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Summary

The number of EVs and charging facilities is expected to increase significantly in
the near future, further coupling the existing transportation system with the power
system. This may bring new stresses and risks to such system of systems. This paper
presents a mathematical framework to analyze the resilience of an electrified road
network (ERN) subject to potential failures of its supporting fast-charging stations
(FCSs). Within this framework, a novel linear optimization model is proposed for
the first time to solve the system optimal dynamic traffic assignment problem of
ERN. The characteristics considered in the modeling framework include the loca-
tion, capacity, and charging speed of FCSs, as well as the driving range, charging
time and state of charge (SoC) of EVs. The linear model is proposed based on the
cell transmission model. It is used as the first stage model to assign the traffic under
normal FCS operations. A second stage model is, then, extended to minimize the
total travel time after the stochastic occurrence of FCS failures, i.e., in the failure and
recovery phases. Two metrics are considered to quantify the ERN performance and
the impacts of FCS failures. A numerical example is studied to illustrate the useful-
ness of the proposed framework for analyzing ERN resilience. The results show that
deploying FCSs near the highway entrances and maintaining their operation are rel-
evant factors to enhance the system’s resilience. The analysis can provide guidelines
to the system operators for effective management of the ERN operation and identify
resilience-critical FCSs for system resilience improvement.

KEYWORDS:
System of systems, Resilience, Electric road network, Electric vehicles, Charging stations, Cell transmis-
sion model, Dynamic traffic assignment problem, Linear programming

1 INTRODUCTION

Electric vehicles and charging infrastructures are being
increasingly deployed around the world (Transport & Environ-
ment, 2020), increasing the coupling between the transporta-
tion networks and the power grids, bringing new challenges to
these systems of systems.

Charging infrastructures play the crucial role of bridging
the two systems in a way that they can operate reliably. Natu-
rally, the operational safety of charging infrastructures attracts
increasing attention. Burnham et al. (2017) mentioned that
the private and secure communication between EVs and the
EV service equipment brings the possibility that significant
cybersecurity issues could arise with an expansive extreme
fast-charging network. Not just individual vehicles or charg-
ing stations (CSs) could be influenced by breaches in security,
but wide swaths of the transportation system or the power
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grid could also be impacted. Mao, Yuan, Gao, Wang, & Zhao
(2019) discussed the transmission cascading outages induced
by ultra-fast PEV charging. Li, Wang, Pu, Wang, & Zhang
(2019) analyzed the characteristics of three types of a mali-
cious attack on the smart Internet of EVs charging network
and proposed an association state analysis method on the time
series. B. Wang, Dehghanian, Wang, & Mitolo (2019) evalu-
ated the electrical safety of the large-scale CSs when coupled to
renewable power generation considering three failure scenar-
ios: 1) the facility degradation and CS protection failure; 2) the
cyber-attack between CSs and electric utilities; 3) the potential
mismatch between the renewable output and CS demand. On
the other hand, CSs rely on the supply of electricity from the
power grid, and blackouts of this latter are not rare, e.g., the
blackouts reported in the U. K. August 2019 (Energy Emer-
gencies Executive Committee, Jan. 2020). Such dependence
may cause one or more CSs to be simultaneously unavailable
because the connected power grid has failed. Consequently, the
inability to supply electricity to EVs might cause perturbations
in the increasingly electrified road network (ERN).

The road network is a critical infrastructure, which plays a
crucial supporting role in society’s functioning. To cope with
increasing disruptive events, such as human-made and natural
disasters, road network resilience has been paid large atten-
tion (Grande, Castillo, Mora, & Lo, 2017). The concept of
the resilience of infrastructure systems has different interpre-
tations in the specialized literature (Linkov & Trump, 2019;
Sharma, Tabandeh, & Gardoni, 2020), such many of them
share the general idea that resilience is the ability of a system
to prepare for, absorb, recover from, and adapt to disturbances
(Linkov et al., 2014). Resilience differs from other concepts
like risk, vulnerability, reliability, and robustness. Risk is con-
cerned with the threat of an event to a system and not with
the recovery ability (Zhou, Wang, & Yang, 2019). Vulnerabil-
ity describes the susceptibility of a system to potential failures
and disruptions (Dong, Yu, Farahmand, & Mostafavi, 2020).
Reliability is defined as a system’s ability to perform its func-
tion for a given time (Galaitsi, Keisler, Trump, & Linkov,
2021). Robustness is a system’s ability to withstand external
acute shocks without significant loss of performance (Ayyub,
2014). Resilience describes the system evolution for disrup-
tion to recovery. Interested readers can refer to (Ayyub, 2014;
Ganin et al., 2016) for more detailed discussions.

Numerous studies (Faturechi & Miller-Hooks, 2014; Liu &
Song, 2020; X. Zhang, Mahadevan, Sankararaman, & Goebel,
2018) have been conducted to assess the resilience of the tra-
ditional road networks in the context of unexpected natural
disasters (i.e., earthquakes and hurricanes) as well as mali-
cious acts. For the resilience analysis of road systems, three
main classes of methods are categorized, optimization-based
methods, simulation-based methods, and data-driven methods.

Optimization-based methods are typically used to address
predefined decision-making objectives. Within these traf-
fic assignment problems, user equilibrium or system opti-
mal (SO) objectives are typically sought for route selection.
For example, Nogal, O’Connor, Caulfield, & Martinez-Pastor
(2016) proposed a new dynamic equilibrium-restricted assign-
ment model to minimize the sum of the integrals of travel
costs when some links’ capacity was reduced because of the
road maintenance work. Travel cost and link load were used
as resilience indicators to quantify the impacts of the pertur-
bation. Nogal & Honfi (2019) improved this work by incorpo-
rating the users’ stochastic behavior in the objective function.
X. Zhang, Mahadevan, & Goebel (2019) presented a bilevel
mathematical optimization model to reconfigure the network
for increasing the transportation system resilience when facing
abrupt increases in the traffic demand during emergency evac-
uations. In this work, the lower-level problem is modeled as
a user equilibrium traffic assignment problem, and the upper-
level problem is to minimize the total travel time. The total
travel time of all passengers is utilized to quantify the system
performance.

For the simulation-based methods, microscopical traffic
simulation and graph theory are typically used to simulate
changes in transportation network traffic. Ganin et al. (2017)
investigated the resilience and efficiency of road networks.
A gravity model and percolation theory were used to model
the traffic demand and evolution. Efficiency was quantified
by the average annual delay per driver, and resilience was
assessed by the change in efficiency under natural disasters,
which are modeled as a random process and with the likelihood
of occurrence proportional to road length. Similar methods for
modeling transportation networks and quantifying inefficiency
were employed in Ganin et al. (2019). This work assessed
the resilience in intelligent transportation systems (ITS), con-
sidering malicious attacks (random and targeted disruptions)
on intersections and roadways controlled by ITS. Additional
delays caused by disruptions were used to estimate the sys-
tem’s resilience. J. Wang, Kong, & Fu (2019) used the Aimsun
microsimulation software to simulate traffic states with vehi-
cle violations on the expressway. The probability of crash was
considered with the resilience ability of the expressway.

Unlike the previous two categories of methods, data-driven
methods directly take advantage of the historical data instead
of considering the system’s physical mechanism. With the
advancement of technology, monitoring data are, in fact,
receiving increasing attention for the resilience assessment of
road networks. For instance, Achillopoulou, Mitoulis, Argy-
roudis, & Wang (2020) developed a roadmap for monitoring-
based quantification of resilience for transport infrastructures,
based on a comprehensive review of the current state-of-
the-art. An extended review and evaluation of structural and
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functionality monitoring data are discussed in this work to sup-
port resilience assessment of transport infrastructures exposed
to natural and human-induced hazards. Social sensing is also
being considered to help resilience management for infras-
tructures. Roy, Hasan, & Mozumder (2020), and C. Zhang,
Yao, Yang, Huang, & Mostafavi (2020) used social media
data to assess disruption types and locations of infrastructures
(transportation systems, power systems, etc.) and to analyze
the disruptions and corresponding societal impacts following
hurricanes.

Data-driven and simulation-based methods are not
employed in this study, considering a lack of historical data
because of the limited penetration of EVs in current highway
systems and the large number of parameters that would need
to be calibrated for simulation models. An optimization-based
method is adopted here to develop a mathematical electrified
traffic model. There are three main challenges that need to be
addressed to study the resilience of an ERN: 1) Considering
the spatial and temporal nature of EVs, a distributed dynamic
traffic model is needed, whereas most existing work is based
on static traffic models (Xie, Hu, Wang, & Chen, 2020). 2)
How to accommodate the profiles of CSs and EVs in a traffic
model is still a challenge. More specifically, profiles such
as the number of chargers in FCSs, driving range (battery
capacity), and charging time (remaining state of charge and
distance) of EVs have not been considered or precisely char-
acterized in the existing studies. Most of the studies have not
considered the battery capacity and state of charge (SoC) of
EVs (Chen, Qian, Miao, & Ukkusuri, 2020; H. Wang, Fang,
& Zio, 2021). This leads to unrealistic solutions in which: EVs
might charge multiple times without considering the actual
remaining SoC (Lv, Wei, Sun, Chen, & Zang, 2019); a fixed
charging time (charging demand) is assumed for all EVs (Xie
et al., 2020); the assigned charging point is beyond the remain-
ing driving range of an EV. 3) Only very few works have been
done for the resilience assessment of ERNs, in which existing
resilience indicators cannot be directly used since they cannot
capture the post-failure function loss of the new components.
Therefore, new indicators are needed to capture the global and
local impact on an ERN under FCS failures.

To fill the research gaps mentioned above, this paper pro-
poses a framework to assess the resilience of ERNs with
extensive use of EVs also for long trips. Within this frame-
work, a linear two-stage dynamic traffic assignment model is
proposed to optimize all vehicles’ total travel time. The first
and second stage models are employed to assign the traffic
before and after FCS failures occur, respectively. The proposed
model is able to describe the dynamic of EVs and their charg-
ing behaviors in FCSs, and therefore captures how local FCS
failures impact the ERN performance globally. Different fail-
ure scenarios are used as the input parameters of the second

stage model to study system resilience. The scenarios include
different levels of EV penetration, different failure durations
and locations, and pairs of FCSs failings simultaneously.

The proposed framework is based on the cell transmission
model (CTM), which describes the traffic flow from the macro-
scopic level while keeping the microscopic information. CTM
is adopted because of the following: 1) CTM is one of the
most widely used network loading models due to its simplicity
and capability of covering the whole range of traffic dynamics,
including queue formation, dissipation, and kinematic waves.
2) CTM is easy to extend and be customized to solve vari-
ous problems (Venkatraman & Levin, 2019; Zhu & Ukkusuri,
2018). For the resilience assessment problem studied in this
work, the proposed CTM-based model can be easily extended
to consider other details of the charging stations and EVs. This
scalability favors the continuation of future work.

CTM for one straightway was first proposed by Daganzo
(1994 1995). Ziliaskopoulos (2000) transformed the simula-
tion model into linear programming (LP) one for the single
destination system optimal dynamic traffic assignment (SO-
DTA) problem. Doan & Ukkusuri (2012) solved the holding
back issue reported in Ziliaskopoulos work and extended CTM
for multiple OD pairs. Zhu & Ukkusuri (2013) proposed an
effortless penalty label method to address the holding back
issue under the multiple OD pairs situations. Lo & Szeto
(2002) developed a variational inequality formulation of the
dynamic user optimal assignment problem based on the CTM
network version. Han, Ukkusuri, & Doan (2011) proposed
complementarity formulations for the CTM-based dynamic
user equilibrium with a single O-D pair. Ukkusuri, Han, &
Doan (2012) extended the previous work to a general net-
work version. Mehrabipour, Hajibabai, & Hajbabaie (2019)
presented a decomposition scheme to find near-optimal solu-
tions to CTM-based SO-DTA problems with multiple O-D
pairs, with the less computational burden compared to the
original solution. Recently, CTM was further improved to
address appearing new challenges in the context of the future
intelligent transportation system, such as, modeling the proac-
tive driving behavior of connected vehicles (Zhu & Ukkusuri,
2018), and solving the shared autonomous vehicle routing
problem (Venkatraman & Levin, 2019). However, CTM has
been rarely applied in the ERN context for solving the chal-
lenges that EVs bring.

The main contribution of the current paper is summarized
as follows:

(1) A methodological framework is proposed for the
resilience assessment of ERN under FCSs failures, which is
of high practical significance in the context of increasingly
coupled transportation and power systems but has been rarely
studied in the current literature.
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(2) The characteristics of ERN, such as driving range and
charging time for EVs and EVs’ spatio-temporal nature, have
not been well captured in the existing studies. Within the pro-
posed framework, a novel linear programming (LP) model
based on CTM is presented to solve the SO-DAT problem inte-
grated with an ERN’s characteristics under FCSs normal oper-
ation. This model originally defines new components, such as
charging cells (links), queueing cells (links), and energy levels,
to accommodate the profile of EVs and FCSs in CTM.

(3) To the best of our knowledge, this is the first work that
discretizes the battery capacity of an EV and integrates the
SO-DTA problem with the profile of EVs and FCSs into a
mathematical linear optimization problem.

(4) The LP model is then extended to a two-stage model to
capture the system response under different FCS failure sce-
narios, providing a unified framework for system resilience
analysis.

(5) Two metrics, including cumulative throughput of ERN
and cumulative utilization of FCSs are developed to quantify
the studied system’s resilience.

The rest of the article is structured as follows. Section 2
introduces the CTM and SO-DTA models and the novel model
proposed. Section 3 presents three metrics for quantifying
the impacts of failures of the FCSs on the performance of
the transportation network. Section 4 illustrates a numerical
example to show the application of the proposed framework.
Finally, Section 5 provides some concluding remarks and
future research directions.

2 METHODOLOGY

In CTM, a road is divided into homogeneous sections, which
are called cells, and the cell length (𝐿𝑐) is equal to the distance
traveled in a free-flow speed (𝑣𝑓 ) by a typical vehicle in one
time interval (𝜏), i.e., 𝐿𝑐 = 𝑣𝑓 × 𝜏. At any time instant 𝑡, the
state of the system is given by the cell occupancy of each cell
𝑥𝑖(𝑡). Let ∕ be the set of cells/links. The core concept of
CTM is that the occupancy in cell 𝑖 at time 𝑡 equals its occu-
pancy at time 𝑡−1, plus the inflow and minus the outflow, given
by:

𝑥𝑖(𝑡) = 𝑥𝑖(𝑡−1)+
∑

𝑘∈Γ−(𝑖)
𝑦𝑘,𝑖(𝑡−1)−

∑
𝑗∈Γ+(𝑖)

𝑦𝑖,𝑗(𝑡−1),∀𝑖 ∈ , 𝑡 ∈ 
(1)

where Γ−(𝑖) / Γ+(𝑖) denote the set of predecessor and succes-
sor cells of cell 𝑖 respectively, and 𝑦𝑘,𝑖(𝑡) / 𝑦𝑖,𝑗(𝑡) represent the
vehicles flow along the links from cell 𝑘 to cell 𝑖 and from

cell 𝑖 to cell 𝑗, respectively. Generally, the flow on the link is
determined by piecewise linear equation, as follows:

𝑦𝑖,𝑗(𝑡) = 𝑚𝑖𝑛{𝑥𝑖(𝑡), 𝑄𝑖(𝑡), 𝑄𝑗(𝑡), 𝛿(𝑁𝑗(𝑡) − 𝑥𝑗(𝑡))} (2)

where 𝑄𝑖(𝑡) is the in-flow or out-flow capacity of cell 𝑖 at time
𝑡. 𝑁𝑖(𝑡) is the maximum number of vehicles that can be present
in cell 𝑖 at time 𝑡. 𝛿𝑖 gives the ratio of forward to backward
shockwave propagation of the cell 𝑖. Eq. (2) states that the flow
that can advance from cell 𝑖 to cell 𝑗 is determined by its own
sending capacity (𝑚𝑖𝑛{𝑥𝑖(𝑡), 𝑄𝑖(𝑡)}) and the receiving capac-
ity (𝑚𝑖𝑛{𝑄𝑗(𝑡), 𝛿𝑗(𝑁𝑗(𝑡) − 𝑥𝑗(𝑡))}) of the downstream cell 𝑗.
The sending capacity of cell 𝑖 is constrained by its own vehi-
cle occupancy and out-flow capacity at time 𝑡. The receiving
capacity of the downstream cell 𝑗 is constrained by the in-flow
capacity and remaining spaces, considering the influence of
shock waves of cell 𝑗.

The existing CTM-based traffic models do not consider the
new factors that EVs bring, such as the driving range of EVs
and the capacity of FCSs. In this paper, a novel linear program-
ming model for the multiple destinations SO-DTA problem
is proposed considering EVs and FCSs (SO-DTA-E&C) to
minimize the total travel cost for all vehicles.

The assumptions in this model are:
(1) There are no backup solutions (such as a backup of the

electricity grid system and a buffer of the transformers) to resist
failures in charging stations.

(2) Each FCS is only equipped with one type of charger, and
these chargers have the same charging speed.

(3) The EV charges as little electricity as possible en-route
to make its travel time shortest. The SoC after charged (original
SoC plus the charged electricity) should ensure that the EV can
reach the destination or the next FCS.

(4) The electricity consumed by an EV is linearly related
to the distance traveled. The electricity amount charged by an
EV is linearly related to the charging time. The attributes of
different batteries are ignored.

(5) The electricity consumed by the in-vehicle equipment,
such as air conditioners and lights, is neglected. When EVs
stop, no electricity is consumed.

The first assumption is made based on the aim of this paper.
Although the existence of backup electricity can be considered
(Galbusera, Giannopoulos, Argyroudis, & Kakderi, 2018), the
purpose of this paper is to investigate the resilience of road
networks against FCS failures. This investigation aims to iden-
tify the critical components (different importance of FCSs)
in the road networks to provide guidance to improve the net-
works resilience, for example, by identifying at which charging
stations the backup electricity should be firstly installed and
ensured. Assumption (2) is widely adopted in the literature
(Xie et al., 2020) and it also matches the real practice (such
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as Tesla supercharger stations). The third assumption is coher-
ent with the proposed model’s objective function, which is to
minimize the total travel time. Other phenomena, e.g., the EVs
only leave FCSs after being fully charged or 80% charged, can
be easily incorporated by adding constraints on the charging
cells. As for the heterogeneous charging preferences of EV
drivers, their consideration is not within the scope of this paper.
In assumption (4), we assume that the EVs can be replenished
the equal energy by the same charger type within the same
duration without considering different battery attributes. Sim-
ilar assumptions or more idealistic assumptions (Chen et al.,
2020; Lv et al., 2019; Xie et al., 2020) that assumed charging
demand is fixed for all EVs, is proportional to the link traffic
flow, or follow certain probability distributions, can be found
in the literature.

In order to track the SoC of EVs, the model accounts for
different energy levels (𝑙) to describe the real-time SoC for
each EV. Considering EVs with different battery capacities, the
average driving range 𝐿𝑎𝑣𝑔 is used to represent the average bat-
tery capacity for all EVs. Although, more categories of battery
capacity could be considered by simply extending the current
model. However, this would make the model more trivial and
computationally expensive without bringing too much added
value from a technical or academic perspective. The focus of
the present paper is to develop a methodological framework to
investigate the resilience of the electrified road network from a
system level and, thus, a statistically averaged driving range of
all EVs could be acceptable. Additionally, the averaged max-
imum driving range is also a well acceptable assumption in
the literature (Bedogni et al., 2015; Chen et al., 2020). The
electricity consumption of EV is assumed to be a linear func-
tion of the distance traveled. Therefore, mileage can be used
to quantify electrical energy and is used as its unit measure-
ment for simplicity. The battery capacity is discretized into
homogeneous energy levels (ELs). Each energy level can sup-
ply electric energy for an EV to travel a certain mileage. The
mileage traveled by an EV using one energy level is set to be
one cell length. Once the cell length is determined, the total
number of energy levels (𝐿) of each EV can be calculated by
the following equation:

𝐿 =
𝐿𝑎𝑣𝑔

𝐿𝑐
(3)

We use  to represent the set of all possible energy levels
{1,⋯ , 𝐿}. The current EL (𝑙) of an EV represents the remain-
ing distance that can be traveled (i.e., its current SoC). 𝑙×𝐿𝑐 ≈
the remaining distance that can be traveled ≈ current SoC ×𝐹 .
Driving range (𝐿𝑎𝑣𝑔) ≈ 𝐿 × 𝐿𝑐 ≈ full battery ×𝐹 . 𝐹 is the
force that an EV overcomes when moving at a constant speed.

In the SO-DTA model, only a single destination is con-
sidered. Here, an extended version is introduced to handle a
general network with multiple O-D pairs and the route choice

Fig. 1 Cell representation of a charging station.

behaviors are also described.  is used to represent the set of
all O-D pairs.  represents the set of all the paths. 𝑤 repre-
sents the set of the paths belonging to the O-D pair 𝑤. A path
( 𝑟) is represented by an ordered collection of cells.

For simplicity, ordinary, merging and diverging cells are
called general cells (𝐺), since they share the same update rule.𝐷 denotes the set of diverging links. In order to integrate the
physical component (e.g., FCSs) in the road network into the
CTM, charging cells (𝐶 ) and queueing cells (𝑄) are defined
here. A FCS is modelled by a fixed structure which represents
a charging cell sandwiched between two queueing cells, as
shown in Fig. 1 .

In SO-DTA-E&C, charging cells are used to accommodate
the vehicles connecting to the chargers. Unlike in CTM, the
length of a general cell is defined as the specific physical length
of the corresponding road section, whereas the cell length is
not applicable to charging cells. In CTM, 𝑁𝑖(𝑡) is defined as
the maximum number of vehicles that can be present in cell
𝑖 at time 𝑡. For charging cell 𝑖, 𝑁𝐶𝑖(𝑡) is defined, instead, as
the maximum number of chargers at time 𝑡. Additionally, a
new parameter 𝛼𝑡

𝑖 is uniquely defined for the charging cell: 𝛼𝑡
𝑖

represents the average charging speed at the FCS 𝑖 at time 𝑡,
which translates to how many energy levels can be supplied at
each charger at station 𝑖 in a time interval 𝜏. In this paper, the
charging capacity refers to the number of chargers 𝑁𝐶𝑖(𝑡) and
we assume that one FCS in the highway is equipped with the
same charger type of same charging speed 𝛼𝑡

𝑖 . Generally, EVs
charge faster in a commercial FCS than they consume electric-
ity in a common use mode (e.g., no air conditioning) within the
same time interval. Hence, under the common use mode, 𝛼𝑡

𝑖 is
assumed to be greater or equal to 1. Moreover, for simplicity,
𝛼𝑡
𝑖 is rounded to an integer. When a FCS fails, 𝛼𝑡

𝑖 is equal to 0.
Queueing cells are used to accommodate the vehicles wait-

ing to connect to chargers in the FCSs or waiting to leave
the FCSs. Such a structure can prevent the charging cell from
being congested and can guarantee it works normally when
the downstream general cell is congested. The queueing cell
before the charging cell can be regarded as the section from
the ramp to the parking lot and the one after the charging cell
can be regarded as the section from the parking lot to the main
road in the service area. Similar to the charging cell, queueing
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cell length is not applicable. 𝑁𝑃𝑖(𝑡) is defined as the maxi-
mum number of parking spaces for queueing cells. Definitions
of parameters for different cells are listed in Tab. 1 .

Tab. 1 Parameters’ definitions for different cells in the extended
model

cells 𝐿𝑐 𝑁
Other cells same to CTM same to CTM
Charging cells Not applicable number of chargers

(𝑁𝐶)
Queueing cells Not applicable number of parking

spaces (𝑁𝑃 )

CTM is proposed based on the hydrodynamic model, which
assumes that the flow (velocity) is a function of the density and
their relationship follows the triangular fundamental diagram
Daganzo (1994 1995). The flow updating equation between
cells is derived based on this assumption. Obviously, the rela-
tionship among the inflow, velocity and density of EVs at
charging cells does not follow the triangular fundamental dia-
gram, since the EVs in charging cells are stationary at most
of the time. Therefore, the flow updating into charging cells
should be modified. The link beginning with a queueing cell
and ending with a charing cell is defined as a charging link
(𝐶 ). The flow updating equation is modified as follows:

𝑦𝑖,𝑗(𝑡) = 𝑚𝑖𝑛{𝑥𝑖(𝑡), 𝑄𝑖(𝑡), 𝑄𝑗(𝑡),
𝑁𝐶𝑗(𝑡) − 𝑥𝑗(𝑡) + 𝑦𝑗,𝑚(𝑡)}, (𝑖, 𝑗) ∈ 𝐶 , 𝑚 ∈ Γ+

𝑗
(4)

The flow (𝑦𝑖,𝑗 , (𝑖, 𝑗) ∈ 𝐶 ) along the charging link should be
constrained by the number of EVs in the queueing cell (𝑥𝑖) and
its out-flow capacity (𝑄𝑖), as well as in-flow capacity of the
charging cell (𝑄𝑗). A relaxed restriction (𝑁𝐶𝑗 −𝑥𝑗 +𝑦𝑗,𝑚, 𝑚 ∈
Γ+
𝑗 ) is considered for the charging cell instead of the conser-

vative (𝛿 ⋅ (𝑁𝐶𝑗 − 𝑥𝑗)) used in the CTM. The flow updating
equation in CTM assumes that the effects of the outflow is only
noticed upstream after some time and, thus, one time step lag
exists in CTM. Differently, Eq. (4) assumes that the EVs would
flow into charging cells once there are EVs leaving and avail-
able chargers appeared, thus, less lags in the modified model,
which also helps reduce the time horizon of the model. Since
no density waves propagates backwards for the stationary EVs
in charging cells, parameter 𝛿 is not needed here.

2.1 Formulation of SO-DTA-E&C
The proposed SO-DTA-E&C is able to describe the key fea-
tures of the FCSs, track the SoC of EVs, and assign the system
optimal traffic flow while considering the driving range and
the charging time of EVs. The presented SO-DTA-E&C for the

case of normal conditions (no FCS failures) is formulated as
below:

The objective of the SO-DTA-E&C is:

min
𝑑,𝑥,𝑥̇,𝑦

∑
𝑖∈{∖𝑆}

∑
𝑙∈

∑
𝑟∈

∑
𝑡∈0,⋯,𝑇ℎ

𝑥𝑙,𝑟𝑖 (𝑡) (5)

s.t. ∑
𝑟∈𝑤

𝑑𝑙,𝑟
𝑖 (𝑡) = 𝐷𝑙

𝑤(𝑡),∀𝑤 ∈ 𝑊 , 𝑡 ∈ 0,⋯ , 𝑇𝑑 (6)

𝑥𝑙,𝑟𝑖 (𝑡) = 𝑥𝑙,𝑟𝑖 (𝑡 − 1) + 𝑑𝑙,𝑟
𝑖 (𝑡 − 1) − 𝑦𝑙,𝑟𝑖,𝑗(𝑡 − 1),

∀𝑖 ∈ 𝑅 ∩  𝑟, 𝑗 ∈ Γ+
𝑖 ,∀𝑙 ∈ , ∀𝑟 ∈ , 𝑡 ∈ 1,⋯ , 𝑇𝑑 + 1

(7a)

𝑥𝑙,𝑟𝑖 (𝑡) = 𝑥𝑙,𝑟𝑖 (𝑡 − 1) −
∑
𝑗∈Γ+

𝑖

𝑦𝑙,𝑟𝑖,𝑗(𝑡 − 1),

∀𝑖 ∈ 𝑅,∀𝑙 ∈ , ∀𝑟 ∈ , 𝑡 ∈ 𝑇𝑑 + 2,⋯ , 𝑇ℎ

(7b)

𝑥𝑙,𝑟𝑖 (𝑡) = 𝑥𝑙,𝑟𝑖 (𝑡 − 1) +
∑
𝑘∈Γ−

𝑖

𝑦𝑙+1,𝑟𝑘,𝑖 (𝑡 − 1) −
∑
𝑗∈Γ+

𝑖

𝑦𝑙𝑖,𝑗(𝑡 − 1),

∀𝑖 ∈ 𝐺,∀𝑙 ∈ { − 𝐿},∀𝑟 ∈ ,∀𝑡 ∈ 
(8a)

𝑥𝐿,𝑟𝑖 (𝑡) = 𝑥𝐿,𝑟𝑖 (𝑡 − 1) −
∑
𝑗∈Γ+

𝑖

𝑦𝐿,𝑟𝑖,𝑗 (𝑡 − 1),∀𝑖 ∈ 𝐺,∀𝑟 ∈ ,∀𝑡 ∈ 
(8b)

𝑥𝑙,𝑟𝑖 (𝑡) = 𝑥𝑙,𝑟𝑖 (𝑡 − 1) + 𝑦𝑙,𝑟𝑘,𝑖(𝑡 − 1) − 𝑦𝑙,𝑟𝑖,𝑗(𝑡 − 1),

∀𝑘 ∈ Γ−
𝑖 , ∀𝑗 ∈ Γ+

𝑖 , ∀𝑖 ∈ 𝑄,∀𝑙 ∈ ,∀𝑟 ∈ ,∀𝑡 ∈  (9)

𝑥̇𝑙,𝑟𝑖 (𝑡) = 𝑥𝑙,𝑟𝑖 (𝑡 − 1) + 𝑦𝑙,𝑟𝑘,𝑖(𝑡 − 1) − 𝑦𝑙,𝑟𝑖,𝑗(𝑡 − 1),

∀𝑘 ∈ Γ−
𝑖 , ∀𝑗 ∈ Γ+

𝑖 , ∀𝑖 ∈ 𝐶 ,∀𝑙 ∈ ,∀𝑟 ∈ ,∀𝑡 ∈  (10)

𝑥𝐿,𝑟𝑖 (𝑡) =
𝛼𝑡𝑖∑
𝑠=0

𝑥̇𝐿−𝑠,𝑟𝑖 (𝑡), ∀𝑖 ∈ 𝐶 ,∀𝑟 ∈ ,∀𝑡 ∈  (11a)

𝑥𝑙,𝑟𝑖 (𝑡) = 𝑥̇𝑙−𝛼
𝑡
𝑖 ,𝑟

𝑖 (𝑡), ∀𝑖 ∈ 𝐶 ,∀𝑙 ∈ {𝛼𝑡
𝑖 ≤ 𝑙 < 𝐿},

∀𝑟 ∈ ,∀𝑡 ∈  (11b)

𝑥𝑙,𝑟𝑖 (𝑡) = 0, ∀𝑖 ∈ 𝐶 ,∀𝑙 ∈ {𝑙 < 𝛼𝑡
𝑖},∀𝑟 ∈ ,∀𝑡 ∈  (11c)

∑
∀𝑗∈Γ+

𝑖

𝑦𝑙,𝑟𝑖,𝑗(𝑡) − 𝑥𝑙,𝑟𝑖 (𝑡) ≤ 0,∀(𝑖, 𝑗) ∈  ,∀𝑙 ∈ , ∀𝑟 ∈ , ∀𝑡 ∈ 
(12a)∑

∀𝑗∈Γ+
𝑖

∑
∀𝑙∈

∑
∀𝑟∈

𝑦𝑙,𝑟𝑖,𝑗(𝑡) ≤ 𝑄𝑖(𝑡),∀(𝑖, 𝑗) ∈  , ∀𝑡 ∈  (12b)

∑
∀𝑖∈Γ−

𝑗

∑
∀𝑟∈

∑
∀𝑙∈

𝑦𝑙,𝑟𝑖,𝑗(𝑡) ≤ 𝑄𝑗(𝑡),∀(𝑖, 𝑗) ∈  ,∀𝑡 ∈  (12c)
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∑
∀𝑖∈Γ−

𝑗

∑
∀𝑙∈

∑
∀𝑟∈

𝑦𝑙,𝑟𝑖,𝑗(𝑡) + 𝛿𝑗(𝑡)
∑
∀𝑙∈

∑
∀𝑟∈

𝑥𝑙,𝑟𝑗 (𝑡) ≤ 𝛿𝑗(𝑡)𝑁𝑗(𝑡),

∀𝑗 ∈ ∖𝐶∖𝑄,∀𝑡 ∈ 
(12d)∑

∀𝑖∈Γ−
𝑗

∑
∀𝑙∈

∑
∀𝑟∈

𝑦𝑙,𝑟𝑖,𝑗(𝑡) +
∑
∀𝑙∈

∑
∀𝑟∈

𝑥𝑙,𝑟𝑗 (𝑡) ≤ 𝑁𝑃𝑗(𝑡),

∀𝑗 ∈ 𝑄,∀𝑡 ∈ 
(12e)

∑
∀𝑖∈Γ−

𝑗

∑
∀𝑙∈

∑
∀𝑟∈

𝑦𝑙,𝑟𝑖,𝑗(𝑡) +
∑
∀𝑙∈

∑
∀𝑟∈

𝑥𝑙,𝑟𝑗 (𝑡)−∑
∀𝑚∈Γ+

𝑗

∑
∀𝑙∈

∑
∀𝑟∈

𝑦𝑙,𝑟𝑗,𝑚(𝑡) ≤ 𝑁𝐶𝑗(𝑡),∀𝑗 ∈ 𝐶 ,∀𝑡 ∈  (12f)

𝑥𝑙,𝑟𝑖 (0) = 0, ∀𝑖 ∈ , ∀𝑙 ∈ ,∀𝑟 ∈  (13)

𝑦1,𝑟𝑖,𝑗 (𝑡) = 0, ∀(𝑖, 𝑗) ∈  ,∀𝑟 ∈ ,∀𝑡 ∈  (14)

𝑦𝑙,𝑟𝑖,𝑗(𝑡) = 0, ∀(𝑖, 𝑗) ∈ 𝐷 ∩ (𝑖, 𝑗) ∉  𝑟,∀𝑟 ∈ ,∀𝑡 ∈  (15)

𝑥𝑙,𝑟𝑖 (𝑡) ≥ 0, ∀𝑖 ∈ , ∀𝑙 ∈ ,∀𝑟 ∈ ,∀𝑡 ∈ 0,⋯ , 𝑇ℎ (16)

𝑦𝑙,𝑟𝑖,𝑗(𝑡) ≥ 0, ∀(𝑖, 𝑗) ∈  , ∀𝑙 ∈ ,∀𝑟 ∈ ,∀𝑡 ∈ 0,⋯ , 𝑇ℎ
(17)

where 𝑇𝑑 , 𝑇ℎ and  are the maximum departure time, max-
imum time horizon when all EVs have left the network and
set of all time intervals up to 𝑇ℎ, respectively. Considering
EVs with different energy levels and destinations, the objec-
tive function in Eq. (5) is modified by adding summations over
energy levels and routes. The objective is still to minimize the
total travel time over the whole time horizon from a system
operator perspective. Eq. (6) guarantees that the traffic demand
is satisfied over the departure time period: in each time 𝑡, the
number of departures 𝑑𝑙,𝑟

𝑖 (𝑡) in cell 𝑖 with energy level 𝑙 for O-
D pair 𝑤 equals to the traffic demand with that energy level
and O-D pair. The source cells can store infinite amounts of
traffic. These cells receive traffic directly from the path flow
pattern 𝑑𝑙,𝑟

𝑖 (𝑡). In Eq. (7a), source cells 𝑖 only belongs to a par-
ticular route 𝑟 of a certain O-D pair 𝑤. The cell occupancies
for all other source cells which do not belong to the route 𝑟 are
equal to zero. Eq. (7a) considers the period of departure (from
time 0 to 𝑇𝑑 for variables 𝑑𝑙,𝑟

𝑖 (𝑡)) whereas Eq. (7b) is for the
later period without departures. Constraint (8) expresses the
cell mass conservation and gives the specific rules of updating
the vehicles occupancies for general cells. Moreover, the path-
based and energy-based occupancy for each cell is tracked. Eq.
(8a) states that the current occupancies 𝑥𝑙,𝑟𝑖 (𝑡) in the general
cell 𝑖 with energy level 𝑙 at time 𝑡 equals to its occupancies

𝑥𝑙,𝑟𝑖 (𝑡 − 1) minus the outflow 𝑦𝑙,𝑟𝑖,𝑗(𝑡 − 1) with the same energy
level 𝑙, plus the inflow 𝑦𝑙+1,𝑟𝑘,𝑖 (𝑡 − 1) with energy level 𝑙 + 1,
at the last time step. After the EVs flow into the successive
cells, their energy levels decline from 𝑙 + 1 to 𝑙. This means
that when the EVs stay in the same cell or flow out from a cell,
their energy levels do not change. Eq. (8b) details the situation
where 𝑙 = 𝐿, where 𝐿 is the upper bound of the energy level
(maximum driving range/maximum battery capacity). Since it
is not possible that the energy level of an EV is higher than
𝐿, the term 𝑦𝐿+1,𝑟𝑘,𝑖 (𝑡 − 1) is eliminated. Eq. (9) represents the
update rule of the queueing cells while ensuring that no energy
is consumed by passing through the cell. This is because the
consumed energy from a ramp to a parking lot or from a park-
ing lot to the main road is assumed to be negligible compared to
the energy consumption of traveling through a cell length. Eq.
(10) states the update rule for charging cells occupancy, where
𝑥̇𝑙,𝑟𝑖 (𝑡) represents the occupancy of EVs before the SoC of EVs
is updated in the charging cell 𝑖 at time 𝑡 with energy level 𝑙.
Eqs. (11a) to (11c) state the update rules for energy levels of
EVs in the charging cells. Eq. (11a) states that when the energy
levels of EVs are between [𝐿 − 𝛼𝑡

𝑖 , 𝐿], their energy levels are
approximately updated to energy level 𝐿 after one time period.
Eq. (11b) states that when energy levels of EVs are between
[0, 𝐿−𝛼𝑡

𝑖), they increase 𝛼𝑡
𝑖 energy levels after one time period.

Eq. (11c) ensures that no EVs’ energy levels are below 𝛼𝑡
𝑖 level

after being charged for one time period. Note that the charging
cell occupancy is conserved before and after the SoC of the
EVs is updated, i.e.,

∑
𝑙 𝑥̇

𝑙,𝑟
𝑖 (𝑡) =

∑
𝑙 𝑥

𝑙,𝑟
𝑖 (𝑡). Eqs. (12a) to (12d)

state the specific constraints of determining the flow from cell
𝑖 to 𝑗. Eq. (12e) states that the flow entering to queueing cells
is also constrained by the number of parking spaces remaining
(𝛿(𝑁𝑃𝑗(𝑡) −

∑
𝑙
∑

𝑟 𝑥
𝑙,𝑟
𝑗 (𝑡))) at time 𝑡. Eq. (12f) is equivalent to

the fourth term in Eq. (4) and states that the flow that can be
received by the charging cells is constrained by the number of
available chargers within time interval 𝑡. Constraint (13) spec-
ifies the initial occupancies. Constraint (14) ensures that any
EV can never exceed its travel range that is no matter when and
where, the energy level of an EV must be greater than or equal
to 1. Constraint (15) forces the flow along the links that do not
belong to the route 𝑟 to be zero. Constraints (16) and (17) give
the nonnegativity conditions.

2.2 A two-stage model of the FCS failure
process
Since the occurrence time and location of the failures are ran-
dom, the second stage model is proposed to solve the traffic
assignment problem under uncertain FCS failure conditions.
The presented SO-DTA-E&C model is utilized as the first
stage model under FCS normal operations. The solution of the
first stage model combined with the information (occurrence
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time, location, duration) of FCS failures are fed into the second
stage model as parameters. The information of FCS failures
can be generated by appropriate uncertainty models, e.g., mod-
els of cascading failures in power grids (Zio & Aven, 2011);
however, this problem is out of the scope of this paper. If we
directly use the SO-DTA-E&C model under FCS failure con-
ditions, it is equivalent to assuming that the system operator
is able to foresee when and where the failure occurs, which is
unrealistic.

The system state in the normal phase is the same as the sys-
tem state under the same conditions without failure. Therefore,
a corresponding scenario without failures can be assumed,
and the system state under this scenario can be calculated by
the proposed SO-DTA-E&C, which is used as the first stage
model. The system state in the failure phase plus the recovery
phase would be calculated by the second-stage model, which
will be introduced later. The scenario results without failures
and that of the scenario with failures are denoted as 𝐼 and 𝐼𝐼 ,
respectively.

To model the failures of the FCSs, we use 𝛼𝑡
𝑖 to represent

when and where the failures occur and for how long the cor-
responding FCSs do not provide service. Other parameters
are the same as for the normal conditions. In practice, fail-
ures’ location and time of occurrence are usually uncertain,
and the system’s operator responds to the failures after they
occur. Once a failure occurs, the time required to repair is esti-
mated in advance. In this paper, we assume that the system
operator immediately receives the failure information (time
and location) once it occurs and estimates the time for recov-
ering the charging service. It should be noted that if the repair
time can not be estimated in advance, a three-stage model can
be implemented without any difficulty. Similarly, the current
model can handle multiple simultaneous FCS failures and can
be extended into a multi-stage model, the scenarios in which
multiple FCSs fail at different locations and time instants.

The two-stage optimization model is formulated. The objec-
tive function is the same as the SO-DTA-E&C model, i.e., the
total travel time is minimized (Eq. 18):

min
𝑑,𝑥,𝑥̇,𝑦

∑
𝑖∈{∖𝑆}

∑
𝑙∈

∑
𝑟∈

∑
𝑡∈0,⋯,𝑇ℎ

𝑥𝑙,𝑟𝑖,𝐼𝐼 (𝑡) (18)

𝑇𝑓 is the time instant at which the failure occurs. For the
normal phase, the system state is calculated by the SO-DTA-
E&C model:

𝑥𝑙,𝑟𝑖,𝐼𝐼 (𝑡) = 𝑥𝑙,𝑟𝑖,𝐼 (𝑡), ∀𝑖 ∈ , ∀𝑙 ∈ , ∀𝑟 ∈ , 𝑡 ∈ 0,⋯ , 𝑇𝑓 − 1
(19)

𝑦1,𝑟𝑖,𝑗,𝐼𝐼 (𝑡) = 𝑦1,𝑟𝑖,𝑗,𝐼 (𝑡), ∀(𝑖, 𝑗) ∈  , ∀𝑙 ∈ , ∀𝑟 ∈ ,

𝑡 ∈ 0,⋯ , 𝑇𝑓 − 1
(20)

𝑑𝑙,𝑟
𝑖,𝐼𝐼 (𝑡) = 𝑑𝑙,𝑟

𝑖,𝐼 (𝑡), ∀𝑖 ∈ , ∀𝑙 ∈ , ∀𝑟 ∈ ,

𝑡 ∈ 0,⋯ , 𝑚𝑖𝑛{𝑇𝑓 − 1, 𝑇𝑑}
(21)

𝑥̇𝑙,𝑟𝑖,𝐼𝐼 (𝑡) = 𝑥̇𝑙,𝑟𝑖,𝐼 (𝑡), ∀𝑖 ∈ , ∀𝑙 ∈ , ∀𝑟 ∈ , 𝑡 ∈ 0,⋯ , 𝑇𝑓 − 1
(22)

Once the failure occurs, the operator receives the informa-
tion and responds, immediately. All the EVs on the road are
dynamically re-routed in response to the failure:∑

∀𝑟∈𝑤∩𝑖∈𝑟

𝑥𝑙,𝑟𝑖,𝐼𝐼 (𝑇𝑓 ) =
∑

∀𝑟∈𝑤∩𝑖∈𝑟

𝑥𝑙,𝑟𝑖,𝐼 (𝑇𝑓 ),

∀𝑖 ∈ , ∀𝑙 ∈ , ∀𝑤 ∈  (23)

Eq. (23) states that the traffic at cell 𝑖 is reassigned among
these paths which have the same O-D pair and have the same
component cell 𝑖. The traffic demand for all the O-D pairs are
conserved.

If only a few chargers fail and the others are still working
in one FCS, the time-dependent parameter 𝑁𝐶𝑖(𝑡) is used to
describe such situation, by adjusting the maximum number of
chargers can be used in charging cell 𝑖 in time interval 𝑡. The
EVs connecting to the failed chargers would go back to the
queueing cell and the others keep uninfluenced. Therefore, the
nonnegative constraint on the charging links is removed at this
moment and the constraint on other cells remains unchanged.
In time interval 𝑇𝑓 , Eq. (17) is modified as follows:

𝑦𝑙,𝑟𝑖,𝑗(𝑇𝑓 ) ≥ 0, ∀(𝑖, 𝑗) ∈ {∕𝐶}, ∀𝑙 ∈ ,∀𝑟 ∈  (24)

If all chargers fail in one FCS, parameter 𝛼𝑡
𝑖 also can be used

to describe such situation. 𝛼𝑡
𝑖 = 0 means the charging speed of

the FCS is 0 (i.e., no electricity supplied) in time interval 𝑡. If 𝛼𝑡
𝑖

is used, the EVs connecting chargers can stay in FCS waiting
for electricity restoration. In FCS fully breakdown situation,
the two presentation for failures are equivalent.

After the failures occur, the variables also need to be con-
strained by the same updating rules in the SO-DTA-E&C,
while the domain of the time is different. Eq. (6) remains
unchanged. For updating the EV occupancy of source cells, if
𝑇𝑓 ≤ 𝑇𝑑 , ∀𝑡 ∈ 𝑇𝑓 + 1,⋯ , 𝑇𝑑 + 1 for Eq. (7a) and Eq. (7b)
remain unchanged; if 𝑇𝑓 > 𝑇𝑑 , Eq. (7a) is not needed and
∀𝑡 ∈ 𝑇𝑓 + 1,⋯ , 𝑇ℎ for (7b). For the cells’ occupancy, 𝑡 is in
𝑇𝑓 +1,⋯ , 𝑇ℎ for Eqs. (8) - (11) and Eq. (16). For traffic flow, 𝑡
is in 𝑇𝑓 ,⋯ , 𝑇ℎ for Eq. (12), Eqs. (14) - (15). 𝑡 is in 𝑇𝑓+1,⋯ , 𝑇ℎ
for Eq. (17).

Eqs. (19) to (22) state that the status of the system before
the failures occur should be the same as for the normal con-
ditions. After the failures occur, the route choices and energy
needed by the EVs that have not departed and have already
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departed are replanned according to the current system’s sta-
tus, informed failures’ profiles, and system operation con-
straints. The response actions include changing the FCSs for
some EVs, changing routes for some EVs without charging.
Once the failed stations are restored, they are immediately
required to provide charging services without delay.

It should be noted that the main focus of this paper is to pro-
pose a methodological framework for assessing the resilience
of the ERN considering FCS failures. Actually, the SO-DTA
problem addressed for developing the framework has already
become sufficiently complicated because of the need to con-
sider the driving range, SoC, and the heterogeneous charg-
ing time of EVs. Although the user equilibrium (UE) DTA
might be more adherent to real life, its use for the framework
development would greatly increase the computational time
and complexity. The UE-DTA problem without EVs itself is
already complicated and computationally expensive. UE-DTA
problem solution sets are always nonconvex (Long & Szeto,
2019) and capturing queue spillback can lead to the nonexis-
tence of UE-DTA solutions (Szeto & Lo, 2006). To keep the
problem tractable, this paper uses the SO principle, based on
which the SO-DTA problem can serve as a benchmark for eval-
uating the performance of the transportation system (Ma, Ban,
& Pang, 2014).

3 RESILIENCE ASSESSMENT METRICS

In order to investigate how the FCS failures impact the oper-
ation of the system, two perspectives are considered: system
performance and local components performance.

Let 𝜅 indicate a certain FCS failure with certain characteris-
tics. The cumulative throughput performance 𝜙𝜅(𝑡) is defined
to indicate the extent of the delay caused by the failure 𝜅 for
all the EVs by time 𝑡. The cumulative throughput performance
is calculated by the ratio of the actual cumulative arrivals in
case of the failure event 𝜅 to the expected cumulative arrivals
in case of no failure by time 𝑡:

𝜙𝜅(𝑡) =

∑
𝑖∈𝑆

∑
𝑙∈𝐿

∑
𝑟∈ 𝑥𝑙,𝑟𝑖,𝐼𝐼 (𝑡)∑

𝑖∈𝑆
∑

𝑙∈
∑

𝑟∈ 𝑥𝑙,𝑟𝑖,𝐼 (𝑡)
(25)

where 𝑥𝑙,𝑟𝑖,𝐼 (𝑡)∕𝑥
𝑙,𝑟
𝑖,𝐼𝐼 (𝑡) is the occupancy in sink cell 𝑖with energy

level 𝑙 along route 𝑟 at time 𝑡 under FCS normal/failure con-
ditions; 𝑥𝑙,𝑟𝑖,𝐼 (𝑡) denotes the decision variable 𝑥𝑙,𝑟𝑖 (𝑡) of the first
stage problem presented in Section 2.1; 𝑥𝑙,𝑟𝑖,𝐼𝐼 (𝑡) is the decision
variable of the second stage problem developed in Section 2.2.

The lower the value of 𝜙𝜅(𝑡), the more users are delayed and
remain on the road by time 𝑡 and the more performance of the
system is lost.

One broadly accepted resilience metric is defined as follows
(Nogal & Honfi, 2019; Ouyang & Fang, 2017):

𝑅 =
∫ 𝑇ℎ
𝑇0

[100 − 𝑃 (𝑡)]𝑑𝑡

𝑇ℎ − 𝑇0
(26)

where 𝑇0 and 𝑇ℎ are the initial and end times of the considered
time horizon, respectively, and, 𝑃 (𝑡) is the percentage loss of
system performance at time 𝑡. Eq. (26) measures the resilience
by the average performance over the investigated time horizon.

Since the time is discretized in our model, Eq. (26) is modi-
fied and the resilience of the system in terms of the cumulative
throughput performance is defined in the following equation:

𝜒𝜅 =

∑𝑇ℎ
𝑇0
𝜙𝜅(𝑡)

𝑇ℎ − 𝑇0
(27)

FCSs and routes are the main components in the studied
system and their utilizations are calculated, respectively, to
explore how the failures impact the operation of these local
components. The cumulative utilization of FCS 𝑖, 𝜂𝑖(𝑡), is
defined to quantify the contribution of FCS 𝑖 to EVs charging
by time 𝑡. It is calculated as the ratio of the cumulative ener-
gies (energy levels) supplied by FCS 𝑖 by the same time 𝑡 to the
cumulative energies supplied by all FCSs in the studied system
by time 𝑡. The cumulative utilization 𝜂𝑖,𝐼 (𝑡) of FCS 𝑖 by time 𝑡
under no failure conditions is formulated as follows:

𝜂𝑖,𝐼 (𝑡) =
∑𝑡

𝑠=0
∑

𝑙∈
∑

𝑟∈ 𝑥𝑙,𝑟𝑖,𝐼 (𝑠) ⋅ 𝛼
𝑠
𝑖,𝐼∑𝑡

𝑠=0
∑

𝑖∈𝐶
∑

𝑙∈
∑

𝑟∈ 𝑥𝑙,𝑟𝑖,𝐼 (𝑠) ⋅ 𝛼
𝑠
𝑖,𝐼

,∀𝑖 ∈ 𝐶 (28)

where
∑𝑡

𝑠=0
∑

𝑙∈
∑

𝑟∈ 𝑥𝑙,𝑟𝑖,𝐼 (𝑠) indicates the summation of EV
occupation counts at FCS 𝑖 in each time interval over the time
period from the beginning to the 𝑡-th time interval. Taking into
account the multiplier of the charging speed at FCS 𝑖, 𝛼𝑠

𝑖,𝐼 , the
numerator denotes the cumulative energies (energy levels) sup-
plied by FCS 𝑖 by time 𝑡. It should be noted that Eq. (28) does
not consider the chargers that are not being used.

The flowchart of the proposed framework is shown in Fig.
2 . Within this framework, the input data is mainly composed
of three parts: configuration of ERN, traffic demand, and fea-
tures of FCS failures. For the ERNs, the needed information
includes network structures, length, capacity and free-flow
speed of roads, location, capacity (number of chargers), and
charging speed (charging power) of FCS. The traffic demand
includes the origins, destinations, initial states of charge and
vehicles’ driving ranges. The third part of the data contains
locations and durations of FCS failures. In the first stage, the
traffic demand and configuration of the ERN are input into
the SO-DTA-E&C model presented in Section 2.1. Then, the
traffic assignment solution can be obtained for FCS normal
conditions. Then, the traffic assignment solutions for the time
periods before FCS failure, failure features, post-failure traffic



10 Hongping Wang ET AL

Traffic demandSO-DTA-E&C 
(2.1)

Traffic assignment 
solution Profile of FCS 

failures

Second stage model (2.2)

Traffic assignment solution 
under FCS failure 

conditions

Performance assessment 
(3)

Configuration 
of ERN

Input
data

Fig. 2 Flowchart of the proposed framework.

demand, and the studied network configuration are input into
the second stage model proposed in Section 2.2. Based on the
traffic assignment solutions obtained from the two stages, local
components (FCSs) performances and global system resilience
can be assessed according to the metrics developed in Section
3.

4 NUMERIC EXAMPLE

It should be noted that the proposed model is able to handle
scenarios in which few chargers fail to work at one station and
the others still work. Such failure scenarios might be more
common and usually have low or negligible impacts on the
transportation system, i.e., they are so-called high frequency
low impact events. On the other hand, from a system resilience
perspective, the present paper focuses on low-frequency high
impact events, where an entire FCS fails, or several FCSs
fail simultaneously. These events, although with relatively low
likelihood, can occur in extreme cases such as power blackouts
and extreme weather events. From a global risk perspective
(Franco et al., 2020), it is reported that extreme weather events
(e.g., floods, storms) and natural disasters (e.g., earthquakes,
tsunamis) dominate (1st and 3rd) in terms of likelihoods and
impacts (rank 5th and 6th). Cyberattacks and breakdowns of
critical information infrastructures have similar impacts but
lower likelihoods compared to natural disasters. Therefore, it is
of high practical significance to study these high-impact events
to help identify the worst-consequence scenario and manage
the resilience of the studied system.

4.1 Data description
The network from (Nguyen & Dupuis, 1984) is adopted here,
since it is a representative network and widely employed in lit-
erature (Long & Szeto, 2019; Ukkusuri et al., 2012; X. Zhang
& Mahadevan, 2017). Although the size is not large, the struc-
ture is complex enough to illustrate the proposed framework.
It is modified here by adding 4 FCSs. The FCSs are assumed
to be only equipped with DC fast chargers and 20 chargers
are installed at each station. They provide charging through
480V AC input. They can deliver 60 to 80 miles of range in 20
minutes of charging (U.S. Department of Energy, 2019).

We take the time step 𝜏 = 6 min and the free-flow speed
𝑣𝑓 = 50miles/h. In 2018, the median of the EV distance ranges
on full charge is estimated to be 125 miles, as reported by the
U.S. Department of Energy (2020). This data is used as the
average maximum driving range of EVs in this study. There-
fore, the total energy levels amount to 25 levels using Eq. (3).
The charging power for each charger is 60 - 80 miles per 20
minutes, i.e., with a charging speed of 3.6 - 4.8 energy levels
per time period. For simplicity, we set 𝛼𝑡

𝑖,𝐼 = 4 energy lev-
els per time period in normal conditions. All used data and
parameters are uploaded to Supplementary material (H. Wang,
Abdin, Fang, & Zio, 2021).

4.1.1 Initial energy levels
In this paper, we distinguish the vehicles by whether they
have charging demands en-route rather than their motor types
(gasoline-powered or electricity powered), since the EVs with-
out the charging demands en-route have the same route choices
behavior as the gasoline-powered vehicles. Since the objective
function is to minimize the total travel time of all vehicles, the
vehicles with and without charging demands en-route cooper-
atively use the limited resources of both road capacities and
charging facilities and, thus, no competitive behaviors among
them.

EV penetration levels are investigated in this paper, which
is modeled by the initial energy levels (IELs) of EVs. These
EVs with high initial energy levels have no charging demands
during their trips, then can be regarded as non-EVs. In order
to systematically investigate the impacts of different EV pene-
tration levels, we conduct the proposed method on 5 scenarios
with different IEL settings under a certain failure event. The
IELs of EVs are mapped into 6 sets: Very Low (VL), low (L),
medium (M), high (H) and very high (VH). Suppose an EV has
an IEL 𝐿𝐼 and needs to travel from A to B. 𝐿𝑆𝑃∕𝐿𝐿𝑃 is the
required IEL for completing the shortest/longest path between
A and B. 𝐿𝑁𝐹𝐶𝑆∕𝐿𝐹𝐹𝐶𝑆 is the required IEL for arriving at
the nearest FCS (NFCS)/farthest FCS (FFCS) from A, which
is less than or equal to 𝐿𝑆𝑃 . Their relationships is illustrated
in Fig. 3 . When we say the required IEL, we only consider
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Fig. 3 The range of the initial energy level.

the energy levels consumed by traveling the physical distance
from the origin to the certain place and the time-dependent
energy consuming is not considered for the moment. Set VL
includes the IELs of EVs, which can not support EVs to arrive
at the NFCS from the origin, VL= {𝐿𝐼 < 𝐿𝑆𝑃 }. If the IELs
allow EVs to reach between the NFCS and the farthest FFCS,
the IELs belongs to set L, L= {𝐿𝑁𝐹𝐶𝑆 ≤ 𝐿𝐼 ≤ 𝐿𝑁𝐹𝐶𝑆}. Set
M includes the IELs allowing EVs to reach between the FFCS
and the destination by the SP, M= {𝐿𝑁𝐹𝐶𝑆 < 𝐿𝐼 ≤ 𝐿𝑆𝑃 }.
Set H includes the IELs allowing EVs to reach the destination,
H= {𝐿𝑆𝑃 < 𝐿𝐼 ≤ 𝐿𝐿𝑃 }. The rest of IELs allowing EVs to
reach the destination and left extra electricity, belong to VH,
VH= {𝐿𝐼 > 𝐿}. If IELs of EVs are in the set VH, these EVs
can be regarded as non-EVs since they do not have to charge
en-route, no matter which route they choose. The specific inter-
vals of energy levels for each set and O-D pair are listed in Tab.
2 .

The IEL 𝐿𝑆𝑃 for completing the SP determines the min-
imum upper bound of the IEL of the EV that needs to be
recharged en-route. The IEL 𝐿𝐿𝑃 for completing the LP deter-
mines the maximum lower bound of the IEL of the EV that it
does not need to be recharged en-route. Once 𝐿𝐼 < 𝐸𝑆𝑃 , then
the EV must be recharged on the way. If 𝐿𝐼 ≥ 𝐿𝑆𝑃 , whether
the EV needs to be recharged en-route is decided by which
route it will take.

Tab. 2 Intervals of energy levels for each set and O-D pairs
O-D Very Low Low Medium High Very High

<𝐿𝑁𝐹𝐶𝑆 ≤ 𝐿𝐹𝐹𝐶𝑆 ≤ 𝐿𝑆𝑃 ≤ 𝐿𝐿𝑃 > 𝐿𝐿𝑃
1-10 [1,4] [5,6] [7,10] [11,13] [14,25]
1-29 [1,4] [5,10] [11] [12,14] [15,25]
11-10 [1,3] [4,8] [10,11] [12] [13,25]
11-29 [1,3] [4,8] [9] [10,13] [14,25]

The percentage distributions of the IELs for the 5 scenarios
are shown in Tab. 3 . In all scenarios, we assume that there

are 100 departures for each O-D pair at each time step and the
distribution of the IELs of EVs remains the same within the
maximum departure time. The 5 scenarios can be regarded as
different EV penetration levels, ranging from at least 90% to at
least 50% of vehicles being not EVs.

The certain failure event 𝜅𝑏 is assumed to occur at the 10th
time step and to be restored after one hour (at the 20th time
step) for FCS 41. This failure event can be modelled in the
second stage model by changing the value of parameter 𝛼𝑡

𝑖,𝐼𝐼 ,
which denotes the charging speed at FCS 41 at time 𝑡 in the
second stage model. To model failure event 𝜅𝑏, 𝛼𝑡

41,𝐼𝐼 is set to
4 for 𝑡 ∈ {0,⋯ , 9}, meaning that each charger at FCS 41 in
each time interval can supply 4 energy levels from time 0 to
9; 𝛼𝑡

41,𝐼𝐼 , 𝑡 ∈ {10,⋯ , 19} is set to 0, indicating that all the
chargers at FCS 41 are failed from time intervals 10 to 19, and
cannot provide charging service during this period; 𝛼𝑡

41,𝐼𝐼 is
set to 4 again for the rest time horizon to represent the service
restoration of the chargers.

Tab. 3 Distribution of IELs for each scenario
Scenarios VL L M H VH

𝑆1 0% 3% 3% 4% 90%
𝑆2 0% 6% 6% 8% 80%
𝑆3 0% 10% 10% 10% 70%
𝑆4 0% 13% 13% 14% 60%
𝑆5 0% 16% 16% 18% 50%

4.1.2 Characteristics of the failure
In order to illustrate the proposed model and explore how the
system performs under various scenarios, the failures in FCSs
have to be characterized. In this section, two main character-
istics of the failures are considered: duration and location. In
this section, let the settings of IELs in all scenarios follow the
𝑆2 and failure event 𝜅𝑏 as a reference to other scenarios. The
failure occurrence time in all scenarios start at the 10th time
step.

Duration of the failure varies from half an hour (5 time
steps) to two hours (20 time steps), while the failure location
is kept at No. 41, which is denoted as 𝜅𝑑5, 𝜅𝑑15, 𝜅𝑑20, respec-
tively. Assume the failure duration is one hour and the failure
is located at each FCS in the studied network, which is denoted
as 𝜅𝑙38, 𝜅𝑙44, and 𝜅𝑙47, respectively. If two or more FCSs are
connected to a same power grid, once outages occur in this
power grid that might cause these FCSs to become unavailable,
simultaneously. Thus, we simply investigate scenarios which
are permutations of two FCSs in the studied network failing
simultaneously. The specific profile of each failure is listed in
Tabs. 4 and 5 .
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Tab. 4 The profile of the failure in each scenario

Failures Duration (time steps) Location
𝜅𝑑5 𝜅𝑑15 𝜅𝑑20 𝜅𝑏 𝜅𝑙47 𝜅𝑙38 𝜅𝑙44

Duration 5 15 20 10 10 10 10
Location 41 41 41 41 47 38 44

4.2 Results and analysis
4.2.1 Cumulative throughput performance
Figs. 4 and 5 show the total travel time by all users and
the system resilience under different scenarios, respectively.
The obtained results allow for an intuitive explanation. For
example, we observe that the distributions of the objective val-
ues and of the resilience values have a opposite trend; Figs.
4 and 5 show that more EVs with lower IELs (higher EV
penetration) cause lower resilience values and higher objec-
tive values; longer failure duration leads to lower resilience and
higher objective values; resilience and objective value vary of
different failure locations. Generally, two FCSs failing simul-
taneously cause more performance loss and longer total travel
time than one FCS failure.

Additionally, Fig. 6(a) shows that as EV penetration
increases, the total travel time of the entire system increases
steadily, i.e., users expect to take a longer time to reach their
destinations due to the increase in charging demand. In Fig. 4
under failure event 𝜅𝑏, when the EV penetration rate increases
from 10% to 20%, the system resilience in terms of cumula-
tive throughput is reduced the most (0.3%). As EV penetration
further increases, the marginal reduction in system resilience
becomes smaller. This is probably due to the fact that the
impact of FCS 41 failure (𝜅𝑏) on system resilience is limited
by its service capacity.

Comparing among different scenarios, we could find that
FCS 41 plays an extremely important role in this studied net-
work. The system performance loss of FCS 41 failure for 10
time steps is more than that of FCS 47 and 38 failing simul-
taneously for 10 time steps. The system performance loss of
FCS 41 failure for 15 time steps is even more than that of the
combination of any two FCSs failing simultaneously for 10
time steps. We discuss why FCS 41 is extremely important in
Section 4.2.2.

Figs. 6 (a) - 6 (d) show the system performance evolution
over time under different scenarios. We can observe that the
changes in system performance lag behind the failure changes.
This is because the system performance is calculated based on
the number of EVs in the sink cell, while the delayed EVs need
time to arrive at the sink cell from the failure location. There-
fore, system performance would not be impacted until the
influenced EVs arrive at the sink cell. As shown in Fig. 6 (a),
the system performance may increase temporarily, but it will
eventually oscillate down because of the failure. Additionally,
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Fig. 5 Resilience under different scenarios

it can be found that the system performance needs longer time
to recover when there are more EVs with lower IELs (higher
EV penetration). This is because such failure causes more EVs
to be delayed. Fig. 6 (b) shows that the longer failure duration
would result in the system performance decreasing to a worse
point. Fig. 6 (c) shows that the system performance variation
under failure 𝜅𝑏 lags behind other scenarios. This is because
FCS 41 is farthest to the destinations. As shown in Fig. 6 (d),
when the failure scenarios involve No. 41, the system needs a
longer time to recover.

4.2.2 Cumulative utilization of FCSs
Fig. 7 shows the evolution of the cumulative utilization of
FCSs over time under different settings of IELs shown in Tab.
3 . 𝑆2 is the same to Fig. 8 (b). 𝑆4 is omitted here, since the
cumulative utilization of FCSs under such a scenario has simi-
lar trends to that shown in Figs. 7 (b) and 7 (c). The the same
colors denote the same FCS. The lines and the circles lines
denote the FCS normal and failure conditions, respectively.

As shown in Fig. 7 (a), after failure occurs, the cumulative
utilization of FCS 41 immediately decreases and the cumula-
tive utilization of other FCSs increase to varying degrees. After
the failed FCS is restored, the cumulative utilization of FCS
41 gradually increases but is still less than that of the normal
conditions. It means some EVs change the routes and chose to
charge in other FCSs because of the failure. As in Fig. 7 , FCS
41 contributes always the most charging service among all the
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Tab. 5 The profile of the failure in each scenario
Failures 𝜅41−47 𝜅41−38 𝜅41−44 𝜅47−38 𝜅47−44 𝜅38−44

Duration (time steps) 10 10 10 10 10 10
Location 41&47 41&38 41&44 47&38 47&44 38&44
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(d) Evolution of system performance under different failure combina-
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Fig. 6 Evolution of system performance under different sce-
narios

FCSs in all studied scenarios. This is because FCS 41 occu-
pies an important position in the topological structure of the
network. Firstly, the FCS is deployed at an intersection where
there is more traffic flow. Secondly, FCS 41 is the nearest FCS
both from source cells 1 and 11, meaning that only FCS 41 can
provide services for EVs with low IEL departing from the two
source cells. Once FCS 41 fails, these EVs with low IEL can
only wait until it recovers, since their remaining energies are
not enough to support them to reach the next FCS. This result
implies that it might be beneficial to deploy FCSs close to city
gate entrances of highways to provide much-needed charging
services for vehicles with low IEL. The reliable operation of
these FCSs is also important to enhance the global resilience
of the ERN.

Different distributions of IELs of EVs make the ranking of
cumulative utilization different. For example, the cumulative
utilization of FCS 44 is the lowest in𝑆1, whereas its cumulative
utilization increases to the second place in the rest scenar-
ios, as shown in Figs. 7 (a) - 7 (c). This is because FCS44
locates at the road section shared by all O-D pairs in the net-
work. Thus, both FCS 41 and 44 can serve more EVs when EV
penetration increases, comparing to FCS 38 and 47 that only
serve 2 O-D pairs. We also can observe that the cumulative
utilization difference of FCSs between the normal and failure
conditions becomes smaller with more EVs equipped by lower
initial energy levels (higher EV penetration). More EVs with
lower initial energy levels would make FCSs in the studied net-
work busier. When a FCS fails, more influenced EVs could
not change their charging place to reduce the total travel time,
since other FCSs are also very busy. Even if they drive to other
FCSs, this would not save much time for them because of extra
driving and waiting time needed. Therefore, the performance
of the system decreases with increasing EV penetration.

Figs. 8 (a) - 8 (d) show the cumulative utilization evolu-
tion of each FCS over time under the scenarios that the failure
occurs in different FCSs. When FCS 38, 41 and 47 fails,
respectively, cumulative utilization of FCS 44 always absorbs
the influence of the failure most among all FCSs, because of
its advantageous location, although the increased degree varies
with the scenarios.
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Fig. 7 Evolution of cumulative utilization of each CS over
time under different initial energy levels settings.

5 CONCLUSIONS

This paper proposes a framework to assess the resilience of
the electrified road network (ERN) considering failures in
fast-charging stations (FCSs), which are rarely considered in
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Fig. 8 Evolution of cumulative utilization of each CS over
time under scenarios with different failure locations
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this context. Within this framework, a novel linear program-
ming model based on the cell transmission model (CTM) is
developed to estimate the system states by solving the system
optimal dynamic traffic assignment model. This model orig-
inally contains new factors that EVs bring in CTM, such as
charging cells (links), queueing cells (links), and energy lev-
els, so that the profiles of FCSs, driving ranges of electric
vehicles (EVs), and state of charge (SoC) of EVs at each time
step can be described. Considering the potential failures in the
FCSs, a two-stage model is further proposed considering the
uncertain nature of failures. Three metrics are presented for
assessing the resilience of the ERN and the impact of fail-
ures on the FCSs. A numerical example is studied to illustrate
the effectiveness of the proposed framework in assessing ERN
resilience. The results show that the resilience of an electri-
fied transportation system, quantified by the cumulative traffic
throughput, is highly affected by the penetration level of EV,
as well as the intensity of the FCS failures (i.e., failure dura-
tion, number of simultaneously failed FCSs). More EVs with
lower initial energy levels (higher EV penetration), longer fail-
ure duration, and two failures occurring simultaneously could
generally cause lower system resilience in terms of cumula-
tive throughput performance. The FCS (No. 41) nearest to the
highway network’s entrances has the highest utilization. Thus,
it could cause severe loss of the system performance once it
fails. The FCS (No. 44) on the shared road sections by multiple
destinations could absorb more impacts of the failures when
other FCSs fail.

The result implies that deployed FCSs at the highway
entrance could provide much-needed charging services for
owners who forget to charge before their trips. The normal
operation of these FCSs is also critical, which helps to enhance
the ERN’s resilience. The results showed the reduction of the
cumulative performance remains within 2% before the system
is recovered. The reason is that the studied network is robust
to the considered failure scenarios. Indeed, the deployment of
FCSs is dense, and the number of chargers in each FCS is also
relatively large in the studied ERN.

The results of the proposed two-stage model could be used
as a benchmark to analyze the spatial-temporal traffic distri-
bution and charging demand. The proposed framework allows
us to identify the critical components (different importance of
FCSs) for ERN resilience. Such quantitative information could
provide guidance to operators to improve the system resilience
against FCS failures, e.g., by identifying at which FCS the
backup electricity should be primarily installed against poten-
tial power blackout. The computational times are influenced
by many factors, such as the maximum time horizon, traffic
demand, topology of the ERN, configuration of the FCSs, EV
penetrations and their battery capacities. It should be noted
that the proposed models are LPs, which can be solved very

efficiently using standard polynomial time algorithms. More-
over, computational time analysis is not the main interest of
this paper. For more detailed discussions, please refer to the
Supplementary Material (H. Wang, Abdin, et al., 2021).

Other topics for further research include user equilibrium
conditions, optimal allocation of FCSs considering constraints
from the electric distribution system and the ERN, and uncer-
tainties in traffic demand. The proposed model framework can
be easily extended to study other disruptive scenarios like road
damages caused by extreme weather events leading to inacces-
sibility of the FCSs. This is interesting for future extensions of
the modeling framework. Future studies could investigate the
uncertainties of FCS failure events by considering their like-
lihoods of occurrence and the possible duration and location.
For example, this can be based on an empirical analysis of his-
torical data. It is a promising direction to improve the efficiency
of the current model by cooperating with the link transmission
model (Long & Szeto, 2019). It is also promising to employ
queue-model-based or simulation methods to solve the user
equilibrium dynamic traffic assignment problem in the context
of the ERN.
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