third, the travel time reliability (Bhouri et al., 2012; Chen et al., 2003; Carrion and Levinson, 2012)
which considers the probability that a trip between a given OD pair can be completed successfully within a
specified time interval (defined as the travel time in normal condition) plus a safety margin (Cassir, 2001) and
could be extended to the travel cost reliability (Schmocker and Bell, 2002). The capacity reliability which is
the probability that the capacity of the network is greater than or equal to the required demand (Chen et al.,
2002, 1999; Kuang et al., 2013; Church and Scaparra, 2007) and finally the flow-decrement reliability,
introduced by Du and Nicholson (1991), which is the probability that the flow reduction is lower than a
specific threshold under a degradable network (Chen et al., 2013). Other aspects of reliability, including
the behavioral-related reliability based on the behavioral responses (Chen et al., 2002; Shariat-Mohaymany
and Babaei, 2010; Bell, 2000), are related to the reliability definition which aims at computing the level of
service whatever the traffic conditions (Calvert and Snelder, 2018).
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2.1.2 Vulnerability

While reliability refers to the possibility of maintaining the level of performance, the system vulnerability
focuses on the potential for disrupting the element of critical infrastructure generating a loss of performance
(Murray and Grubesic, 2007). Berdica (2002) defines vulnerability as the susceptibility that disruptions could
cause considerable reductions in network service or the ability to use a particular route at a given time. As
for resilience, a distinction between the topological vulnerability, where the transport network is modeled as
a simple graph, and the system-based vulnerability, based on real transport system in the demand and supply
models, is also made (Mattsson and Jenelius, 2015). There are differing opinions on the network vulnerability
concept. Indeed, Taylor and D'Este (2007) propose a slightly different definition of the concept by ensuring
that vulnerability is strongly related to the consequences of link failure, irrespective of the probability of
failure. For Guze (2019), the vulnerability describes consequences in terms of increased travel time or
limited availability of services, when travelling in a transport networks in presence of a disruption. Husdal
(2004) defines a network as vulnerable by considering its non-serviceability, non-accessibility, and variability
under certain circumstances, due to the lack of redundancy, robustness, and resilience in the network and
consider equivalent (under certain circumstances) the notion of vulnerability and unreliability. According to
Calvert and Snelder (2018), vulnerability considers the improper working of a system. The authors affirm
that “vulnerability may be considered as a two-component concept in which probability and consequence are
the two main attributes”. For Hashimoto et al. (1982), vulnerability refers to the magnitude of a failure
considering its probability of occurrence. This definition is closer to the notion of risk, introduced by Berdica
(2002) as a combination of the probability of an event with a negative impact to take place and the extent of
the resulting consequences once that event has taken place. For Jenelius and Mattsson (2015), vulnerability
is the societal risk of road infrastructure disruptions. Risk evaluation and management aims at identifying
hazards with their probabilities and consequences, assessing the acceptability of the risk and taking action
to avoid unacceptable risks.

2.1.3 Robustness

Robustness refers to the connectivity loss in presence of disruption (Pagani et al.,, 2019). This concept
differs from reliability by considering how a network can maintain its function while suffering a disturbance
(Calvert and Snelder, 2018). According to (Bankes, 2010), robustness refers to the “ability to withstand
or survive external shocks, to be stable in spite of uncertainty”. Jen (2003) provides a similar definition by
considering robustness as the “ability of a system to withstand perturbations in structure without change
in function”. Cats (2016) assumes that the system robustness is the capacity to absorb disturbances with
a minimal impact on system performances. Although close to resilience, robustness emerges as a concept
that can be used to directly assess network performances whereas resilience is a concept that focuses on
understanding the ability of systems to persist over time against external shocks (Capano and Woo, 2017).
In the literature, some works focusing on the characterization of resilience only consider robustness (Steen
and Aven, 2011). According to Mahdavi et al. (2020), robustness can be expressed by the change in
topological properties of the network. A popular measure of network robustness is the number of nodes that
must be removed to break it down (Boldi et al., 2013). Sullivan et al. (2010) affirm that a robust network
has the capability to compensate for disruptions on network links with relative ease and with only a small
deterioration of performances. To improve robustness, Immers et al. (2004) propose to introduce a certain
amount of redundancy or spare capacity into the system and to minimize the inter-dependencies to limit
cascade failure, which is an iterative processes in which a single failure leads to subsequent ones. The authors
ensure that a transport network could considerably suffer from a lack of redundancy or an insufficient spare
capacity. Jenelius (2010) considers the importance of edges as rerouting alternatives when other edges in
the road network are disrupted. Robustness is a necessary condition to make a system resilient (Cuadra
et al., 2015).
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2.2 Network Performances Quantification

Recently, most academics have focused on the connectivity and reliability of networks and tested their ro-
bustness and vulnerability. According to Bruneau et al. (2003), the failure probability defined by reliability
(Section 2.1.1) and vulnerability (Section 2.1.2), the consequences of failure related to robustness (Sec-
tion 2.1.3) and the recovery time should be used to quantify resilience. Quantifying the performances of a
transport network, both considering network topology and traffic dynamics, is crucial to observe the impact
of a disruption. Tamvakis and Xenidis (2013) ensure that resilience quantification is currently “performed
by measuring either the system’s variation of performance in time or some selected system’s properties that
are considered as indicators of system's resilience”. Jafino et al. (2020) notice that the aim of the criticality
analysis is to rank the components of a system based on their criticality scores rather than calculate the
criticality scores for each transport network component. As presented in the introduction of this chapter
both approaches based on traffic dynamic (Section 1.2) and network topology (Section 1.1), are used in the
transport network resilience analysis with their own specific metrics (Jafino et al., 2020; Ducruet and Lugo,
2013; Mattsson and Jenelius, 2015).

2.2.1 Traffic Conditions-based Measures

Traffic indicators such as the queue length, the speed evolution, the travel time or the flow of vehicles provides
information about the traffic conditions and thus about network resilience when computed in presence of
disruption (Murray-Tuite, 2006; Balal et al., 2019). Knoop et al. (2012) compare ten potential metrics
based on traffic indicators such as flow, free flow speed, capacity, jam density, road length, number of lanes
and found very low correlations between the ranking produced by these metrics. This implies that looking
for a single best metric is not feasible, as different metrics produce distinctive rankings (Jafino et al., 2020).
According to the OECD (Organisation for Economic Co-operation and Development) and ECMT (European
Conference of Ministers of Transport) the congestion is a physical phenomenon relating to the manner in
which vehicles impede each others’ progression. However, congestion is a relative phenomenon relating to
users’ expectations towards the road system performance. Because of this twofold source, congestion cannot
be captured through a unique metric. Most of the metrics are based on comparisons of traffic conditions
under normal and disturbed scenarios and focus on the fundamental traffic variables (Section 1.2). In general,
the evolution of traffic flow and travel time are the two main studied characteristics.

2.2.1.1 Flow-based Measures

Chan et al. (2015) characterize resilience through the loss of services per day computed by the vehicle-miles
revenue to assess system performance in the face of a major weather disruption. Cox et al. (2011) and Jin
et al. (2014) focus on the analysis of the amount of satisfied subway travel demand after a disruption. Qiang
and Nagurney (2011) quantify resilience by analyzing the satisfied and the unsatisfied demand in presence
of disruptions. Such a measure is close to the Volume / Capacity (V/C) ratio one, widely used in resilience
analysis, which aims at computing the level of congestion by dividing the volume of traffic by the capacity
(Oliveira et al., 2014; Murray-Tuite, 2006; Mahdavi et al., 2020). In this way, Geroliminis and Daganzo
(2007) introduce the Macroscopic Fundamental Diagram (MFD) (Section 1.2.1.1), which "“is elegant and
attractive because it provides a global view of traffic behavior and performance at a network level”, according
to Leclercq and Geroliminis (2013). The evolution of network performances under a disturbance could be
represented by this tool. Kim and Yeo (2016) propose to study resilience of urban transport network using
the MFD, to quantify the performance loss. Hoogendoorn et al. (2015) show the ability of the MFD to fit
traffic dynamics using Dutch freeway ring road data. Amini et al. (2018) aim at developing a performance
indicator to evaluate the impact of real-time traffic control strategies on resilience of the road network using
the MFD. Dong et al. (2017) propose to detect the critical edges of an urban network by using the MFD.
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From their study, the authors conclude that the MFD is suitable for traffic management and intelligent
control, as well as for evaluating the design effect of the urban network. Nonetheless such measures do
not consider network topology in the analysis of resilience. Zhou et al. (2015) identify the intersections of
an urban transportation network which are characterized by good connectivity, serving a high density of trip
trajectories, and exhibiting multiple traversing patterns of trip trajectories as potential functionally critical
network locations. Jenelius (2010) proposes a flow-based redundancy importance measure. The measure
considers the net amount of flow that is rerouted to the link of interest when other links are closed, by
comparing the flow of a road in presence of disruption and under normal conditions. Moreover, several
models have been developed to detect facilities whose loss put the most system flow at risk to evaluate the
network vulnerability (Murray et al., 2007; Matisziw and Murray, 2009; Myung and Kim, 2004). Hong et al.
(2019) notice that most studies focus on monomodal transport network resilience characterisation.

2.2.1.2 Travel Time-based Measures

As a first measure, the travel time variation provides information about traffic dynamics and the impact of
a disruption over the transport network. Such an indicator is essential in the travel time reliability charac-
terization which is the probability that a trip can be completed within a specified time interval (Mattsson
and Jenelius, 2015). To characterize the congestion, Zhang and Lomax (2008) propose an index equal
to the ratio of the trip time under real traffic congestion over the trip time under free flow congestion.
Martinez-Pastor et al. (2016) called such metric as the perturbation measure. Van Lint et al. (2008)
classify quantitative indices for travel time reliability into four categories: statistical indices based on the
distribution of travel time empirical data (Sun et al., 2016), buffer indices based on the extra length of
travel time required for punctuality (Lomax et al., 2003; Van Lint et al., 2008), tardy trip indices based
on the measure of the threshold of acceptable lateness (Lomax et al., 2003; Van Lint et al., 2008), and
probabilistic indices based on the proportion of trips whose travel times exceed a pre-determined travel time
threshold (Van Lint et al., 2008). Jones and Anciaes (2016) list some measures of congestion and road
network performance based on the travel time (excess travel time, excess travel rate, journey time variability,
excess PT waiting time, excess PT travel time). Derived from this traffic variable evolution, Pregnolato
et al. (2017) analyze the Person Hours Delay (PHD) which is the difference in the aggregate journey time
recorded in a specific scenario and the baseline one. To monetize this delay, the authors introduce the Cost
Per Vehicle (CPV) and the Net Present Value (NPV). Mudigonda et al. (2019) compute the recovery rate
to analyze network resilience through the travel time and the passenger trips recorded during the hurricane
Sandy. In the dynamic resiliency quantification of the public transport network of New Dehli, Mahdavi et al.
(2020) compute the travel time reliability (Section 2.1.1) to describe the degradation of performance of
the operation with respect to delays in the service. The delays are quantified with the difference between
scheduled and real services that is called on-time performance, and correspond to the additional waiting
time imposed to passengers who experienced a disruption. Chang et al. (2020) observe the performance
in frequency to analyze the loss of performances between the scheduled and the realized frequencies of a
Seoul metro line. The metrics based on the costs of delays are possible indicators and give information
about the network vulnerability (Cantillo et al., 2018). By comparing the travel cost evolution in presence
of disruption, (Jenelius et al., 2006) characterize the Importance (1) (2.1a) of an edge with respect to the
network by disrupting it, and its Exposure (E) (2.1b), which is the expected increase in travel cost for a
random link failure.
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where N represents the set of nodes of the transport network, w;; is the weight of the OD. If all the weights
wj; are all equal, all OD are equally important. The ¢j; is the travel cost between the OD pair in the normal
scenario and ¢ in the disturbed scenario. L"¢ is the number of non-cut links. A non-cut link is a link that
causes finite increases in travel cost when closed in presence of a link closure.

Gauthier et al. (2018) extend the importance with the Stress Test Criticality (STC) metric (2.2), based
on the aggregation of the performance loss values, computed by comparing the travel cost in presence of
disruption and under normal condition, for different capacity-disruption levels.

STC(e) = /CDL 3 ci(e. CD? — (e (2.2)

veV

where CDL is the capacity disruption level, V is the set of vehicles and ¢, is the travel cost for the edge e
and the vehicle v under normal © or disrupted ¢ conditions.

2.2.1.3 Travel Time and Flow-based Measures

To consider the impact on the flow, Cats et al. (2016) extend the E and define a Passenger-Exposure (PE)
metric which corresponds to the total number of hours that an edge is subject to disruptions multiplied
by the passenger flow on this edge, during a given time period. Scott et al. (2006) propose the Network
Resilience Index (NRI) based on both the variation of the travel time and the flow in presence of an edge
removing. By comparing the results with the VV/C ratio, the authors conclude that the NRI provides a better
indication of the value associated with individual edges of a highway network because of the consideration of
the spatial relationships and rerouting possibilities associated with the networks topology, the OD demand
and the capacity of individual highway segments in this second index. The NRI also presents an advantage
compared to the Gamma Index (vy) which only accounts for network topology by ranging the network
connectivity between 0 and 1 without considering the traffic flow. This index measures the relationship
between the number of links and the maximum number of possible links in a network, linking every pair of
distinct vertices by a unique edge. A value of 1 is synonymous with completely connected network. Sullivan
et al. (2010) enlarge this measure to provide a global characterization of the network rather than a local
one. By summing the NRI for all the individual and dividing by the total trip demand in the network, the
authors create the Network Trip Robustness (NRT). The authors consider the capacity reduction of the
edge rather than a total removing to evaluate the impact of frequent network disruptions and to identify
and rank the most critical links in the network using three test networks with different levels of connectivity.
Oliveira et al. (2014) also characterize the performances of a road network using the NRI, the \V/C ratio but
also the congestion index, introduced by Zhang and Lomax (2008), which aims at measuring the level of
congestion of a road as the ratio between the travel time under congested and free-flow traffic conditions.

2.2.2 Topological-based Measures

Regarding network topology based approach, the Centrality Measures (CM), issued from graph theory (Sec-
tion 1.1.1), compute the importance of any given component (node or edge) in a network (Disney, 2020)
and are a vital tool for understanding networks. The CM, often used in graph analysis including the trans-
port field, aims at quantifying both the global network (Section 2.2.2.2) performances and the local ones
(Section 2.2.2.1) by providing the importance of a network component (node or edge) (Ducruet and Lugo,
2013). The granularity of the study influence the result more than the properties of the network. The choice
of scale is essential because of the implied structural changes (Duan and Lu, 2014). Porta et al. (2006)
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perform an analysis of such metrics on different transport networks and classify them depending on the po-
sition and the role of a component regarding the network. Scheurer et al. (2007) apply CM on Melbourne's
public transports. Zhang et al. (2011) (5 different kinds of network topologies) prove the importance of
topological analysis, defining the connectivity and the accessibility, to assess transport network resilience.
The more the network has redundant paths, the better resilience is.

2.2.2.1 Local Characterization

To locally characterize the network connectivity, the Node Degree Centrality (NDC) (2.3), defined as the
total number of connected edges linked to a vertex, is useful (Barabasi and Albert, 1999).

NDC, =|{E,, VveN}+{Eu, VveN,} (2.3)

where [{E,,, Vv € N,}| is the cardinally of the set of edges going from u to the the neighbors nodes
v € Ny, and [{E,,, Vv € N,}| is the cardinally of the set of edges going from the neighbors nodes v to
the node u. In an undirected graph, the NDC is only equal to |{E,,, Vv € N,}| corresponding to the
cardinality of the set of edges between u and all the neighbors nodes.

It can be interpreted as the capacity of a node to directly join another node through the network.
The larger the NDC, the more central the node due to the number of connections. In a directed graph
(2.3), a distinction between in-NDC and out-NDC is done to differentiate the entering edges to a node
({Evu, Vv e N,}) from the outgoing ones ({E,,, Vv € N,}). To capture the redundancy of a network,
Duefias-Osorio (2005) propose a redundancy index (Hong et al., 2019; Yang et al., 2018; Chopra et al., 2016;
Zhang et al., 2019; Liu and Tan, 2013; Lhomme et al., 2013), similar to the NDC, which counts the number
of independent paths from a vertex u, to each of the vertices with a distance of two vertices w € N, Vv € N,,.
The most redundant simple graph is a complete graph less redundant one is a completely fragmented graph,
with no edge. Finally, the connectivity of a network should be characterized by the Clustering Coefficient
which measures the number of triangles in a graph, and characterizes the cohesiveness of the neighborhood
of a node (Soh et al., 2010; Wang et al., 2020; Shang et al., 2020b).

To describe network efficiency at local scale, the Betweenness Centrality (BC) (2.4a) and (2.4b) (Free-
man, 1979) is among the preferred ones in the transport field and is largely used to identify bottlenecks
of the transport networks (Zhang et al., 2011; Derrible, 2012; Gauthier et al., 2018; Furno et al., 2018;
Akbarzadeh et al., 2017).
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where g, the number of shortest path joining nodes v and v in the graph and o, (e) (respectively ., (n)) the
number of shortest path joining u to v crossing the edge e (respectively the node n). Factor 1/(|V|(|V|—1))
is induced by the metric normalization.

This metric is computable over edges (Edge Betweenness Centrality (EBC)) (respectively nodes (Node
Betweenness Centrality (NBC))) and characterizes the importance of an edge (respectively a node) regarding
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the number of times the edge (respectively the node) is crossed by a shortest path. Although an edge
(respectively a node) with a high EBC (respectively NBC) is vulnerable in terms of resilience, it also means
that the edge (respectively the node) is very attractive and important to sustain flow in the graph, being
crossed by a high number of shortest paths. To observe the evolution of such EBC measures, we compute
the Global Edge Betweenness Centrality (GEBC), equal to the sum of all the EBC values (2.5).

GEBC =) EBC. (2.5)

ecE

In their analysis, Porta Sergio et al. (2009) and Porta et al. (2012) observe the existing link between
some CM (EBC, Node Closeness Centrality (NCC), Straightness Centrality) and the economic activities
in different cities. Limits of these measurements come from the lack of traffic data using. According to
Furno et al. (2021), most of the existing works consider networks and their attributes (e.g., weights) as
static entities which is an unrealistic modelling approach as traffic, and consequently edge weights, rapidly
evolve as a consequence of change in travel demand, accidents, congestion, etc. In order to counter that,
some researches include a graph weighting procedure based on the demand or the travel time for instance
(Gauthier et al., 2018). Indeed, the addition of network properties to edges, provides accurate results
for metrics which become more realistic (Altshuler et al., 2011). In this sense, improving BC definition and
computation represents a real opportunity in the network resilience analysis. Cats and Jenelius (2014) extend
the traditional BC measure to focus on vehicles and passengers to quantify resilience of a public transport
network. The centrality for vehicle compares the number of vehicles belonging to a specific line entering an
edge in a given time stamp and the expected number of departures during the time interval. The centrality
for passengers compares the number of passengers from an origin to a destination entering an edge during
the time interval and the total number of passengers travelling between the same origin and the destination.

Another widely used metric to assess the network performance at local scale is the Node Closeness
Centrality (NCC) (Freeman, 1979) (2.6), which quantifies how a given node is far from all the other ones
by summing the reciprocal of the length of the shortest paths.

1
NCC, = (V| -1)) = (2.6)
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where V, is the set of nodes reaching from u, |V, | its cardinality and /5% is the length of the shortest path
going from the nodes v to v in the graph. Factor (|V| — 1) is induced by the metric normalization.

The higher the NCC, the shorter the shortest paths. llbeigi (2019) ensures that * the greater the NCC
is, the higher the connectivity in the network”. A node with a high NCC is in a short range from the rest of
the network. According to Crescenzi et al. (2016) “having high NCC can have positive impact on the vertex
itself".

The presented local metrics are used both on road network analysis and public transport ones (Crucitti
et al., 2006; Berche et al., 2009; Chan et al., 2015; Zhang et al., 2011). Brandes et al. (2016) assume that
both NBC and NCC are related. Extensions of these CM to weighted graph are proposed in the literature
(Opsahl et al., 2008; Wei et al., 2012; Gauthier et al., 2018).

Other CM are used in the literature to characterize the transport network topology, such as the Straight-
ness Centrality (Yin et al., 2018; Crucitti et al., 2006; Sevtsuk and Mekonnen, 2012) which illustrates the
length of the shortest path connections from each node to the surrounding points as compared with the
shortest distance between two nodes, computed with the Euclidean distance and corresponding to a straight
path. The Spectral Centrality is another measure counting the number of walks going from an origin to
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a destination with a decreasing importance in relation with its length (Nicosia et al., 2013; Perra and For-
tunato, 2008; Boulmakoul et al., 2017). The Eigen-Vector Centrality and the Page-Rank Centrality, both
based on the principle that the importance of a node depends on the importance of its neighbors, are also
used in the transportation field (Perra and Fortunato, 2008; Mouronte-Lépez, 2021).

2.2.2.2 Global Characterization

To characterize the global topological evolution of a network, two major elements are studied: the change
in connectivity and the change in the shortest path length. Number of studies focus on the computation of
the performance loss by quantifying the Average Efficiency (AE) (2.7) (Latora and Marchiori, 2001) before
and after a disruption (Zhang et al., 2018a; Saadat et al., 2020; Nagurney and Qiang, 2008).

1 1
AE= ————— Y (2.7)
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where [P is the length of the shortest path going from u to v,V is the set of vertices, |V/| its cardinality.

According to Mattsson and Jenelius (2015), such a measure is helpful to compare different networks
and is frequently employed in the related literature (Bil et al., 2015; Aydin et al., 2018; Duan and Lu, 2014;
Crucitti et al., 2006). It quantifies how efficiently information (or any other kind of flow) is exchanged
over the network. Higher values of AE denote that the network is efficient by reducing the length of the
shortest paths. Zhang et al. (2015) compute the average reciprocal distance computed over an unweighted
network to observe the impact of a disruption before and after it happened. Filippidou and Kotidis (2016)
consider the percentage change in the average shortest path length between the initial graph and the one
augmented by some edges. The defined metric is the Gain, highly related to the AE. Hong et al. (2019)
analyze the average path length and the network diameter, which measures the longest graph distance that
exists between any two nodes in a network, to characterize the bus network and the subway network in
Seoul metropolitan area (Li and Han, 2017). Derived from the AE, the Information Centrality compares the
relative drop of AE after a node removal to characterize its importance in the network. Crucitti et al. (2006)
examine the topology of eighteen cities using this global measure combined, among others, with the NBC
and the NCC. The authors conclude that each centrality captures a different aspect of one place regarding
the rest of the network.

The network efficiency and the network connectivity globally characterize the network structure. Hong
et al. (2019) also analyze both the average path length, called the characteristic path length of the network
(Li and Han, 2017), and the connectivity using the <y, very useful to transport planners and practitioners
as it estimates how easy it is to travel from one station to another. The connectivity loss expresses the
average reduction in the ability of vertices to receive flow from sources. A weighted formulation is proposed
by Pitilakis et al. (2016). This index upgrades the simple connectivity loss by weighting the number of
sources connected to a vertex, in seismic and non-seismic conditions. The Giant Connected Component
(GCCQ) is the largest set of connected nodes in a graph. Even in presence of a disruption, it is essential that
the GCC is preserved and that all nodes are connected to each other. This component is used to evaluate
robustness of networks by removing nodes or links and measuring changes and Berche et al. (2009) define it
as a “useful quantity”. Wang et al. (2011) define the network structure of China's air transport network using
the NDC distribution (Barabasi and Albert, 1999), the average path length (Watts and Strogatz, 1998) and
the clustering coefficient, close to the Network Density ((NDC)) (2.8) which is the average network NDC.

(NDC) =" N|[\)/|C“ (2.8)
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where NDC,, is the NDC of the node u and |V| the cardinality of the set of vertices.

The Node Degree Centrality (NDC) (2.3) distribution is an important indicator for network characteri-
zation (Da F Costa et al., 2007; Gao and Albert-LaszI6 Barabasi, 2016; Aliakbary et al., 2018). Li and Han
(2017) ensure that the Node Degree Centrality (NDC) distribution is one of the most important parameters
to describe the complex characteristics of the network. Mahdavi et al. (2020) characterize robustness of the
network by quantifying the change in terms of NDC distribution and assortativity (Newman, 2002) which
measures the similarity of connections in the graph with respect to the NDC and the AE. Finally, the (NDC)
characterizes the nodes connectivity in the whole network, which is an important aspect from the perspective
of redundancy and capability to absorb perturbations. The denser the graph, the more connections exist
between nodes.

Jacob et al. (2017) use the NDC distribution to compute the Heterogenity (H) which varies directly with
the NDC-spectrum. The H of a network, also known as graph irregularity, provides global information on the
diversity of network nodes connectivity (Jacob et al., 2017; Estrada, 2010). The H of a complex network is
essential to understand the behaviors and the functions because such a characteristic is the source of many
network properties (Wu et al., 2010). The definition of this metric can also be extended to the case of a
weighted network (i.e., weighted NDC), as described in (Barrat et al., 2004; Newman, 2004; Opsahl et al.,
2008, 2010; Dall'Asta et al., 2006). As with the traditional NDC, the weighted NDC of the generic node i
can be distinguished into in-NDC and out-NDC centrality, being equal to the sum of the edge weights that
join the node i to its predecessors (respectively successors) j. Computed over a weighted graph, H could
take traffic dynamics into account and therefore be sensitive to perturbations and providing information on
network resilience. The definition of H is typically based on NDC (2.3).

Gao and Albert-LLaszI6 Barabasi (2016) also propose a H metric, computed over a directed weighted
graph, based on the in-NDC (number of edges pointing in to the node) and out-NDC (number of edges
pointing out of the node) density functions (2.9).

OinOout
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where o2, (respectively 03,,) is the variance of density function of the weighted in-NDC P(NDC;,,) (respec-
tively out-NDC P(NDC,,:)) and (NDC) is the average NDC or network density.

In their work, Gao and Albert-Laszlé Barabasi (2016) propose a methodology to quantify resilience of
different types of multi-dimensional systems (i.e., gene regulatory, ecological and power supply networks).
The authors prove that resilience properties can be effectively grasped via a combination of network metrics
that includes: Heterogenity (H), Network Density ((NDC)) (i.e., average NDC (2.8)) and network Symmetry
(S) (2.10a). S is defined as the correlation coefficient of in-NDC and out-NDC.

(NDCinNDCoyt) — (NDCin){NDCoyut)
OinOout

S= (2.10a)

where (NDC;,) (respectively (NDC,,:)) is the average in-NDC (respectively out-NDC), (NDC;,NDCo,t)
the scalar product of both vectors (in-NDC and out-NDC) and o2, (respectively 02 ,,) is the variance of
density function of the weighted in-NDC P(NDC;,) (respectively out-NDC P(NDC,,t))

A macroscopic resilience parameter Berr (2.11) is then defined as a function of the aforementioned
metrics for bacterial and gene regulatory networks.

Berr = (NDC)+ S X h (2.11)
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The Berr coefficient is defined based on the Michaelis-Menten equation (Michaelis and Menten, 2009)
that defines the dynamics of regulatory networks. In other words, by defining a function that characterizes
the network dynamics, the authors determine the critical transition plane B¢, separating the desired resilient
state, from the undesired one, i.e., non-resilient. In the transport field, the fundamental diagram defines
network dynamics by relating the speed and the vehicle concentration. To obtain the same trend as the
Michaelis-Menten one, we can relate free flow speed minus the observed one to the concentration.

2.2.3 Hybrid Approaches

In order to fully characterize the transport network performances, both network topology and the traffic
conditions have to be considered with the dynamically weighted CM based on network topology and the
traffic conditions.

Topological approaches are simplistic in the sense that they do not incorporate dynamic information about
traffic and time-varying characteristics of the network. Shalaby et al. (2016) and Gauthier et al. (2018)
compare public transport and road networks resilience quantified with both approaches. Gauthier et al.
(2018) demonstrate the importance of this combination as topological approaches are traditionally unable
to grasp the time-dependent aspects of resilience. As discussed in Kazerani and Winter, human mobility is
dynamic and highly time-dependent. Therefore, it appears crucial to consider time and demand information
in the computation of CM. Along their analysis, Dall'Asta et al. (2006) show that complex networks are
more fragile than expected from the analysis of topological quantities when the traffic characteristics are
taken into account. Most of the CM have been generalised to weighted networks (Opsahl et al., 2010;
Newman, 2004; Barrat et al., 2004; Opsahl et al., 2008; Newman, 2001). The shortest paths dependent
one have been extended using the Dijkstra’s algorithm (Dijkstra, 1971) for the shortest paths computation.
By visiting all nodes in the graph, the algorithm returns the shortest paths as the paths with the minimum
sum of the weights of the crossed edges. Indeed, in a weighted graph, the shortest path corresponds to the
path between two vertices which minimizes the sum of the weights of the edges belonging to the path. The
length of such a shortest path is equal to the sum of the weights of the edges belonging to the shortest
path.

To characterize the dynamic resiliency of the public transport of New Delhi, Mahdavi et al. (2020)
focus on network topology and traffic dynamics as suggested in the literature (Gauthier et al., 2018; Cats
and Jenelius, 2018). The authors develop an index that covers the magnitude of changes in the network
performances in terms of robustness with CM (NDC, AE), travel time reliability and residual capacity with
traffic indicators (V/C ratio, number of affected passengers and waiting time). Li et al. (2019) define a
hybrid local metric based on the sum of nodes performances defined as the weighted NDC and the number
of alternative paths to all the other nodes in the network, as well as their lengths. Using a weighted sum
of these local characterizations, the authors quantify resilience of the global network by observing the loss
of performances in presence of a disruption, with respect to the normal conditions (Zhang et al., 2018a;
Saadat et al., 2020; Chang et al., 2020). Cheng et al. (2015) compared results obtained by EBC weighted
or not. Gauthier et al. (2018) and Cats et al. (2017) focus on the ranking of the network components
using the EBC computed over a weighted graph. Because in such a graph the shortest paths correspond
to the sequence of edges with minimal weights connecting two nodes, the edge weights permit to consider
road characteristics information like the travel time, and ensure that traffic dynamics are considered in
CM based on the shortest path computation. Wang et al. (2008) examine the mathematical relationships
existing between EBC and edge weights in a weighted graph. As an important result, the authors identify
the relationships that hold for edges to have higher EBC. Specifically, Wang et al. (2008) prove that if the
network is in a weakly disordered regime, edges with smaller weight tends to carry more traffic in the network,
thus introducing negative correlation between edge EBC and edge weights. Such a property is important
in transportation networks and to have an interesting application to understand how traffic redistributes in
this kind of networks. By observing the change in travel time, computed over a graph, some articles tend
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to characterize transport networks resilience. Akbarzadeh et al. (2019) observe the impact of the weight in
the critical links detection and suggest, by computing the loss of GE, that “reinforcing an urban network in
terms of its robustness could be best achieved by reinforcing the links located on the borders of its clusters
rather than links with highest flow, congestion, or EBC". Akbarzadeh et al. (2017) observe the impact of
the weight on the Node Betweenness Centrality (NBC), by comparing the metric results computed over
an unweighted graph and a weighted one. The authors analyze different weights (traffic flow, edge length,
reciprocal capacity, congestion, time) and conclude that the travel time and the reciprocal of capacity yielded
similar NBC results when used to weight links and that these two measures were relatively highly correlated
with node flow. In the literature review, different methods are presented to weight the NDC in order to
capture traffic dynamics. One possibility is to sum all the weights of the edges connected to the studied
vertex (Barrat et al., 2004; Newman, 2004; Opsahl et al., 2008, 2010; Jacob et al., 2017; Dall'Asta et al.,
2006). When computed over a travel time weighted graph, the AE aims at comparing the difference in
travel time induced by specific traffic conditions.

Various CM have been studied on both nodes and edges in relation to global traffic network properties
such as vulnerability, attractiveness or criticality, also suggesting to consider network centrality indicators as
predictors of traffic flow conditions (e.g., Betweenness Centrality (BC) in (Ye et al., 2016), Node Close-
ness Centrality (NCC) in (Leung et al., 2011; Jayasinghe and TalatMunshi, 2014; Ye et al.,, 2016) and
Node Degree Centrality (NDC) in (Leung et al., 2011; Zhao et al., 2017)). In this context, Jayasinghe
and TalatMunshi (2014) and Jayasinghe et al. (2017) evaluate the correlation existing between different
CM and the transit demand observed in the proximity of public transport stops of Ahmedabad city, India
(Jayasinghe and TalatMunshi, 2014), and the Colombo Metropolitan Area, Sri Lanka (Jayasinghe et al,,
2017). Akbarzadeh and Estrada (2018) prove that the communicability shortest paths attract more flows
than the traditional shortest paths. In accordance with these works, the travel demand is considered in
the computation of NDC, by defining its demand-sensitive adaptation DSNDC (2.12a). Similarly, DSNDC
represents the Demand-Sensitive Network Density ((DSNDC)).

DSNDC, = 60.(IEu| + |Eval) (2.12a)
oy = Z Qyy + Qyy (2.12b)
VeV,

where §,, is the travel demand departing from and arriving to node u, |[{E,,, Vv € N,}|is the cardinally of
the set of edges going from u to the the neighbors nodes v € N,,, and |{E,,, Vv € N,}| is the cardinally
of the set of edges going from the neighbors nodes v to the node u.

Rather than only considering the number of connected edges, the DSNDC (2.12a) accounts for the
number of travelers departing from and arriving to the generic node u. In that sense, the o, coefficients
(auyy, respectively) represent the part of the total travel demand going from the node u to the node v (from
v to u, respectively).

Concerning the AE metric, the travel demand is considered by weighting the efficiency of each path by
using the same «,,, factor describing the part of the total travel demand it serves.

DSAE = IVI(\VI Z Q. /Sp (2.13)
uve\/><V

u#v

The larger the demand associated to a specific pairs of nodes (u, v), the more such path will contribute
to the AE. With such formula modifications, both travel time and travel demand data will have an impact
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on the computation of the AE, as from (2.13), i.e., shortest paths serving larger parts of the travel demand
will therefore have a stronger impact on network efficiency.

By modifying the definition of the NBC, Altshuler et al. (2011) consider the demand in the node impor-
tance characterization and prove the better correlation of such modified DSNBC to capture traffic dynamics.
Similar conclusions are stated in our article Henry et al. (2019a) (Section 3.4). Indeed, using simulated data,
we proved the existence of a spatio-temporal correlation between the Demand-Sensitive Edge Betweenness
Centrality (DSEBC) (2.14) and the traffic flow. In such DSEBC formulation, the importance of an edge
with respect to the network depends both on the number of shortest paths crossing the edge and on the
part of demand that travels through the edge for a specific pair of OD nodes.

1

sp
va

g e
DSEBCu = Y ouy. 2”( ) (2.14) DSNCC, = au.

u,veVxVv uv vEVY
u#v u#v

(2.15)

The demand-related coefficient o, could be defined and estimated in different ways. Gao et al. (2013)
use mobile phone data to estimate them. Leung et al. (2011) consider instead the amount of Points Of
Interest (POIs) (e.g., restaurants) located in the proximity of each network node. The authors (Gao et al.,
2013) derive these coefficients from the function (i.e., class) of the adjacent road segments, whereas Ren
et al. (2014) use a cost-based function derived from the radiation mobility model, based on the assumption
that the individual will be choosing the place that has the lowest travel cost on the network with a benefit
factor at least as large as the possible. Ye et al. (2016) propose to estimate demand via taxi trips. The
Demand-Sensitive Node Closeness Centrality (DSNCC) (2.15) aims at considering the demand a node
attracts in its importance characterization. Such a metric, extended from the NCC definition, quantifies the
node importance depending on both the needed time (when computed over a travel time weighted graph) to
reach the node from all others, and the number of people wanting to join the node. Finally, the quicker the
node is reachable, and the larger the demand is to join the node as a destination, the higher the DSNCC.

The consideration of traffic dynamics, such as the travel demand and the temporal evolution of the traffic
conditions, is essential for the quantification of performances and vulnerabilities of mobility networks when
computing complex network metrics on transportation graphs. Indeed, Kazerani and Winter suggest to use
data on travel demand to weight shortest paths in the computation of centrality metrics. As introduced
in Section 2.2.3, by modifying the definition of the NBC, Altshuler et al. (2011) consider the demand in
the node importance characterization. Moreover, by weighting the graph with traffic indicators, free-flow
travel time for peak and non-peak hours, the authors capture traffic conditions in the NBC computation.
Indeed, the shortest paths are no longer the path containing the lowest number of crossed edges but the
ones with the lowest travel time. By computing the modified NBC (equivalent to the DSNBC) over the
weighted graph, the authors notice a different distribution with respect to the unweighted classical DSNBC
definition, with a better correlation to typical flow information in the first situation. Such a result supports
the importance to include the dynamic and temporal nature of human travel demand for realizing traffic flow
prediction or characterizing the network performances. Similar conclusions are found in (Puzis et al., 2013;
Leung et al., 2011). Cheng et al. (2013), Cheng et al. (2015) and Yoo and Yeo (2016) extended definitions
of the CM, to provide the importance of the components by including commuter flows and temporal delays in
the computation of the network performance. Following similar approaches, Zhao et al. (2017) ensure that
the use of modified CM, considering both geometric properties and traffic information of the road network,
lead to an improved traffic flow analysis and accurate predictions of flows at different network levels.
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2.3 Multimodal Transport Network Resilience Approaches

On the one hand, “public transport used road space more efficiently than cars by carrying more people in
almost the same space” (Wu et al., 2018). In this way, the reduction of congestion and consequently the
improvement of resilience is expected thanks to the increasing use of public transport. Indeed, an improved
and more attractive public transport system also improves traffic conditions by relieving the pressure on the
roads. To analyze that it is necessary to take in account the multimodality of the network across the study.
On the other hand, this aspect will permit to take in account existing possibilities of modal shift when a
damage occurs. For instance, in Lyon, France, during an incident blocking the metro, the public transport
operator makes available buses to pursue the service as well as possible. The most common but unsatisfied
method to analyze a multilayer network is the same as for a normal network. According to Kivela et al.
(2014) “the best way is to begin from initial and fundamental concepts stated for graph theory and adapt
them to create new methods and metrics in order to analyze multilayer networks”.

In the transportation context, multilayer representations provide a deep understanding of the multimodal
transport network. Nevertheless, only few study already deals with this method and “still represent isolated
cases” (Aleta et al., 2017). Moreover, done studies consider a single network which does not interact with
other ones, or focus on representing a mode per layer which is still aggregated. Buldyrev et al. (2010) analyze
the cascade effect in interdependent networks. De Domenico et al. (2014) measure the necessary time to
cover network thanks to random walks. Du et al. (2016) deal with resilience of Chinese Airline Network with
removal of nodes. The network is divided in three layers by the k-core decomposition. Conversely, “modern
systems are becoming more and more coupled together” (Buldyrev et al., 2010) and it is interesting “to
study the interdependency and resilience of the system while to have a realistic model of human mobility the
single line per layer perspective should be adopted” (Aleta et al., 2017). In conclusion, both representations
will be needed in the work. The first will serve to construct cascade effects of stress tests due to the
interdependency of transport networks (Buldyrev et al., 2010). The second will allow to simulate accurately
how the network works under disruption.

Regarding the multimodal transport networks, dynamically weighted CM (Section 2.2.3) has also been
created for multilayer networks. For instance, De Domenico et al. (2015) present CM based on dynamical
properties for this type of network. Brodka et al. (2011) and Brodka et al. (2012) analyze aggregated
multilayer network in the social field. They deal with metrics to establish a neighborhood analysis and
especially centralities ones as the cross-layer degree centrality and the cross-layer clustering coefficient.
Kivela et al. (2014) specify that the node neighborhood definition consists in “counting the number of
different types of edges and considering the directions of the edges”. Du et al. (2014) propose a methodology
applicable in logistics transportation network vulnerability assessment. They develop a vulnerability index
of facilities in the multimodal logistics transport networks including road and rail networks, using the ratio
between the network’'s normal performance as the reference status and the degraded ones. The performances
are recorded through a generalized cost composed of the per-edge economic cost of logistics transport
and the per-edge logistics travel time. De Domenico et al. (2013) develop a framework to study general
multilayer networks with the generalization of several graph-based indicators such as the NDC, the clustering
coefficients, the eigen-vector centrality, and the modularity. Battiston et al. (2014) analyze the multilayer
network of Indonesian terrorists using the entropy and the participation coefficient, based on the NDC, the
overlapping degree. They also analyzed the clustering coefficient, the interdependence of vertices and the
eigen-vector centrality. Another centrality measure had been adapted to multilayer networks like present
De Domenico et al. (2015). The interactive decision tool Spatial Network Analysis for Multimodal Urban
Transport Systems (SNAMUTS) aims at defining the cities transport network resilience using CM. The
shortest paths used in the centrality metrics are computable over multilayer graph (Solé-Ribalta et al., 2019;
Brodka et al., 2011). A penalization for the layer crossing in such computation is possible. Delling et al.
(2009) present a multimodal variant of Dijkstra’s algorithm (Dijkstra, 1971), used to compute the shortest
paths over a multilayer directed weighted graph. It is interesting to note that multilayer networks analysis
could consist in comparing the intra-layer edges of the different layers of the network: Bianconi (2013)
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computes overlaps between layers, Barigozzi et al. (2010) analyze the correlations between the distributions
of the layers, etc.

2.4 Concluding Remarks and Discussions

Because we aim at modelling the transport network using a dynamically weighted graph (Section 1.3) to
consider both network topology and traffic dynamics in the quantification of resilience, we must use adapted
indicators (Section 2.2.3). The use of weighted CM is optimal because of their easy implementation and
the huge related literature proving their interests (Ghanem et al., 2018; Brandes and Fleischer, 2005; Furno
et al.,, 2021, 2018; Shalaby et al., 2016). Computed over a weighted graph, the indicators capture the
traffic condition in their computation (Gauthier et al., 2018). The modification of the CM which considers
the travel demand in the component importance characterization and thus supplement traffic dynamics
consideration in the characterization of resilience. Regarding the implementation and the extension of these
indicators to dynamically weighted graph and multilayers ones (Section 2.3), by modifying the shortest path
computation algorithm, on which CM are currently based, these indicators are easily customizable (Tang,
2011; Kiveld et al., 2014).

A presentation of another used metric, called Accessibility (A), is presented in Appendix A with a short
work. Moreover, a non-exhaustive list of about 100 transportation resilience analysis is available at the end
of the manuscript from Table 9 to Table 13 (Appendix B).
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Chapter 3

Simulated Data-based Analysis and
Stress Tests Evaluations

This chapter focuses on the presentation of the simulations and the analysis performed with the aim of
quantifying transport network resilience using dynamically weighted graphs, presented in Chapter 1, and
some related indicators issued from graph theory, introduced in Chapter 2.

To build the dynamically weighted graph, we use simulated data issued from the macroscopic/mesoscopic
simulator HubSim (Section 3.1.2), developed by Neovya company, and the microscopic traffic simulator
SymuVia (Section 3.1.1), developed by our research group. These two simulators allow us to respectively
study a peri-urban transport network and an urban transport network.

We characterize the resilience using the following CM: the Edge Betweenness Centrality (EBC), the
Node Closeness Centrality (NCC), the Node Degree Centrality (NDC), and their Demand-Sensitive (DS)
extensions. The ability of the weighted CM to capture the traffic conditions is presented in Section 3.2.
Finally, Section 3.4 presents a comparison of these resilience indicators, dependent on the topology and the
traffic conditions, with purely traffic ones through a correlation analysis.

This chapter contributes to the state of the art by demonstrating the ability the presented hybrid approach
to consider both transport network topology and traffic conditions in the characterization of resilience.
Computed over a graph with dynamic weights, modelling the traffic dynamics, the CM become sensitive to
traffic conditions and able to capture the impact of disruptions. The importance of accurately reproduce
the drivers’ behaviors is demonstrated, as well as the relation between the CM and the traffic indicators. In
this chapter we use simulated data.

Section 3.4 is an updated and enhanced version of the conference paper Henry et al. (2019a).
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