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Abstract
The objective of this comprehensive review study was to compile a state-of-the-art understanding of the resilience
of the transportation system due to natural and man-made disasters. This study identified resilience measurement
parameters that can be used to formulate resilience quantification and improvement strategies of a transportation
system. Reviewed articles were classified and summarized from two perspectives: (i) modeling based on the mode
of transportation; and (ii) modeling based on the mathematical technique used to quantify resilience. One of the
unique contributions of this review article is that it compiled the key resilience indices that were analyzed to
quantify resilience. This review revealed that the majority of the scholarly articles on the topic of transportation
system resilience published since 2006, were focused on the resilience of the roadway-based transportation system,
and vulnerability was one of the most explored resilience indices in evaluating transportation system resilience.
Several future research directions were identified considering the implications of emerging transportation
technologies (e.g., connected and automated vehicle technology). The complex interdependency among critical
infrastructure systems such as power, transportation, and communication system, as well as the cybersecurity issues
in the advanced intelligent transportation system, will be vital in the resilience analysis of future transportation
systems.
Keywords: Resilience modeling, Resilience index, Vulnerability index, Accessibility index, Reliability

Introduction
Disruptive events, whether it is predictable or unpredictable, natural or man-made, have widespread impacts on
transportation system performance and availability. The
higher frequency and severity of natural disasters in recent years show a worsening trend and challenges the
resilience of critical infrastructure systems. In 2017, 16
natural disaster events caused more than billion-dollar
damage per event in the United States alone [125].
These events included one drought event (North Dakota,
South Dakota, and Montana), two flooding events
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(affected California, Missouri, and Arkansas), one extreme snowfall event (affected Southeast states including
South Carolina, Florida, Virginia.), eight severe storm
events (affected several Southeast and Midwestern
states), three tropical cyclone events (affected Texas,
Florida, and Puerto Rico), and one wildfire event (in
California). The total death toll of these disasters was
362. While the occurrence of disruptive events (specifically natural disasters) is unavoidable, developing a
proper mitigation and response plan to minimize the
impact of such events is critical [122]. The adaptation
and mitigating of emissions can reduce the impacts of
climate change, which eventually decreases the occurrence of natural disasters [122]. A resilient system is
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capable of minimizing the disaster impacts with its inherent ability to maintain the reasonable performance of
system components and enables the rapid restoration of
the system. Therefore, to measure and improve the resilience of a system, the quantitative and qualitative
modeling to understand the resilience properties and indicators of the transportation system is critical. The resilience of transportation systems can be defined with
ten dimensions-(i) redundancy (i.e., same functionality
of multiple components), (ii) diversity (i.e., different
functionality), (iii) efficiency (i.e., demand and supply
optimization), (iv) components’ dependency (i.e., ability
to operate independently), (v) strength (i.e., ability to
withstand an event), (vi) stakeholders’ collaboration (i.e.,
information and resource sharing among multiple entities of the system), (vii) adaptability (i.e., flexibility in
the system elements), (viii) mobility performance (reaching destinations within a reasonable time), (ix) safety
performance (i.e., less fatal/injury crashes), and (x) the
ability to recover quickly (i.e., rapid restoration with
minimal intervention) [100]. While studies on understanding and defining social resilience due to disruptive
events started early in the 1970s [120], studies focusing
on transportation system resilience began in the 1990s
[36]. Since then, many research studies on quantitative
and qualitative modeling of transportation system resilience were conducted to facilitate resilience planning and
emergency management.
Though the review articles on the transportation system resilience research are limited, there are a few outstanding review articles. For example, [45] classified
articles on transportation system resilience based on
qualitative and quantitative approaches considering performance metrics, analysis method, life-cycle phase, and
modeling techniques. Two review articles on system resilience defined different domain-specific resilience for
environmental multi-hazards and discussed the challenges and opportunities in resilience quantification [11,
69, 129]. reviewed the modeling of real-time vehicle
schedule recovery methods of different modes (e.g., vehicle rescheduling, train rescheduling). This article
reviewed the techniques of rescheduling trips due to the
impact of a single or simultaneous impact of multiple severe disruptions that may include vehicle breakdowns
and accidents considering different modes of transportation [133]. carried out a comprehensive review of the
studies on resilience performance of the transportation
system and reviewed articles that pre-dominantly analyzed the resilience performance parameters. A recent
study by Gu et al. [61] reviewed articles on transportation performance under perturbations prioritizing reliability, vulnerability, and resilience parameters. While
earlier studies on the transportation system resilience
mostly focused on the conceptual framework-based

model, more recent studies explored the different disruption scenarios to analyze the transportation system
performance. Though there are few review articles on
the transportation system resilience, this article adopted
a unique approach of categorizing articles to provide a
comprehensive undersending of the resilience of the
transportation system. In general, research articles in
transportation system resilience develop mathematical
or conceptual models to quantify resilience in which authors develop a model based on the key contributing factors, apply models considering different infrastructural
components and different disruption scenarios, and
compare them with the existing models or discuss the
limitations. In this review, the authors have developed
the overarching concept of the two-perspective review
methodology based on two questions:- (a) How different
transportation modes perform in terms of transportation
system resilience?; and (b) Which modeling and analysis
techniques can be utilized to quantify resilience and develop the performance improvement strategy? In
addition, one of the unique contributions of this paper is
the identification and classification of the diverse resilience indices used in the literature to quantify transportation system resilience (discussed in section 4). This
compilation will be much useful to the researchers in
understanding the state of the art of resilience metrics at
a glance.
The paper is organized as follows. Section 2 illustrates
a summary of historical trends of disaster and impacts;
Section 3 explains the methodology of the literature review; Section 4 presents the classification of different resilience indices; Sections 5 and 6 reviewed resilience
studies in two categories - based on the mode of transportation, and based on the modeling techniques; Section 7 summarizes the reviewed articles; Section 8
identifies future research directions. Finally, Section 9
summarizes concluding remarks.

Page 2 of 20

Historical background of disaster and associated
impact
Disasters cause great disruptions not only to the
transportation system but also to many other critical
civil infrastructures, including power distribution, social and economic sectors. The impacts depends on
the type and intensity of extreme weather events. Depending on the severity of the events and system resilience characteristics, impacts could vary from
partial to a full closure of the system, traffic diversions to complete failure of the infrastructure. Drastic
climate change includes seasonal heat waves, increment in arctic temperatures, sea-level rise, seawater
temperature rise, which are major factors contributing
to frequent and severe natural disasters [104].
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Major hurricanes in the United States (US) caused significant damage since 1900. For example, hurricane Galveston (1900) affected several countries- Cuba, the
southeastern Gulf of Mexico, the Texas coast in the US,
and claimed 8000 lives and enormous property damage
worth of $30 million [124]. The Miami hurricane produced the highest sustained winds ever recorded before
and caused property damage worth $90 billion in 1926
[124]. According to a Red Cross report, the death toll
was 373 human lives and 6381 injuries. The New England hurricane (1938) passed through the north part of
Puerto Rico as a category five hurricane and hit Long Island and Connecticut as a category three hurricane. It
caused 600 fatalities and infrastructure damage worth
$308 million [124]. The combination of strong winds,
storm surges, and rainfalls during Hurricane Camille in
1969 caused 256 deaths, $1.421 billion worth damage,
and affected areas included most of the Gulf Coast, and
Cuba [124]. Hurricane Gilbert (1988) was one of the few
hurricanes that affected a very large geographic region,
including several countries- Honduras, Dominican Republic, Mexico, Jamaica, United States, Haiti, Guatemala,
Venezuela, Costa Rica, and Nicaragua claiming 318 lives
[124]. Hurricane Andrew in 1992 was the third most intense hurricane in terms of the central pressure at
landfall (27.23 in.) [124]. Hurricane Katrina in 2005 is
one of the costliest hurricanes in the US, which caused
damages worth $75 billion [124]. Hurricane Sandy was
the deadliest disaster in 2012 and was the secondcostliest hurricane causing damages worth $70.9 billion [126]. Because of the flooding and power outages
in New York and New Jersey due to Hurricane Sandy,
the operations of most of the transportation infrastructure systems, including airports, seaports, and
public transit systems, were shut down for several days
[114]. Hurricane Maria made landfall in southeast
Puerto Rico and caused damages worth $90.9 billion
[124]. It was a category four hurricane that was responsible for widespread devastation to not only
transportation but also agriculture, communication,
and energy infrastructure.
Geophysical disasters such as earthquakes also have a
significant effect on transportation systems, and the
most concerning factor is that they are difficult to predict. One of the most extreme earthquakes, the Tohoku
earthquake of 2011, caused extensive damage to the
transportation infrastructure of Japan. Japanese automobile production dropped by approximately 50% due to
this disaster [127]. The Sichuan earthquake in China was
the deadliest and caused 87,587 deaths and a total economic loss of $86 billion ([123]). The landslides and
rock-falls damaged more than 53,000 km of roads [127].
Along with roadway transportation, disruptive events
have impacts on other modes of transportation too. For

example, due to the terrorist attack on the World Trade
Center in New York City on September 11, 2001, North
American airspace was ordered to shut down their operations completely and for the first time in history, along
with American airspace, Canadian airspace was also shut
down to tackle the security threat [114]. Almost 235
flights had to do an emergency landing in Canada, and
the airway operations between the Canadian and American airspace were greatly affected for three consecutive
days [114]. Due to the refund of canceled flights and the
additional costs of rerouting remaining passengers, the
airline industry faced huge economic loss due to this
event.
Many other types of natural disaster events impact the
transportation system performance. For instance, a volcanic eruption in Iceland in 2010 produced large quantities of ash and affected the whole of Western Europe.
As aircraft weather radar is not capable of detecting the
presence of volcanic ash, aviation authorities startled
and decided to shut down the operations of airports
[114]. As a result, it became the largest natural disruption in the history of air transportation closing down the
operation of major European airlines such as British Airways, Lufthansa. This disastrous event impacted 29% of
the global air market, which was equivalent to 1.2 million passengers per day. Almost 100,000 flights were
canceled and resulted in a total economic loss of $1.7
billion [114].
In 2017, the natural disaster events and associated impacts set new records in terms of damage cost and economic loss. There were 16 weather and climate disaster
events with cumulative damage of $306.2 billion in the
US [125]. These events included droughts, flooding,
freeze events, severe storms, hurricanes, and wildfires.
Among them, Hurricane Harvey became the costliest
hurricane in the history of the US, costing about $125
billion [125].
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Literature review methodology
Many published articles on different aspects of transportation system performance and resilience defined resilience,
quantified resilience parameters, evaluated resilience improvement strategy, and modeled transportation system
performance. The primary scope of this review paper is
confined to the resilience and the overall system performance due to the natural or man-made disaster impact.
Though many studies from the late 1990s were reviewed,
primarily emphasize was on the most recent studies
from the last decade. The selected articles were classified from the perspective of different transportation
system mediums, different modeling techniques, and
different disaster types.
Figure 1 provides a summarized overview of the main
sections and sub-sections of this research paper. All
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Fig. 1 Categorization of different sections and subsections of this review article on the transportation system resilience

articles were classified into major two domains: (i)
Models based on the mode of transportation, (presented
in Section 5), and (ii) Models based on the analysis technique (presented in Section 6).

Resilience index
Resilience, in general, defined as a system’s ability to resist and absorb the impact of disruptions [25]. According
to [105], resilience is a system’s property that is identifiable whenever the system responds to demand through
time. Dekker et al. [40] proposed resilience as following;
‘A resilient system can adjust its’ functioning prior to,
during, and following changes and disturbances, so that
it can continue to perform as required after a disruption
or a major mishap, and in the presences of continuous
stresses.’ Researchers used several parameters, performance characteristics, or evaluation criteria to quantify the
resilience and measure the potential impacts of a disruption scenario to a transportation system. While most studies on transportation systems resilience adopted specific
parameter/resilience index, this terminology has seldom
used in transportation system performance-based studies.
This section summarized performance metrics that can be
identified as resilience indexes.
Travel time

Travel time is the time spent in traveling from trip origin to destination and substantially dependent on the
topographical features of the transportation system and
meteorological conditions during a disaster scenario. As
disasters can affect the topographical features (i.e., road
network links) as well as travel time significantly, travel
time is one of the most used parameters to quantify system performance in a disaster scenario. Travel time has
been used to identify the difference in the performance
of a transportation system in pre- and post-disaster time
[46, 118]. Researchers also used the travel time to detect
the most critical links in a highway network [121, 137],
which give insightful information on the impacts of a
probable disruption scenario and develop strategies and
recovery plan according to the link importance ranking.
Besides, travel time can be interpreted in different forms
to explain the transportation system’s resilience characteristics. For example, Donovan and Work [41] used
pace (travel time per mile), the normalized version of

travel time as the parameter to identify link/network
performance before and after the disaster, which provides a logical way to measure the post-disaster performance of the system using NYC taxi data without any
other field data collection. However, if a system goes
through large-scale destruction that affects most links
and requires a long recovery period, the pace may fail to
provide a comprehensive overview of network status.
Several studies considered minimization of travel time in
disaster scenarios with a varied range of impact [83, 90],
without including the impact of pre-disaster preparedness activities. In addition to considering “travel time” as
a resilience index, several researchers have developed
other metrics using travel time data (e.g., vulnerability,
reliability, and restoration), which are discussed separately in the following sections.
Reliability

Reliability is typically defined as the probability of being
functional/operational in post-disaster time [12]. From a
transportation system perspective, it can be the performance of the system with a certain level of service under
disruption scenario [91]. Reliability can also be interpreted
as the probability of successful completion of trips between Origin-Destination (O-D) pairs. Uncertainty in the
disaster impact influence the travel demand and behavior
and thus influence travel reliability. Based on the literature, reliability can be classified into three categories.
(i) Connectivity reliability represents the probability of
maintaining connectivity between O-D pairs in
times of disaster [32, 42, 91]. An O-D pair is considered to be connected if there is at least one connected path/route available between that O-D pair.
However, connectivity reliability fails to explain the
efficiency of the connected route in terms of capacity or operability. It considers that the failure of
one link does not impact the functionality of other
links, which is unrealistic as disasters often impact
many links at a different level of performance degradation [42]. Reduction in traffic flow is a common
disaster impact, which is neglected in the connectivity reliability concept [32].
(ii) Travel time reliability concept uses travel time to
estimate the transportation network’s service level.
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This concept considers users’ trip making decision
and how disasters influence this decision making
[56, 61, 92]. Fu and Lam [56] and Liu et al. [92],
both modeled a transit-based transportation performance improvement for joint-activity travel pattern, and park&ride, respectively. However, the
application of the model was limited to
homogenous groups (same activity patterns), which
dictates their similar travel behavior of trip makers
[56]. Further, Yin and Leda [137] analyzed the
drivers’ route choice pattern in an after-disaster scenario. With frequent travel time fluctuations, the
disutility of commuters (i.e., the chances of not
choosing a particular route by users) was greater.
Noland and Polak [106] included departure time
choice behavior with the route choice pattern of
the drivers to measure travel time variability. As
travel time reliability considers the variation of
travel choice patterns for different disaster situations, this can be a reliable measure to evaluate
transportation system performance under disaster
scenarios.
(iii)Capacity reliability is defined as the probability of a
certain demand can be accommodated with the
desired level of service. Unlike travel time reliability,
this concept does not incorporate the travelers’ trip
decision, and change in behavior patterns during/
after a disaster event, which are crucial factors in
evaluating system resilience. Capacity reliability was
first presented by [31]. They analyzed the supply
side (i.e., systems capacity) of the transportation
system and showed that the redundancy capacity of
a transportation network could reduce the disaster
consequences.
Vulnerability index

Vulnerability is used extensively to express the susceptibility of the critical components of a transportation
network, and commonly represents the operational performance of the network [16, 77, 96]. Mattsson and
Jenelius [96] introduced conditional vulnerability concepts that can be represented as the cumulative or aggregated consequences (in terms of damage to system
functionality) due to any disruption scenarios. Furthur,
Latora and Marchiori [87] measured vulnerability priority by the performance reduction of the infrastructure
system, and the vulnerability index was measured as the
percentage of performance drop due to the impact of
different level of damages. Vulnerability and reliability
indices provide complementary measures of a network.
Vulnerability considers potential loss or degradation,
whereas reliability considers the remaining functionality
of the transportation systems. Similar to the travel time
index, vulnerability index can be used to identify the
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criticality of infrastructure components (e.g., road links)
using probabilistic disruption scenarios to measure the
resilience of the transportation system [43, 81, 86]. Several other metrics were proposed based on the vulnerability concept, such as link-level capacity [84], the
largest connected component during a disaster [87].
While link-level capacity estimation is more efficient in
the small-network (e.g., intra-city transportation network), the largest connected component concept is more
efficient in the large-network (e.g., inter-city transportation network). Several studies (for example, [43, 77, 84])
investigated the vulnerability assessment of a road transportation network by identifying the impact of important
links in the network. In these studies, the system performance attributes such as traffic flow, network/link
capacity, travel time, and alternate routes were considered. Murray-Tuite and Mahmassani [103] proposed a
combination of a vulnerability index and a disruption
index to determine the importance of a link for a particular O-D connectivity. Generally, the links used by
most O-D pairs in the network were considered to be
most important. One of the most recent works on vulnerability analysis considered the combined effect of
flood and blackouts and evaluated the impacts on different critical infrastructures, including road infrastructure
[49].
Restoration time

Post-disaster transportation system restoration possesses
a great significance in disaster response and management.
The objective of transportation agencies is to restore
blocked/damaged/failed links in the road network after any
disaster so that the relief distribution and post-disaster
evacuation program can be operated efficiently. Based on
this concept, Hu [71] developed an optimization-based
model to maximize the number of restored paths in the
least time. Ariano and Pranzo [7] adopted a system restoration model for railway based on minimizing the delay
among the consecutive train trips. The efficiency of restoration time-based models depends greatly on the emergency
resource dispatch operation [57, 79].
Travel demand

Chen and Miller-Hooks [99] defined resilience as the expected fraction of travel demand (before a disaster) the
transportation system can accommodate post-disaster
(after the recovery works are completed), considering
the allocated recovery budget. Measurement of reliability
based on the road network link’s capacity to serve a specific travel demand was considered as a resilience index
as well in Chen et al. [32] and Patil and Bhavathrathan
[111]. One of the key limitations of these studies is that
they rely on the assumption of certain roadway capacity
distribution rather than estimating the distribution using
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field data. Also, these studies demonstrated the relationship between resilience and reliability, as researchers
often provided a loose interpretation to distinguish these
two.

Many researchers emphasized the cost related to the system disruption, which may include operating cost (e.g.,
travel time cost, fuel cost), restoration cost, traffic delay
cost. For instance, Li et al. [88] proposed the use of vehicle cost (i.e., travel and idle time cost) and delay cost
(i.e., delay related to assigning the backup trips) to solve
the bus rescheduling problems due to any disruption.
Similarly, Kliewer et al. [83] solved bus scheduling problems based on the operating cost (deadhead trip cost)
minimization. Kliewer et al. [83] considered a multipledepot scenario (i.e., multiple depots (nodes) for passenger pick-up and drop-off locations), where Li et al. [88]
considered a single-depot scenario. Asadabadi and
Miller-Hooks [10] used operating cost as a requirement
of relative investment to increase the resilience performance in a maritime-based transportation network system.
Several studies replaced the concept of cost by the concept of recovery budget [8–10, 33]. Recovery budget and
cost are related to post-disaster time. Recovery budget
does not necessarily mean the budget needed to recover
from the disruption impact completely; rather, it represents the budget that can be allotted for recovery activities based on the economic situation of the community/
agency. The discrepancy between the recovery budget
needed and the recovery budget allotted can vary depending on the costs of damage associated with disruption impact. However, allocating additional investment
to improve existing infrastructure’s condition in predisaster time considering stochastic climatic events can
reduce the requirement of a high recovery budget postdisaster [8, 9].

between the margin of the remaining functional
nodes of the network in post-disaster and the number of nodes before the disaster. This research identified the susceptible nodes for degrading adaptability
performance. In Sultania et al. [119], the most probable state (MPS) model was developed to quantify
risk (the threat of a disaster) associated with the occurrence probability of disruption and the resulting
consequences. Chen and Miller-Hooks [33] formulated a capacity indicator to quantify network resilience by considering the network’s inherent ability or
adaptive capacity to cope with the impact of disruptions [33]. In general, proactive and protective measures to improve the system resilience are beneficial
in reducing disaster consequences; Chen and MillerHooks [99] argued that reactive actions could be
more beneficial. Besides, in air transportation
network-based resilience studies, the taxiway capacity
and runway capacity during and after disaster phases
are considered as resilience parameters (for example,
[47, 75]). Janic [75] measured airport resilience based
on the number of flights accommodated at the airport for a specified capacity ratio, while Faturechi et
al. [47] quantified the expected probability to accommodate the number of flights in a post-disaster situation. Expressing the system resilience as the ratio of
the percentage of the number of trips that can be accommodated in a post-disaster scenario, Ahmed et
al. [5] proposed a simplified model to evaluate transportation system resilience which considered a
mixed-traffic scenario of connected and automated
vehicles (CAVs) and manual vehicles. Another recent
article considered the arising travel demand from
emergency evacuations out of disaster impacted
zones and optimally solved to find the efficient routing strategy to improve the evacuation operation
[139].

Capacity

Accessibility index

The capacity of a system to sustain from the impacts
of a disaster, sometimes known as adaptive capacity,
can be defined as how long a system can survive on
its own after the occurrence of any disruptive event.
Flow capacity, a core system property, is used as a
key parameter in resilience analysis to analyze the
sustainability of a system [19]. This parameter could
take any value from zero (for the worst state of the
system due to disaster impact) to any reasonable
maximum (based on the disaster impact severity). A
two-space genetic algorithm was used, and network
resilience was calculated as a normalized difference
between the system operation cost in the worst state
and reasonably recovered state [19]. Yoo and Yeo
[138] used adaptive capacity represented as the ratio

The accessibility index is used to measure the accessibility of network-level O-D combinations in terms of trip
making, which is a relatively less explored index in
evaluating the resilient performance of a transportation
network. Sohn [117] and Chang [30] proposed the accessibility index as a medium to determine the relative importance of highway links due to the impacts of disaster
events. While Sohn [117] used accessibility as a system
parameter to measure performance to emphasize the
retrofit (recovery of roads/links from damage) priority,
Chang [30] used accessibility index to evaluate the restoration process where higher accessibility index represents more network links are restored. In these studies,
the distance between different counties (i.e., Maryland
road network system), traffic volume, and total

Cost or budget
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populations of the counties were used to measure the
accessibility index parameter.

Table 1 Factors considered in the quantification of a resilience
index
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Resilience Quantification

Shortest path

Resilience Index

Factors

The shortest path is another less frequently used index
in resilience studies. As the availability of multiple routes
for an O-D combination is important to maintain redundancy or contingency, the shortest path parameter is
used to measure the most efficient route. For example,
Duque and Sorensen, Adjetey-Bahun et al. [3], and
Adjetey-Bahun et al. [4] have identified the shortest path
in a network to quantify the alternative routes in case of
post-disaster routing. Shortest path identification can be
useful to allocate resources to repair a road network
after a disaster. Adjetey-Bahun et al. [3] and AdjeteyBahun et al. [4] proposed models to measure railway
transportation system resilience. Adjetey-Bahun et al. [3]
considered passenger flow only in a network of 360 stations and 18 lines, whereas Adjetey-Bahun et al. [4] considered a more complex network system with more
connected
sub-systems
such
as
power
and
telecommunication.

Travel time

(i) Travel time

Reliability

(i) Travel time

(ii) Pace

(ii) Capacity
(iii) Flow
Vulnerability

(i) Travel time
(ii) Capacity
(iii) Flow
(iv) Large connected component

Restoration time

(i) Restoration time
(ii) Delay

Travel demand

(i) Travel demand
(ii) Flow

Budget

(i) Recovery budget
(ii) Delay cost
(iii) Operating cost
(iv) Damage cost

Resilience triangle

The resilience triangle is a unique index and was first
proposed in Berdica [16]. It is a graphical representation
of resilience in which a combination of three parameters
was considered: the performance loss of the system, time
to reach the lowest level of performance, and recovery
time. In general, this index does not represent the real
state of damage; rather, this indicates a qualitative status
in terms of capacity reduction and travel time. Later, researchers have explored this concept to develop the resilience improvement strategy [2]. In this work, the
angles of a resilience triangle indicated the system performance loss, the duration to reach the poorest performance state, and the duration to recover [2].
As explained in this section, Resilience indices were
measured by considering one factor (e.g., travel time) to
multiple factors (e.g., the reliability index is measured by
travel time, capacity, and flow). Table 1 summarizes the
factors considered in the quantification of each resilience
index.

Transportation mode based models
Disturbance in the transportation services due to disruptions (e.g., extreme weather, terrorist events) causes partial or full impairment of network links, interruption of
scheduled trips, trip delay, or trip cancellation. Many
studies explored mode-specific resilience modeling considering critical factors associated with different transportation modes. This section reviewed mode-based
resilience modeling for different modes.

Capacity

(i) Capacity
(ii) Flow
(iii) Travel demand

Accessibility

(i) Connected link
(ii) Flow
(iii) Distance

Shortest path

(i) Link distance

Resilience triangle

(i) Recovery time
(ii) Time to reach worst state
(iii) Recovery budget

Roadway transportation

While discussing resilience modeling for roadway transportation, works can be subdivided into different modes:
public transit (e.g., bus) system, passenger car transportation system, and freight transportation system.
Public transit mode

Disruptive events such as extreme weather, massive accidents, or vehicle breakdowns can disrupt the regular
transit vehicle scheduling process. Researchers proposed
models for the transit rescheduling process so that the
impacts of disruptions (disturbance in the scheduling of
transit service operation) could be rescheduled in realtime. Depending upon the extent of disruptions, the rescheduling process may take more or less time to adjust
the performance of the affected transit system. Bunte
and Kliewer [27] reviewed the models related to vehicle
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scheduling problems (VSP) in terms of a single depot
case and multiple depot case. Single depot case was analyzed by formulating Minimal decomposition model [21,
115], Assignment model [67, 109], Transportation model
[55, 116], and Network flow model [17, 39]. Minimal decomposition model was only effective in solving for
minimum fleet size (to accommodate a certain trip demand), but could not explain the variation in optimum
operational cost (for different fleet sizes). The assignment model considered operational costs. Freling et al.
[55] and Silva et al. [116] demonstrated the necessity of
optimizing the vehicle scheduling problem by maximizing the number of vehicles. In general, considering variation in the operation costs (i.e., fixed and variable) and
the size of the fleet, the output of the analysis of vehicle
scheduling problems using different models could deviate from each other [27]. Depending on the number of
nodes per depot, constraints in the problem formulation,
and the size of the fleet, multiple depot case has been
discussed in the perspective of Single-Commodity
models [29, 52, 53], Multi-Commodity models, and set
partitioning models [27, 62, 110].
The increasing frequency of disruptive events creates
the necessity of automated rescheduling techniques to assist the decision-making process. Li et al. [88] developed
an efficient solution approach using a parallel auction algorithm. Parallel auction algorithm computationally efficient in determining the schedule with the minimal
operating cost (i.e., travel time and idle time cost) and
delay cost. However, in the case of small problems (for example, 100 disrupted trips), this algorithm performs

similar to any other algorithms. According to [93], the
most familiar model for the VSP is the connection-based
network (CBN) model [54, 63, 94]. In the CBN model, the
trip location (origin and destination) and depots were considered as nodes, and the possible connections/routes
were developed between these nodes. In this approach,
the vehicle cost was reduced by 10% on average to reschedule the disrupted trips. However, this approach is
not efficient for a large number of disrupted trips as the
number of rescheduling vehicles, and the availability of alternate routes become insufficient. Later on, the Timespace network (TSN) based model [59, 82] was introduced
for VSP to address the complexity of a higher number of
trips, in [83]. In general, TSN was used in the airline rescheduling problem. TSN model reduced the number of
variables in the exact optimization model. As multiple disruptions could affect a system simultaneously, dynamic
vehicle rescheduling problem (DVRSP) approach can be
more beneficial considering the simultaneous effect of
multiple disruptions [38]. Figure 2 illustrated the classification of the studies reviewed in the context of multidepot and single depot problems.

Fig. 2 Categorized reviewed articles in single and multiple depot scenario
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Passenger Car mode

After any disruptive events, recovering from the damage
and impact of disruptions becomes critical to maintaining
the accessibility at its desirable level. To ensure accessibility after any disaster, Duque and Sorensen proposed a formulation based on the Greedy Randomized Adaptive
Search Procedure (GRASP) metaheuristic, in which an insertion algorithm was used. In the GRASP metaheuristic,

Ahmed and Dey Journal of Infrastructure Preservation and Resilience

(2020) 1:8

the algorithm was modified to select a random road to repair from a restricted candidate list (RCL). Variable
Neighborhood Search (VNS) metaheuristic was also an integral part of the methodology, which was a type of variable neighborhood descent (VND) algorithm described in
[65]. This approach is beneficial to allocate resources for
the repair of road networks based on their influence in improving accessibility.
Similarly, in Sohn [117], an accessibility index is determined for highway network links and demonstrated for
a highway network in Maryland under a flood disaster
scenario. The critical links identified by considering distance as the criterion appeared different than the critical
links identified considering the distance and traffic volume as the criteria. However, local road networks and
the time for recovery work were not considered in the
study to address the complexity of the network model.
Most vital node (MVN) or most vital edge (MVE) was
used to identify the node or edge whose removal caused
the maximum degradation of the network performance
[121]. To measure the deterioration of the network performance, the authors observed the travel time variation
due to the removal of links and nodes. The total number
of impacted links increased with demand. The medium
demand scenario compared to the high demand scenario
observed more reduction in speeds since the network in
high demand case was already congested. As postdisaster road restoration model was crucial in planning
for relief distribution in the after-disaster response
phase, a time augmented network flow model was proposed in which trips of working groups (the groups that
work to restore roads) and relief flows were distributed
according to demand (which region needs the most restoration work) with the goal of minimizing restoration
operation time [136]. Moreover, a dynamic path based
mathematical restoration model was proposed in Aksu
and Ozdamar [6] to address the issue of restoring
blocked links in after disaster scenarios with more efficient and smart effort considering limited resources.
While the heuristic proposed in Yan and Shih [136] took
about 33 min to solve the 17 problem instances with an
error gap of 2.82%, the model of Aksu and Ozdamar [6]
showed optimality gap (error gap) of about 0.05%. Because of less error possibility and tendency to perform
faster iterations, [6]) can be the more efficient model.

from Hudson to Beloit in Wisconsin, USA. This study
was a unique attempt to use resilience triangles in interstate freight operations, which is a practical approach in
evaluating disaster performance and impacts. Multiple
strategic approaches such as column generation, Benders
decomposition, and Monte Carlo simulation were integrated to develop a stochastic, mixed-integer program
planning [33]. The model showed an average improvement in the resilience by 57%, which ranges from 10% to
141% for different tested disaster scenarios. As freight
plays a key role in emergency relief distribution during
and after a disaster, the affinity network model or cooperative fuzzy optimization approach was considered to
improve the performance of emergency freight mobility
in disaster management [71, 140]. These models demonstrated the optimum path selection to operate the relief
work efficiently. Depending on the disaster damage level
and affected area size, the damage to the infrastructure
and the number of affected fleet size could be significantly larger, which may become difficult to simulate
and solve computationally for the porposed models.
Thus, most of the proposed models find it difficult to
address the large fleet size problem efficiently [33, 71].
Vugrin et al. [132] developed a resilience model based
on the operating cost requirement in disaster scenarios
and applied the model on a transportation system used
for the petrochemical industry product supply. Two
main components of system resilience (i.e., systematic
impact (SI) and total recovery effort (TRE)) were calculated to determine the impacts of disruptions. SI refers
to the difference between the actual system performance
and the targeted system performance, and TRE refers to
the efficiency of the recovery activities during the postdisaster time. In this research, two category 2 hurricane
scenarios were considered for two case study sitesHouston, Texas, and New Orleans, Louisiana. The analysis showed that the transportation system used for the
petrochemical industry product supply was more resilient in New Orleans than the Houston, which critically
demonstrated the importance of having redundancy in
the network system operation in terms of availability of
alternate routes.

Highway based freight transportation

As reliable delivery is critical in freight transportation,
rapid restoration and recovery of the freight supply
chain after a disaster is paramount. Adams et al. [2] proposed modified resilience triangles (discussed earlier in
section 4.10) to measure the resilience of a freight supply
chain. This study considered data from sampled truck
speeds and counts along the interstate 90/94 corridor
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Railway transportation

This section presents resilience models related to the
commuter rail system. Addressing the disturbance in
train scheduling due to disasters, Garcia et al. [58] proposed an optimization schema to address vehicle rescheduling problems (VRSP), a dynamic version of VSP,
which had three components: (i) a predictive simulation
model, (ii) a queue system, and (iii) a constructive heuristic algorithm. Rather than relying on human experts,
this heuristic algorithm supported the decision support
tool through which reassignments of trips were made
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from numerous possible alternatives (e.g., selecting the
best route from multiple routes). Quantifying the resilience of a railway transportation system was beneficial to
identify resilience indicators and planning. Several
models were proposed, such as a time-dependent simulation model [3] to quantify resilience indicators and
asynchronous approach based on blocking times [74] to
identify and resolve remote conflicts. While real-time
dispatching system approach, known as ROMA (Railway
traffic Optimization by Means of Alternative graphs)
was proposed in Ariano and Pranzo [7] to automatically
recover from disturbances, event-based integer programming (IP) model was proposed in Fekete et al. [48]
which was capable of shifting and canceling trips as well
as modifying vehicle schedules. Among these models,
the event-based IP model performed more efficiently as
this model could address multiple types of perturbation
scenarios. Adjetey-Bahun et al. [4] measured the resilience of a mass rail system applying a simulation-based
model and considered passenger delay and passenger
load as a system’s performance indicators. The crisis
management plan in Adjetey-Bahun et al. [4] had three
components: absorption (accounts for passenger waiting
time beyond a certain threshold), adaptation (represents
starting of temporary train services on some part of the
affected railway line to serve passengers), and recovery
(time to recover the damage condition of the impacted
railway station and gain back the pre-disaster performance level). It could be concluded that an efficient recovery plan had a higher impact on resilience compared to
the absorption and adaptation plan. In some instances,
to improve the resiliency of the metro rail network, integration of other modes such as bus services were proposed [78]. According to Jin et al. [78], by integrating
the localized bus system with a metro system, the resilience can be improved by an additional 58% compared to
the resilience value without any integration. Future researchers should focus more on this type of synchronized operation of multiple modes. Man-made disaster
like terrorist attacks often targeted transit system, and
studies analyzed the impacts of terrorist attacks [37, 97]
in transit system. In Cox et al. [37], the direct static economic resilience (DSER) concept was used to calculate
maximum economic disruption a terrorist attack could
cause to a transit system. Few major resilience assessment guidelines were developed in this research, such as
the Functional Resonance Analysis Method (FRAM)
concept and the Resilience Analysis Grid (RAG). The rationale of these resilience guidelines was to develop an
advanced resilience management plan for the metro network system.
In general, evacuation is one of the key components in
the disaster management process and system resilience.
As a commuter rail system is capable of carrying large

groups of people during an evacuation, the wellcoordinated performance of the commuter rail system is
critical during evacuation. No study has explored the
idea of incorporating the performance of the commuter
rail system in evacuation time, and this can be a future
research topic.
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Airway transportation

Airway transportation is one of the most sophisticated
transportation systems. Disruptions in airway transportation can happen due to natural disasters (e.g., snowstorm), power failure, failure of pavement structure or
management disruptions (e.g., IT infrastructure failure)
in air services.
Due to the different meteorological scenarios, the condition of airport pavements could lead to the partial or
complete shutdown of an airport. To assess the resilience of an airport’s pavement (i.e., runway and taxiway)
network, a stochastic integer program based on the integer L-shaped decomposition was proposed [47]. This
study can be considered as one of the most comprehensive analyses of airport resilience phenomenon due to
pavement failure. The maximum flow rate (number of
takeoffs and landings) was used in this study to assess
performance metrics. Under normal weather conditions,
the model was able to produce a maximum flow rate of
64 maneuvers per hour. With the increment of recovery
budget, the performance metrics increased significantly
after disaster scenarios [47].
Ground holding technique is an old concept that has
been proposed in [130, 131] to model airport runway
operations. In the ground holding technique, the time
needed for each aircraft to be held on the ground before
takeoff was considered, and researchers developed approaches to minimize the time wasted before takeoff to
reduce the delay cost. However, the ground holding
technique could not handle any disruptions. In Filar et
al. [51], an adaptive optimization model was proposed
by incorporating special decision features to improve airway transportation performance, such as night curfew
from 11.00 p.m. to 6.00 a.m. This study was a good representation of how managerial decisions can impact the
operation performance.
Crew absences, mechanical failures, and bad weather
are some of the major causes that hamper the performance of airlines [23]. The integrated recovery approach
considering aircraft, crew, and passengers was proposed
in several studies [1, 23, 34, 85] to overcome these issues. According to Bratu and Barnhart [23], the proposed simulation-based decision support tool, disrupted
passenger metric (DPM) model, was able to reduce the
count of disrupted passengers by 63.1% and the delay
experienced by these passengers by 15.9% for disruptive
scenarios (e.g., crew absences, mechanical failures, or
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bad weather). In general, airports are considered as a
single source point that contributes to a huge amount of
flow or trip and differnet disruption scenarios can be developed for high traffic volume. Thus, a simulationbased decision support tool can be beneficial in airport
resilience quantification.
Man-made disasters can impact the airway transportation system operation greatly. For example, after the
9/11 terrorist attack, air travel demand reduced significantly for several months. Several new security
policies such as baggage screening and the federal
passenger screening were implemented, and studies
analyzed the impacts of these security measures on
air travel demand [20, 35]. According to Blalock et al.
[20], federal screening of passengers had little effect
on passenger volume.

multiple vessels considering the practical scenarios. Disruptions had greater chances to affect the operation of
multiple ports and multiple vessel network systems.
Most studies (for example, [24, 89, 112]) considered a
known incoming disruption in evaluating operational
strategies. But the uncertainty of disruptions has a drastic effect on scheduling optimization in linear shipping.
Thus, the randomness of disruptive events should be
considered in resilience planning.
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Models based on the analysis technique
In this section, all the reviewed articles are subdivided
into two subsections based on analysis technique- (i)
step-wise assessment models, and (ii) optimization-based
models.
Step-wise assessment models

Waterway transportation

The impacts of disruptive events in waterway transportation were not widely explored in the existing literatures.
The performance of the waterway based transportation
network system was explored in past studies for the operation management problems. Rescheduling in linear
shipping is one of the recommended approaches discussed in most of the studies reviewed in this research.
Effective approaches for disruptions in linear shipping
were under-explored. Few recent works on rescheduling
problems in linear shipping are [24, 89]. Brouer et al.
[24] formulated a mathematical model to address the
vessel schedule recovery problem (VSRP) and a decision
support tool to reduce delay in a linear shipping network. Speed adjustment, omitting port calls, or swapping
port calls were the three recovery modes to recover the
scheduling problems due to disruptions [24]. The model
was able to generate an improved routing strategy for
different disruption scenarios in 5 s. Waterway based
network resilience quantification is always tricky as
waterway based disasters (for example, typhoon or hurricane) often change their trajectory over time, and to incorporate this aspect in the model is complex.
According to Li et al. [89], the random nature of the typhoon behavior during the formation and evolution
process significantly impacts the decision-making
process for any vessels heading to a port. Either they
speed up to reach port before the typhoon, or they slow
down to reach port after the typhoon. In Vernimmen et
al. [128], different practical causes (e.g., bad weather at
sea, congestion, labor strikes, fire incidents, ship collisions or ship groundings) behind the schedule instability
were analyzed. Qi [112] proposed two models, one for a
single vessel and another for multiple vessels. The model
for a single vessel focused on the decision-making
process during the time of crisis, whereas the model for
multiple vessels aids in solving the rescheduling of

Step-wise assessment models can be classified into two
cateogies- qualitative assessment models (discussed in
Section 6.1.1), and simulation based models (discussed
in Section 6.1.2).
Qualitative assessment models

Qualitative resilience assessment models typically establish qualitative performance criteria [25, 26, 66,
107]. For instance, Bruneau et al. [25] developed a
framework to assess the impact of seismic events on
community resilience, considering the following three
evaluation criteria; (i) failure probabilities of the system, (ii) consequences from failures, and (iii) recovery
time. According to Bruneau et al. [25], a resilient system should demonstrate following four properties; (a)
Robustness, (b) Redundancy, (c) Resourcefulness, and
(d) Rapidity. A comprehensive framework was developed to define seismic resilience and the impact on
infrastructure (for example, buildings) and community
[26]. discussed the effects of a seismic event on the
transportation network and proposed a risk mitigation
strategy to enhance resilience. In this work, a systematic risk assessment and management approach was
developed using a Geographical Information System
(GIS) to facilitate the illustration of the risk information for a road network. Heaslip et al. [66] presented
a framework for estimating the magnitude of societal
and economic impacts of disasters. Though this research presented a different perspective by evaluating
societal and economic impacts, the transportation system impacts were not considered in the framework
and can not be used by transportation agencies who
are responsible for maintaining the system. Omer et
al. [107] proposed a travel time resilience assessment
model. Applying the model on the road network between Boston and New York, the roadway link connecting Hartford and New York City was found to be
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the weakest route in terms of travel time resiliency,
which implied the criticality of this route compared
to other routes in the network. This model was applied to a large network (inter-city transportation system) and is a good example in capturing the regional
impacts of major disasters. However, the applicability
of this model in a small network system was not explored yet as travel time can be misleading in
explaining the performance of a small network. In
general, long-distance routes (which is common in
inter-city or large network system) show a significant
change in travel time during disaster then shortdistance routes (i.e., small-network system).
Some studies divided the freight system resilience
plan into several stages, such as the identification
phase, assessment phase, implementation phase [28,
60, 98]. The identification phase deals with selecting
the objectives of the resilience plan and identifying
the key contributing factors. The assessment phase
involves determining the current state of the system
through vulnerability assessment, public/private collaboration mechanism, and assessing the requirements for regulatory and policy needs. Finally, the
implementation phase includes implementing the
plan with a large-scale simulation. These studies explored the policy-related scenarios or improvement
strategies that a community can undertake in their
resilience plan. Reliance on vulnerability assessment
in these studies is important and effective. However,
there are many contributing factors (other than vulnerability) that can play a significant role in resilience improvement. To address some of these
limitations, Reggiani [113] considered the number of
connected components with vulnerability in the resilience quantification process. The comprehensive
system approaches to monitor and evaluate the
emerging scenarios (i.e., new configurations of the
topological connection of the network) for various
scales of networks were discussed in detail for the
impact of targeted attacks.

tool DYNASMART-P was used in this study. Adaptability was defined as the availability of infrastructural
elements for special use, such as allocating lanes for
high occupancy vehicles. Adaptability was calculated
using Eq. 1.
P rs
rs
w θ ϕ p pw
m1 ¼ P rs rs  100
ð1Þ
w θ pw

Simulation-based models

As quantification of resilience is a complex process,
simulation-based modeling process provide an alternative approach. Researchers used established traffic assessment tools (e.g., DYNASMART-P) to analyze the
traffic scenarios in resilience model development.
Transportation resilience can be defined in ten dimensions [100], and this article evaluated four dimensions- adaptability, mobility, safety, and the ability to
recover. Factors considered in the prioritization of
these four dimensions over the six remaining was not
clearly explained. The optimal user equilibrium traffic
assignments using the traffic assignment-simulation
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Where, prs
w is the route of vehicle w from origin node r
to destination node s, ϕp is a binary variable (1 if
route p contains one or more special use lanes such
as high occupancy vehicle lane, and 0 otherwise), θrs
is a binary variable (1 if a route exists between origin
node r and destination node s with a special use lane,
and 0 otherwise).
As the risk profile of a transportation network is critical to analyze the resilience performance, Murray-Tuite
[101] proposed a combination of event tree-based approach that was introduced in Murray-Tuite [102].
Monte Carlo simulation was applied to determine the
risk profile of a hypothetical transport network in the
case of a terrorist attack. A hypothetical city was used in
the simulation, which consisted of 25 potential targets
for a terrorist attack, a transportation network of 26
nodes, and 75 links. This exemplary network system was
helpful in demonstrating the methodology and can be
transferrable to a real-world network using local data or
estimates.
Adjetey-Bahun et al. [3] proposed a simulation-based
quantification approach to measure the resilience of a
railway system for an external perturbation scenario.
The performance indicators used in this study were the
cumulative count of passengers that reach their destination and the total delay of the passengers after the perturbation scenario. This study used Eq. 2 to quantify the
performance indicator at a particular station. A crisis
management plan was incorporated into this model. It
was found that an efficient crisis management plan was
able to significantly reduce the impacts of perturbation
scenarios on the system [3].
Ps ðt Þ ¼ 1−

αs;d ðt Þ−αs ðt Þ
Ls ðt Þ−αs ðt Þ

ð2Þ

Where, Ps(t) is defined as the performance indicator at
station s at time t, Ls(t) is the passenger load at station s,
αs, d(t) is the passenger load at station s during the perturbation, and αs(t) is the passenger load at station s during normal operation of the system.
A combination of the integer L-shaped method and
the Monte Carlo simulation was used to measure the
maximum and minimum resources requirement of a
freight transportation network system to improve resilience [99]. The comprehensive nature of this article was
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unique, which includes the impact of preparedness activities in the pre-disaster phase and post-disaster phase resilience quantification based on key factors such as
capacity, flow, recovery time, and budget. Capacity was
represented as the network traffic accommodation capacity in the post-disaster scenario compared to the predisaster original network traffic demand applying the following eq. 3. A double-stack container network system
in the western US was used to demonstrate the application of the model. It was concluded that recovery efforts
and preparedness activities could improve resilience
level by 14% and 11%, respectively, where Recovery and
preparedness together could improve resilience by 18%.
P

dw
wϵW
α¼E P
w
wϵW D

X

1
E
¼ P
ð3Þ
d
w
wϵW
wϵW Dw
Where, Dw is the original pre-disaster demand for OD pair w and dw is the post-disaster maximum demand
that can be supported by the network for O-D pair w.
Hurricane Sandy’s impacts and post-event recovery
pattern in the transportation industry was a key topic for
many literatures after 2012. Several recent studies developed novel techniques using real-world data from hurricane Sandy. For example, Zhu et al. [141] proposed a
recovery model to find out the spatial correlation of recovery patterns in New York City after hurricanes Irene
and Sandy using taxi and subway ridership data using
loss-of-resilience (LoR) parameter (Eq. 4). The model
demonstrated that the critical model parameters, α, H,
and LoR varied greatly by individual storm, transport
modes, and spatial locations.

Z t1 
1
LoR ¼
1−
dt
ð4Þ
1 þ e−αðt−H Þ
t0
Where LoR is the loss-of-resilience from the time of
the original hurricane impact, α represents the factor affecting the slope of recovery rate, and H is half of the recovery time.
Donovan and Work [41] modeled the impacts of Hurricane Sandy in New York city using 700 million taxi
trips’ GPS data to empirically quantify resilience considering the variation between the values of pace (travel
time per mile for any two locations) of different regions.
Equation 5 was used to calculate the weighted average of
the individual trip paces in this study. This analysis
showed that taxi GPS data could be a low-cost alternative data in evaluating the effects of disruptive events on
transportation infrastructure. Their analysis showed that
about 2 min of delay per mile was caused by Hurricane
Sandy and this spike in delay originally occurred 2 days
after the hurricane attack [41].
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P

P

rϵT i; j;t uðr Þ

Pði; j; t Þ ¼ P

rϵT i; j;t l ðr Þ

¼

uð r Þ P
l ðr Þ
rϵT i; j;t l ðr Þpðr Þ
P
¼ P
rϵT i; j;t l ðr Þ
rϵT i; j;t l ðr Þ
rϵT i; j;t l ðr Þ

ð5Þ
Where u(r) is the travel time, l(r) is the metered
length, and p(r) is the pace of trip r.
While evaluating the resilience metrics, some studies
considered the critical interdependency of the system
with other systems (e.g., energy system). For instance, an
energy and transportation investment multi-objective
evolutionary algorithm, which was initially proposed by
Ibanez and McCalley [72], was used to optimize the performance strategy of energy and transportation systems
based on three criteria- cost, sustainability, and resilience
[73]. The proposed resilience formulation could be used
to design long-term investment plans for interdependent
infrastructures.
Janic [75] formulated a model to estimate the resilience, friability (i.e., rate of decreasing resilience), and
costs of the air transportation network. This model included different airports’ relative importance, airport selfexcluding importance, airport resilience, and air transport
network resilience. Equations 6 to 9 were used to measure
the relative importance, self-excluding importance, and resilience of each airport, respectively. Equation 6 measured
the relative importance of an airport by calculating the ratio of the number of flights (both landing and takeoff)
handled by an airport compared to the total number of
flights handled by all airports. Equation 7 measured the
self-excluding importance of an airport by omitting the
number of flights handled by an airport from the denominator of eq. 6 to represent the impact of removing a specific airport from the network. Equation 8 measured the
resilience of an airport by considering the amount of incoming and outgoing flights during and after a disaster,
and eq. 9 estimated the resilience of the airport network
as the summation of the individual airport’s resilience. A
network of 16 airports was analyzed in this study to evaluate their resilience due to Hurricane Sandy. Based on the
analysis results, the disaster impact was the most severe
impact (i.e., the lowest resilience) on the fifth day of the
disaster due to the closure of multiple airports. This work
was a simplistic representation of an air transportation
system in disaster times and was able to express realworld implications of disasters.
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given time T for recovery action implementation. After
any recovery activities in a post-disaster scenario, the
performance of the transportation network reached a
partial user equilibrium condition, and eq. (10) was used
to measure the resilience. While Faturechi and MillerHooks [46] considered a response time constraint, predisaster capacity constraint, and retrofit cost constraint;
Fan and Liu [44] considered feasibility constraint, flow
constraint, and user equilibrium traffic flow constraint
in the optimization problem formulation.

ð9Þ

y
ui i ðτÞ

Where
is the total number of flights accommoy
dated at the airport (i), wi i ðτÞ is the relative importance,
yi
y
vi ðτÞ is the self-excluding importance, Ri i ðτÞ is the rey
silience of an airport, and R (N, τ) is the resilience of the
airport network.
Optimization-based models

In resilience modeling, optimization paradigm was applied to identify the most efficient way of improving the
resilience of a system. Li et al. [90] investigated continuous network design problem (CNDP) in the context of
transportation system resilience modeling. This model
was able to attain higher accuracy in finding an optimal
solution to the road capacity expansion with higher
computation time which was efficient than many other
models. Chen and Miller-Hooks [99] proposed a stochastic mixed-integer model for quantifying resilience by
applying the concepts of Benders decomposition, column
generation, and Monte Carlo simulation. This model was
developed to maximize the post-disaster throughput of
the system. The proposed methodology was applied to an
intermodal freight network in the Western US. It was concluded that a higher recovery time and recovery budget
could improve the resilience level from 5% to 100% of the
pre-disaster level. As this model was applied based on a
hypothetical recovery time and budget scenario and a lot
of assumptions (logical but yet unproven in real-world),
the implement ability of the model in real-world scenario
need to be explored in future.
Several other studies proposed bi-level models to address network performance optimization problems during disasters (for example, [44, 46, 95]). However, the
considerations of the number of constraints and their
expression were substantially different in each study. In
Faturechi and Miller-Hooks [46], a bi-level, a three-stage
random model was proposed to evaluate and optimize
travel time resilience in a roadway network based on the
network’s ability to resist and adapt to disruptions. The
resilience was quantified in this article considering two
conditions- considering a given budget B for mitigation,
preparedness, and response actions, and considering a

−1

RT ;B

tt r
ð xo ; t o Þ
¼ o−1 ¼ r r
ðx ; t Þ
tt
−1

ð10Þ

Where tt r is the inverse of total travel time needed to
reach a partial user equilibrium at the end of the response
−1
time, and tt o is the inverse of total time to reach a user
equilibrium representing pre-event and pre-actions.
Faturechi et al. [47] addressed the problem of resilience, specifically in the context of airport network under
multiple meteorological damage scenarios. For rapid restoration, multiple functional criteria were considered, such
as operational, budget, and physical resource limitations.
The resilience formulation was developed by considering
the expected demand in terms of incoming and outgoing
flight flows in the post-repair scenario for a given repair
time limitation and recovery budget. The model was applied to New York’s LaGaurdia Airport pavement network
system, and the analysis shows without any recovery activities taken, the airport was capable of accommodating 54%
pre-event takeoff and landing flow rate, where additional
recovery activities and budget could increase flight handling capacity up to 84%. The unique feature of this article
was the inclusion of the airport network configuration,
intra-connectivity of the different kinds of network links,
and pavement condition in different scenarios.
Khaled et al. [80] modeled the resilience of the freight
transportation system. An optimization model was developed to determine the optimal number of trains,
routes, capacity variation considering operational constraints for congestion scenarios due to any disruptive
events. As the model could include a large number of
nodes and links, the proposed model was capable of
solving the large-scale disruption scenarios (e.g., hurricane, flood) affecting a larger portion of the network.
This approach was applied on a railroad network, which
consists of 200 nodes and 478 links, and concluded that
the proposed heuristic yielded efficient solutions.
Xu et al. [135] formulated an optimization model to
determine the maximum and minimum bounds of network vulnerability. One key feature of this study was
that the simultaneous disruptions on multiple links were
considered in a two-level model, where the upper-level
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program maximized the remaining network throughput
and the lower level program to maximize flow and identify the shortest paths.

key findings, study application domains, study areas, and
disaster scenarios. In terms of research objectives, most
studies attempted to analyze the criticality and vulnerability of transportation infrastructural components (e.g.,
nodes and links). Though some recent studies considered
the impact of investment strategies or recovery strategies
in resilience modeling, the perspective of resilience

Summary of reviewed research articles
All research articles reviewed in this paper are summarized in Table 2 in terms of research objectives, methods,
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Table 2 An overview of the reviewed research articles in this study
Study aspects

Primary considerations

Research Objectives

• Solving vehicle scheduling problem ([88], [93], [83], [38])
• Assessing the criticality of infrastructure components ([117], [121], [138], [18], [108], [77], [84], [103], [134])
• Developing post-disaster road restoration model ([136], [6], [90], [44], [95], [47])
• Estimating reliability using uncertain parameters (e.g., link capacity, people’s
• willingness to pay) ([118], [14], [31], [42], [32])
• Analyzing vulnerability of the transportation network ([96], [113], [76], [87], [64], [81], [43], [134])
• Developing resilience model ([132], [41], [141], [3], [72], [66], [26], [99], [73], [70])

Methodology

• Concept-based discussion ([27], [88], [96], [16], [113], [108], [106])
• Uncertainty or probabilistic analysis-based model development ([118], [18], [15], [31], [32], [46], [19], [119])
• Deterministic analysis of vulnerability or reliability ([81], [49])
• Regressing model-based analysis [77]
• Simulation-based analysis of vulnerability or reliability ([138], [43], [103], [14])
• Disutility function-based analysis [137]
• Sensitivity analysis of network reliability [42]
• Optimization function-based model development ([93], [83], [88], [121], [136], [6], [90], [44], [95], [46])
• Population-based formulation to measure accessibility [117]
• Mathematical equation-based analysis ([132], [41])
• GIS-based framework development [66]

Key findings

• Appropriate modeling tool can reduce computation time, cost or number of variables in solving rescheduling
problem in transportation system operation ([88], [93], [83])
• Medium traffic demand condition shows larger drops in speeds compared to high demand case in disaster [121]
• Restoration model determines the optimized restoration time of the road network by planning road trips in a
post-disaster scenario ([136], [6])
• Vulnerability index can be used to explore and detect the criticality/importance of different network
components ([76], [87], [18], [108], [81], [43], [77], [84], [31])
• Based on drivers’ route choice behavior in a post-disaster scenario, the network capacity can be adjusted to
accommodate traffic demand at a required level of service [32]
• The impact of the disaster may vary significantly based on the region of the studied network system [132]
• Additional travel time for a trip can be used to measure the disaster impact [41]
• Increased delay due to the disaster can occur in the post-disaster situation due to the congestion on reduced
functional links and nodes in a network [141]

Application domain

• Roadway transportation ([117], [121], [66], [136], [6], [76], [81], [43], [77], [41], [27], [88], [83], [38], [18], [15], [132])
• Railway transportation ([27], [88], [83], [38], [93], [18], [15], [87], [64])
• Airway transportation (both passenger and freight) ([138], [108])

Region of the study

• Hypothetical Network ([27], [88], [83], [38], [93], [121]), [136], [118], [32])
• Real-world road network system ([117], [76], [77], [81], [43], [84], [134], [6], [132], [8], [9])
• Real-world subway system ([87], [64])

Disaster scenarios

• Natural Disaster ([16], [81], [90], [44], [95], [46], [47], [117], [77], [49], [132], [41])
• Man-made events ([43], [77], [49], [14], [64], [31], [27], [88], [83], [38], [93], [121], [136], [6])
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evaluation has not changed much from determining the
criticality/vulnerability of network components. In terms
of the research methodology, optimization modeling technique was the most used analysis tool, since transportation
systems are dynamic in nature and optimization modeling
technique is suitable for dynamic system modeling. Due
to the dynamic and uncertain travel behavior during a disaster, most studies relied on uncertainty and probabilitybased analysis.
Due to the scarcity of transportation system performance data from real disaster events, most literature considered hypothetical transportation networks and
hypothetical disaster scenarios. However, few studies
used real-world transportation system data in their modeling and analysis since 2010. As roadway transportation
is the major mode of transportation for commuters and
freights, most studies focused on resilience modeling of
the surface transportation system. Several recent studies
reported that pre-disaster planning activities could reduce disaster impacts. More research on types of predisaster planning activities and their relationship in different aspects of disaster impacts can assist the policymakers in developing investment strategies.

Understanding the consequences of more frequent and
severe natural disasters and other climate changeinduced events (e.g., high summer temperature, winter
bomb cyclone) are critical for the transportation system
performance. Studies on the development of effective
and reliable transportation planning strategies that improve resilience are vital for incorporating resilience in
transportation planning.
Though climate-based disaster modeling is complex,
the concept of a stochastic disaster scenario (developed
using the past climate data) can be used in transportation resilience planning. Few studies, for example, Asadabadi and Miller-Hooks [8, 9] considered the impact of
sea-level rise on the potential flood scenario in the
Washington DC region and analyzed the resilience of
transportation infrastructure in terms of future transportation investment planning. As climate change-induced
disaster events are expected to increase in terms of frequency and severity (e.g., severe heat waves, amplified
storm surges due to sea-level rise in coastal areas, and
more intensified hurricanes and tornados), future research must develop effective climate response strategies
addressing the forecasted challenges.

Future research directions
Though studies compiled in this study present the stateof-the-art transportation system resilience, many new research challenges are emerging and must be explored to
improve resilience performance of evolving transportation systems and services by applying more advanced
modeling techniques and using heterogeneous disaster
and transportation system data. Based on the literature
review, emerging aspects of the modern transportation
system and future disaster forecasts, several key future
research challenges are presented in the following
subsections:
(a) Consideration of Resiliency in the
Transportation Planning Process
As transportation planning is the first step in the development of a safe, efficient and resilient transportation
network, it is imperative for engineers, planners, and
policymakers to incorporate resiliency in transportation
system planning from the very beginning of any longrange transportation planning. Though resiliency of
transportation systems was studied for decades and
many analyses and models were proposed, the number
of articles that considered resilience concepts in transportation planning was very limited (for example, [72,
73]). Recognizing the importance of resiliency, the US
Fixing America’s Surface Transportation Act (FAST Act)
mandated transportation planning organizations to consider resiliency in the planning process [50].
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(b) Ensuring Cyber Security
Cybersecurity concern is one of the key challenges of
the future mobility system. As connected and automated
vehicles (CAVs) and supporting modern and intelligent
transportation systems (ITS) are considered to be a major
component of the future transportation system, it is important to minimize/eliminate cybersecurity threats that
could compromise the security, the safety, and the privacy
of the users and cyber-infrastructure functionality. Some
incidents, like the recent hack of Tesla electric cars [13],
demonstrated the danger of cybersecurity. There are 100
million lines of software codes running in some of the
exiting advanced vehicle models [22]. Just a minor change
in a single line of this code can lead to a fatal crash. With
the connected transportation becoming more of a reality,
the cybersecurity threats to this sector are on the rise [68].
Beyond transportation infrastructure, CAV will be connected to cloud services to support many applications related to vehicle operation, safety, and performance. As the
failure of the communication network, partially or fully
due to cyber-attacks, can lead to failure of the total mobility system, the importance of cyber threat resilience of the
future mobility system is paramount. Though the research
on cybersecurity does not fall on the domain of transportation research, future research direction must involve a
significant amount of collaborative efforts between multidisciplinary researchers to incorporate both the resilience
principles and cybersecurity concepts in developing future
connected transportation system.
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(c) Resilience in Interdependent Critical
Infrastructures
The transportation system, one of the largest critical
infrastructures, is closely interconnected with other critical infrastructures such as communication networks,
power systems. In general, interdependency modeling
considers interconnectivity among multiple infrastructure systems. However, the interdependency concept is
still new in resilience studies. As future mobility system
analysis will be more dependent on information technology and related infrastructure, addressing additional vulnerability due to energy infrastructure (e.g., power
outage), communication networks must be explored in
an integrated and multidisciplinary environment. Some
of the critical research questions to be explored in future
studies include (i) identification of the extent and manner of interdependency between different infrastructure
systems and analysis of the resilience of the transportation systems based on the exposure; (ii) evaluation of
system performance due to the partial impairment of
single or multiple interconnected systems; and (iii) development of engineering solutions to minimize failure
risk of interdependent infrastructures.
(d) Post-disaster Traveler Route Choice
The capacity of the road network reduces, and trip
travel time increases significantly after any disaster
event. In the disaster aftermath, the total recovery time
requirement is largely dependent on the damage extent
as well as on the efficient use of post-disaster network
capacity. Post-disaster network capacity ensures the efficient utilization of recovery efforts and recovery teams
so that recovery can be achieved quickly. Generally,
post-disaster capacity depends greatly on the traveler
route choice behavior after a disaster [137]. Therefore,
understanding a community’s route choice decisionmaking and behavior can bring two benefits: balancing
the community’s transportation demand after a disaster
and determining network segments to be repaired first
depending upon community’s route choice preference.
(e) Quantification of Resilience Considering
Connected and Automated Vehicle (CAV)
Technology
CAV technology is expected to revolutionize surface
transportation systems and will enable many emerging
mobility service options. No research study explored the
impact of CAV technology on transportation system resilience. Therefore, understanding and quantification of
impacts of partial and full deployment of CAV technology in transportation system resiliency performance are
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critical. Besides, mixed traffic conditions (i.e., a mix of
traditional vehicles and CAVs) during the transition can
make resilience quantification more complicated and
challenging. During the evacuation phase, evacuation
traffic creates long queues along evacuation routes due
to a lack of information about traffic conditions. With
the deployment of CAV, the transportation infrastructure can evacuate a relatively large number of people
through real-time information exchange. As the expected revolutionary changes of CAV technology are undeniable, future studies must explore their impacts on
the users’ travel behaviors and implications on future
transportation system resilience planning.

Conclusions
A comprehensive review on the transportation system
resilience in terms of system resilience characteristics in
response to different types of disaster was performed in
this paper. Different modeling concepts, different parameters and system response variables were used in quantifying system resilience, and future research directions
were identified. Over the past decades, researchers, engineers, and practitioners made advancements in the
quantification of resilience and determined ways of enhancing the resilience of a network system. This review
reveals that the vast majority of the scholarly literature
on the resilience of transportation system published
since 2006 deal with the highway-based transportation
system. Because of technological advancement (e.g.,
availability of mobility data) and computational power,
the resilience analysis of large-scale disruption scenarios
become comparatively easy. Vulnerability is one of the
most explored performance parameters/index in transportation system resilience studies. In the case of resilience analysis using real disaster data, hurricane impacts
weres widely explored due to its predictability, relatively
longer warning time before landfall, and widespread disaster impacts. In recent studies, researchers have considered real-world complex and large network system in
the resilience analysis. Future transportation resilience
modeling will become more complex and challenging
due to the deployment of emerging technologies such as
CAV in future mobility systems, cybersecurity issues,
and the growing frequency and magnitude of natural
disasters.
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