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NOTATIONS

Set of links

Set of dummy links

Construction budget for charging stations in period t

Set of travel demand uncertainty of vehicle class m for each O-D pair (7, s) in period t
Total system travel time

Total penalty of unused charging station capacity

Set of paths of each vehicle class m for each O-D pair (r, s) in each period t
Length of link (i, j)

Set of vehicle classes

Set of nodes

Set of dummy nodes with existing refueling stations

Set of dummy candidate nodes for construction of charging stations

Set of dummy nodes with existing charging stations

Travel demand uncertainty set

driving range of class m vehicle in period t

Set of O-D pairs

Delay for link (i, j) in period t

Pseudo delay of dummy link (j,j") for class m in period t

Binary variable that determines whether link (i, j) is a part of feasible path of travelers
between O-D pair w for class m in period t
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NOTATIONS (CONTINUED)

Flow of vehicle class m travelers of O-D pair w between link (i, j) in period t
Minimum acceptable refueling demand to maintain refueling station j

Construction cost of charging station of node i at period t

Charging/refueling capacity of charging/refueling station at node j

Binary variable that indicates whether scenario e is realized for vehicle class m of O-D
pair (r,s) in period t

Travel demand of vehicle class m of O-D pair (7, s) under scenario e in period t
Aggregate travel demand of O-D pair (r, s) under scenario e in period t
Realized travel demand of vehicle class m of O-D pair (r, s) in period t

Traveler distance just before visiting node i from the last-visited charging station for
travelers of O-D pair w for class m in period t

. Traveler distance after visiting node i from the last-visited charging station for travelers

of O-D pair w for class m in period t

Traffic flow of link (i, ) in period ¢

Set of periods

UE link flows for each q

Weight of total system travel time

Weight of total penalty of unused chargers in the objective function

Value of time of travelers in period t
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NOTATIONS (CONTINUED)

kijrs: Pathindicator, 1 if the link (i,)) is on path k for vehicle class m travelers of O-D pair

(r,s) in period t, and O otherwise

Uncertainty budget in period t

Penalty for unused charging station capacity

Conversion factor to calculate the present value of cost of period t

Conversion factor for travelers’ travel cost and unused charging station capacity
Constant interest rate

A sufficiently large number

Binary variable, 1 if link (i, j) belongs to the shortest path, and 0 otherwise
Remaining charge or fuel level at node i after recharging or refueling, respectively
The recharging or refueling amount at node i

Auxiliary variable, 0 if link (i, j) belongs to the shortest path, 1 otherwise

Maximum refueling or recharging amount that can be provided at node i for vehicle class
m in period t

Operation status of refueling station at node i and period t
Operation status of charging station at node i and period t
Travel time of travelers of O-D pair w for class m at node i and in period t

Imposed excessive travel time between link (i, j) for travelers of class m between O-D
pair w at period t

capacity of charging station i
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BEV

CAV

EV

ER-EVs

FCEVs

GPS

HEVs

ICEV

NGSA-II

O-D

PHEVs

SoC

TOPSIS

WCL

WPT

LIST OF ACRONYMS

Battery Electric Vehicles

Connected and Autonomous Vehicle

Electric Vehicles

Extended-range Electric Vehicles

Fuel Cell Electric Vehicles

Global Positioning System

Hybrid Electric Vehicles

Internal Combustion Engine Vehicle
Non-dominated Sorting Genetic Algorithm 11
Origin-Destination

Plug-In Hybrid Electric Vehicles

State of Charge

Technique for Order of Preference by Similarity to Ideal Solution
Wireless Charging Lanes

Wireless Power Transfer
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Transportation
decision-maker

EV charging
facility planning

Traffic network
user equilibrium

Dynamic charging
Charging station
Charging station
capacity

EV driving range
EV charging
facility method

Static charging

Wireless charging
lane

Market penetration

LIST OF COMMONLY USED TERMS

A road agency that owns the roadway infrastructure. This agency is
responsible for constructing electric charging facilities. In some
cases, charging facility types are provided by a private-sector entity
through lease, through design-build-operate contracting, or as
infrastructure owned/operated independently of the road network. In
such cases, the transportation decision-maker is the road agency that
makes the investment decisions in conjunction with the private-
sector entity.

Long-term decision-making on electric charging infrastructure,
regarding location, year of installation/construction, and charging
capacity.

Users of a congested road network, seeking to determine their travel
paths of minimal cost from their origins to their respective
destinations, choose their most convenient path selfishly. At
equilibrium, the number of trips between an origin and a destination
equals the travel demand given by the market price (i.e., the travel
time for the trips), and all users sharing the same origin and
destination experience the same travel time.

Charging an EV while it is moving.

Equipment that connects an EV to a source of electricity to recharge
it using a connector (cable).

Number of travelers that can use the EV charging station per unit of
time.

The estimated distance an EV can drive at a given quantity of
battery level.

Static or dynamic charging.

A method of charging an EV that requires the EV to be still.

Equipment that recharges an EV without a connector (cable) while
the EV is moving.

Measure of how many EVs/ICEVs are being purchased by travelers.
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ABSTRACT

The rising demand for EVs, motivated by their environmental benefits, is generating increased
need for EV charging infrastructure. Also, it has been recognized that the adequacy of such
infrastructure helps promote EV use. Therefore, to facilitate EV adoption, governments seek
guidance on continued investments in EV charging infrastructure development. The high cost of
these investments motivates governments to seek optimal decisions on EV-related investments
including EV charging infrastructure, and such decisions include locations, capacities, and
deployment scheduling of such infrastructure. Additionally, uncertainties in travel demand
prediction and EV driving range constraints need to be considered in EV infrastructure investment
planning. To help address these questions, this thesis developed a framework to establish optimal
schedules and locations for new charging stations and for decommissioning gasoline refueling
stations for any given network over a long-term planning horizon, considering uncertainties in
travel demand forecasts and EV driving-range heterogeneity. To address the uncertainties, the
proposed framework is formulated as a robust mathematical model that minimizes the worst-case
total system travel cost and the total penalty for unused charging station capacity. This study uses
an adaption of the cutting-plane method to solve the proposed model. In the numerical analyses,
the performance of the robust framework and its deterministic counterpart are compared. The
results show that the optimal robust plan outperforms the deterministic plan by yielding savings in
the costs of travel and electricity charging. The thesis also investigates the effects of investment
budget levels of robust planning. The numerical results throw light on the relationships between
higher investment levels and electric charging station deployment levels and consequently, the
savings in travel costs and impacts on unused charging capacity. The outcomes of this thesis can
help road agencies and related private sector entities enhance preparations towards infrastructure

investments to support electric charging stations in an efficient manner.

14



CHAPTER 1 INTRODUCTION

1.1 Background

Global concerns associated with the environment, climate change, and energy security continue to
motivate the transition from fossil fuel vehicles (also referred to as internal combustion engine
vehicles; ICEV) to other fuel types. Of the various types of alternative fuel vehicles, electric
vehicles (EVs) have been proven to be a viable option to replace ICEVs.

To support the ICEV—EV transition, governments and automakers globally continue to make
efforts, through policy and design, to increase the EV market share. For example, the United
Kingdom and France seek to end ICEV sales by 2040 (Racherla & Waight, 2018). Despite global
efforts, the current BEV market share is still limited worldwide. For example, according to recent
data, the EV market share is less than 2% in the United States, even though several incentive
programs to promote EV's have been implemented (Alternative Fuels Data Center, 2022; Highway
Statistics Series, 2022). However, the number of EV sales is growing. It is reported that in the third
quarter of 2023, total sales of EVs rose to around 7.9% of the brand-new vehicle market in the US
(CarEdge, 2023).

The lack of electric charging stations is well recognized as one of the barriers to EV adoption
in the US (Indiana Department of Transportation, 2022; Michigan Department of Transportation,
2022; New York Department of Transportation, 2022; Texas Department of Transportation, 2022).
Researchers have found that in addition to initiatives including enhancements to battery capacity,
reduction of recharging time, and increase in time-to-depletion, the provision of adequate electric
charging stations helps reduce the driving range anxiety of EV users and ultimately promotes the
EV penetration rate in the US (Cihat Onat et al., 2018; Coffman et al., 2016; Desai et al., 2021,
Fauble et al., 2022; Funke et al., 2019; Huang & Kockelman, 2020). Based on the ongoing efforts
in EV adaption, it is expected that the share of EVs in the sales market will grow over time and
jump to around 30% in 2023 (EVAdoption, 2023). Figure 1.1 shows a projection of the total sales
of EVs in the US market over the next 10 years.
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Figure 1.1. EV sales share prediction in US market (EVAdoption, 2023)

Franke and Krems (2013) argued that unless public authorities and private entities provide
adequate charging stations to satisfy EV charging demand, customers will not be willing to
purchase EVs. Due to the importance of charging stations, the US government recently provided
a $5-billion budget for building EV charging infrastructure across the nation’s highway network
(FHWA, 2022).

Such promotion of EVs is considered urgent in the current era for at least two reasons. First,
the reduction of greenhouse gases is a major goal of the Infrastructure Investment and Jobs Act
(IJA; Public Law 117-58), an unprecedented piece of transportation legislation signed by
President Biden in 2021. That legislation specifically targets climate change and therefore requires
the Federal Energy Regulatory Commission to require each state to consider measures to promote
greater transportation electrification, including the promotion of EV charging and improvement of
the customer experience with EV charging. With their zero-emissions feature, EVs are more
environmentally friendly and pose less threat to the climate and therefore are of great interest to
both public agencies and road users concerned with their environmental impact (Gardner et al.,
2013). Second, the shift from gasoline to electric propulsion is part of the broader national goal of
energy security, an issue that has gained prominence in the wake of the Russia-Ukraine war.

Similar to all infrastructure systems, the development of EV charging infrastructure must
balance investment level and usage. On the one hand, inadequate charging stations will cause

delays and frustration for EV users; on the other hand, an excessive number of stations will lead
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to excess idle time, underutilization of the stations, and, ultimately, a waste of resources.
Constructing adequate electric stations at well-chosen locations will decrease driving range anxiety
and, therefore, is paramount to facilitating EV promotion (Cihat Onat et al., 2018; Coffman et al.,
2016; Desai et al., 2021; Fauble et al., 2022; Funke et al., 2019; F. Guo et al., 2018; Huang and
Kockelman, 2020). From a broader perspective of infrastructure management, urban infrastructure
investment planning to promote EVs should first ensure that adequate levels of service are
consistently maintained for the customers (Kielhauser et al., 2017) (in the context of this thesis,
the customers are the EV users, and level of service refers to range anxiety). Second, it should

consider uncertainty and risk in the investment analysis inputs (Kielhauser and Adey, 2016).

1.2 Electric Vehicle Types

Different types of EVs have been introduced in the vehicle manufacturing industry. These EVs
differ mainly based on electricity storage technology, electric recharging type, and propulsion
force source. In this subsection, EV types and their important characteristics are introduced:

e Battery electric vehicles (BEVS): There is no internal combustion engine in BEVs, and
BEVs do not use any sort of liquid fuel. Therefore, BEVs are propelled only by electricity.
Different BEVs have different driving ranges that range from approximately 100 to 300
miles (Das et al., 2020; Sanguesa et al., 2021).

e Plug-in hybrid electric vehicles (PHEVS): This type of EV takes advantage of the hybrid
propulsion mechanism of an internal combustion engine and electricity power. PHEVsS
can be recharged by available electricity charging facilities (Das et al., 2020; Sanguesa et
al., 2021).

e Hybrid electric vehicles (HEVs): HEVs have the same propulsion mechanism as PHEVS:
a combination of a conventional internal engine and electricity power. However, HEVs are
different from PHEVs regarding the battery charging process. HEVS' batteries are not
recharged through available electricity charging facilities. Instead, the batteries in HEVs
are charged by the power generated by the internal combustion engine. For example, some
HEVs are able to generate electricity during braking (Das et al., 2020; Sanguesa et al.,
2021).
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e Fuel cell electric vehicles (FCEVs): FCEVs burn compressed hydrogen to generate energy,
and the generated energy is further converted to electricity. Water is the only material
produced as a result of this process. FCEVs cannot be charged by currently available
charging facilities (Das et al., 2020; Sanguesa et al., 2021).

e Extended-range electric vehicles (ER-EVs): ER-EVs are similar to BEVs; however, they
are equipped with combustion engines used for battery charging. More specifically, the
combustion engine does not generate any propulsion power and is not connected to the
wheels (unlike HEVs and PHEVs, which use internal combustion engines to generate

propulsion power too) (Das et al., 2020; Sanguesa et al., 2021).

1.3  Electric Charging Facilities

Three mechanisms for EV charging have been discussed in the literature: (i) static charging (using
charging stations), (ii) inductive/wireless charging (Chen et al., 2016), and (iii) battery swapping
(Adler et al., 2016). In the following, static and wireless charging are introduced in more detail.

Based on the power level of the charging equipment, the static charging method can be
classified further into three levels. Level 1 charges EVs using 120-volt AC outlets, which is the
lowest available voltage level in residential and business buildings in the US. So, level 1 is suitable
for residential locations. Level 1 is a cheapest charging facility and can be set up at residential
locations without any further required infrastructure. As level 1 provides a small amount of power,
the charging duration is relatively long and can reach 20 hours (Morrow et al., 2008; Khalid et al.,
2021; Kakkar et al., 2022). Level 2 provides a voltage of 240 volts for commercial AC electrical
services. Due to the higher power provided, users can charge their EVs in a shorter time (around a
few hours). Level 2 is suitable for public parking or residential buildings (Morrow et al., 2008;
Khalid et al., 2021; Kakkar et al., 2022). Level 3 uses 480-volt AC power service and is referred
to as “DC fast charging.” Level 3 is suitable for both public and commercial applications and is
similar to a gas service station. The charging duration with level 3 charging is less than one hour
(Morrow et al., 2008; Khalid et al., 2021; Kakkar et al., 2022).

Wireless charging takes advantage of electromagnetic fields to provide conductive
charging for EVs. Through this method, EV users can charge EVs wirelessly, without any cable

connection. Three types of wireless charging have been developed. The first is stationary wireless
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charging, which provides conductive charging at a static location (Das et al., 2020). The second is
dynamic wireless charging, which enables EV users to charge their vehicles while they are driving.
Therefore, they do not need stop at any charging stations (Das et al., 2020). The last type of
wireless charging is quasi-dynamic wireless charging. With this technology, EVs can still charge

in motion but at a slower speed than dynamic wireless charging (Das et al., 2020).

1.4 Problem Statement

There is a need to determine a model for the optimal location of level-3 electric charging stations
in order to satisfy the charging demand of travelers for intercity trips during the transition period
on the path toward full EV fleet market share. Due to their fast-charging technology, these types
of EV charging stations are suitable for rural networks. Therefore, travelers can charge their EVs
in a few minutes and continue their journeys. In addition to prospective new locations for the
construction of electric charging stations, current gasoline (including diesel) refueling stations
serve as candidate locations for installing EV charging stations. However, it is expected that ICEVs
(which patronize gasoline refueling stations) will continue to constitute a major part of the roadway
traffic fleet during most of the transition period. Therefore, their refueling needs will have to be
addressed. As the market share of ICEVs decreases during the transition period, an increasing
number of gasoline refueling stations will experience low demand and ultimately become
candidates for decommissioning or repurposing as EV charging stations. In this study, therefore,
it is assumed that refueling stations are decommissioned only when their demand falls below a
certain threshold. Moreover, there is great variability in the driving ranges across the different EV
classes and across different manufacturers. For example, the driving ranges of the Nissan Leaf and
Tesla Model X are approximately 150 and 300 miles, respectively (Insideevs, 2018). As such, this
study accounts for the driving range heterogeneity of EVs.

In practice, the task of locating EV charging infrastructure on a road network has been
identified as a constituent aspect of the strategic plans of service providers and governments over
long planning horizons. Due to the long-term horizon that is typical of agency strategic plans, the
service provider needs to carry out a strategic network design that accommodates EV charging
demand. Such demand is influenced by the EV adoption rate and the driving behavior of travelers.

Over the next few decades, the EV adoption rate is generally expected to increase, but the rate of
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increase is uncertain due to factors including initial price sensitivity, energy cost, range reliability,
and charging infrastructure availability (Liu & Lin, 2016). Further, fast-growing technological
advancements and disruptive technologies, including electric automated vehicles, are expected to
exacerbate the uncertainty in travel demand and driving patterns over the next few decades. Given
the uncertainty in the EV adoption rate and driving behavior, it can be argued that EV charging

demand can also be expected to be highly uncertain.

1.5 Problem Objectives

This study seeks to duly and explicitly consider the uncertainty in EV charging demand over a
long-term planning horizon (that is, on the order of several years) to locate EV charging stations
to serve intercity travel. As stated earlier, the uncertainty in electric charging demand can be
attributed to uncertainty in travel demand forecasts over a long-term planning horizon. In practice,
there is inherent uncertainty in forecasting travel demand over a long-term planning horizon, and
the accuracy of travel demand forecasts declines with the length of the planning horizon. In other
words, near-term travel demand forecasts are more accurate or reliable compared to medium- or
long-term forecasts. This demand uncertainty could be attributed to changes in land use or
economic and demographic characteristics. However, this has not been addressed in the context of
EV charging station location and therefore represents another gap in the literature. In mathematical
programming, there are two methods to address such uncertainty. The first, stochastic
programming, assumes different probabilities of occurrence for different scenarios (Dantzig, 1955).
However, estimating this probability distribution is difficult in practice. The second method
proposes the concept of a robust approach that optimizes the system against the worst-case
scenario while circumventing the need to estimate the probabilities of different scenarios
(Bertsimas & Sim, 2003). This has been applied previously for network design with demand
uncertainty (Lou et al., 2009). In this study, the second method is adopted as it seeks to develop a
robust design of EV charging station locations under travel demand uncertainty. This study
formulates this as a multiobjective optimization problem that seeks to reduce the maximum total
system travel time and the costs associated with unused charging station capacity over a long

planning horizon.
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In summary, the objectives of this study in relation to the literature are as follows: This study
seeks to develop a robust design for a network of electric charging stations to address the
uncertainty of travelers' refueling and electric charging demands. The study also seeks to develop
a framework that prepares the charging infrastructure during the transition stage by gradually
decommissioning existing refueling stations in the context of intercity trips. The third contribution

is the consideration of the driving range heterogeneity of EV batteries.

1.6  Scope of the Study

This thesis considers electric charging station planning from the perspective of two key
stakeholders: the owner (an urban road agency) and EV users. As Adey (2018) pointed out, the
management of any infrastructure should address effectiveness and efficiency goals from the
perspectives of the key stakeholders. In this regard, the urban road agency, a key stakeholder in
the analysis of this thesis, provides the investment resources for deploying the electric charging
stations. The objectives of this stakeholder and of the EV users include effectiveness in terms of
and efficiency in terms of EV facility deployment expenditure, EV users’ travel-time cost, EV
charging station capacity underutilization, and fees paid by the EV users. The electric charging
stations to be deployed are Level 3 fast charging and are open to all EV users without any
restrictions. In its investment planning framework, this thesis does not present or capture a demand

prediction model.

1.7 Organization of the Thesis

The remaining sections are structured as follows: Section 2 presents a literature review on EV
charging station planning. Next, the proposed methodology and solution algorithm are introduced
in Section 3. Section 4 discusses the numerical experiments that compare the performances of
robust and deterministic designs of electric charging station locations under travel demand
uncertainty forecasts. Finally, the study’s insights and concluding remarks are provided in Section
5.

Most parts of this thesis are reprinted from the article Pourgholamali et al. (2023) with

permission from the Journal of Infrastructure Systems by the American Society of Civil Engineers.

21



CHAPTER 2 LITERATURE REVIEW

2.1 Introduction

EV charging facilities supply electrical energy for charging EVs, and, therefore, the operation of
EVs depends on them. It is important to make effective decisions on constructing new facilities to
promote EV adoption. These decisions involve many aspects of EV charging facilities, such as the
types of charging facilities, their locations, and their charging levels. There are three levels of EV
charging facilities: level 1, level 2, and level 3. These levels of EV charging facilities are mainly
different in the output electricity power provided. In this regard, levels 1 and 2 are known as slow
charging, and level 3 is called fast charging. Some studies have focused on slow EV charging
facilities (i.e., Frade et al., 2011; Jia et al., 2014). For example, Frade et al. (2011) proposed a
model for locating slow-charging facilities to maximize demand coverage while keeping the
service level within an acceptable range. The majority of the studies in the literature have focused
on fast-charging facility planning (i.e., Miralinaghi, Keskin, et al., 2016; Amjad et al., 2018;
Dominguez-Navarro et al., 2019; Kchaou-Boujelben and Gicquel, 2020; Jordan et al., 2022;
Tungom et al., 2023). As the focus of this study is the locating of charging stations, this chapter
includes a literature review on electric charging facility locating problems. First, a brief overview
of different levels of electric charging stations is presented. Next, the studies on fast (or level 3)
electric charging stations are reviewed in two subsections: deterministic and uncertain demand

assumptions. And last, a review of wireless electric charging lanes is presented.

2.2 Electric Charging Location Problems

There is an extensive body of research on EV charging station planning. These studies have
covered different aspects, including charging technologies (Brenna et al., 2020; Fisher et al., 2014;
Shevchenko et al., 2019); travelers’ behaviors and preferences in electrification (Y. Guo et al.,
2021, 2022); and optimal charging station configuration (Bai et al., 2019; Kchaou-Boujelben &
Gicquel, 2020; Kinay et al., 2021; Yildiz et al., 2019). This study relates to only the past studies
on optimal charging station planning, which can be classified into two groups based on EV

charging demand assumptions: deterministic and uncertain (stochastic).
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2.2.1 Deterministic Demand

The first group deals with locating stations under the assumption of deterministic refueling demand.
Zheng et al. (2017) determined the optimal locations of EV charging stations to minimize the total
system travel time and electricity consumption of travelers. Arslan and Karasan (2016) developed
a mixed-integer program for the EV charging station location problem, where the goal of the road
infrastructure agency is to maximize the distance traveled by EVs. They solved the problem by
using the Benders decomposition technique with Pareto-optimal cut implementations, which
significantly reduced the computational time. He et al. (2018) proposed a bi-level framework for
EV charging stations. The goal was to maximize the flow usage of the charging stations in the
upper-level part. Anjos et al. (2020) focused on the interaction of EV adaption and the availability
of charging stations over a long-term planning horizon. In this regard, they proposed a mixed-
integer linear program model to determine the optimal construction of EV charging stations by
maximizing the number of EVs in the network. They presented a rolling-horizon-based heuristic
to solve the problem. Bai et al. (2019) studied the EV charging station location problem under the
circumstances of a low EV penetration rate in the network. They used a vehicle’s GPS dataset to
identify some potential charging station locations. Based on the identified potential locations, the
optimal charging station locations were determined through a bi-level framework that minimized
the construction cost and maximized the electric charging service quality. To solve the presented
bi-level framework, a hybrid algorithm combining non-dominated sorting genetic algorithm 11
(NGSA-II) and neighborhood search was applied. Kinay et al. (2021) studied both the optimal
design of charging stations and the optimal routing of EVs. In this regard, two different problems
were presented. The first sought to minimize the construction cost of charging stations and the
total en-route recharging of EVs. The second model only minimized the total en-route charging of
EVs. The authors applied a Bender decomposition algorithm to solve the problems. To support
intercity trips for EVs, Fakhrmoosavi et al. (2021) studied the optimal charging station planning
within the state of Michigan. The authors determined the optimal charging station configuration
that minimized construction costs and travelers’ delays. Khaksari et al. (2021) studied the optimal
capacity planning of electric charging stations by proposing a mixed-integer program that
minimized the construction cost of the charging stations. Moreover, their mixed-integer program
ensured that the quality of the electric charging service for EVs, in terms of the probability of delay

in charging complementation, was maintained above specific levels. Jordan et al. (2022)
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incorporated real datasets of an urban area into a multi-objective optimization framework to select
the best locations for electric charging stations. In this framework, they tried to maximize the utility
coverage of the charging stations while minimizing their installation costs. Utility coverage was
defined as the population, traffic, and activities covered by charging stations (Jordan et al., 2022).
In another study, Xu et al. (2022) proposed a user-based location framework to maximize EV-user
satisfaction with their charging experience (Xu et al., 2022). To improve the accuracy of demand
prediction in long-term planning, Tungom et al. (2023) included a time-series linear regression in
the EV charging station framework. The demand prediction stage helped to overcome the demand
uncertainties in long-term planning. They proposed a hierarchical optimization approach to
minimize the mismatch between demand-supply and investment costs while maximizing the

quality of service for electric charging station users (Tungom et al., 2023).

2.2.2 Stochastic Demand

The second group of studies deals with uncertainty in both demand and supply (e.qg., link capacity)
of a traffic network. Sathaye and Kelley (2013) proposed a continuous optimization approach for
constructing electric charging stations along highway corridors to minimize the distance traveled
by EVs to recharge at charging stations, subject to a budget constraint. Hosseini and MirHassani
(2015) developed a multi-period, two-stage decision framework to locate permanent and portable
EV charging facilities. The portable facilities can be relocated across periods. In this framework,
the road infrastructure agency determines the optimal locations of charging stations given the
uncertainty in path flows on the traffic network. The present paper addresses the uncertainty of the
recharging demand of travelers during their intercity trips and, therefore, can be placed in the
second group of studies. Yildiz et al. (2019) studied the optimal configuration of electric charging
stations that minimized the construction cost of electric charging stations, accounting for demand
uncertainty in the optimal charging station planning and adopting a scenario-based approach to
model such uncertainty. Kadri et al. (2020) proposed an optimization problem to maximize the
expected served EV flows over a long-term planning horizon. The researchers incorporated the
uncertainties about the electric recharging demand of EVs into the charging station planning and
adopted a multi-stage stochastic integer programming approach based on a scenario tree to

represent recharging demand uncertainty. Kchaou-Boujelben and Gicquel (2020) focused on

24



driving range uncertainty in the optimal planning of electric charging stations. More specifically,
they captured the uncertainties in the energy consumption of EVs and the energy availability of
EV batteries. Liu et al. (2023) considered the uncertainties in electricity power output in bus
electric charging station planning. They proposed a two-stage stochastic programming formulation
that used a sample average approximation to capture the uncertainty of electricity power outputs.
The proposed formulation tried to minimize different objectives like infrastructure investment,
recharging costs, emissions costs, vehicle operation, and battery purchase. They discussed the
tradeoff between objectives such as infrastructure investment and emission costs (Liu et al., 2023).

2.3 Wireless Electric Charging Lanes

Wireless electric charging lanes (WCL) enable EVs to charge their batteries while in motion.
Wireless charging offers EVs a potentially unlimited driving range as long as the vehicle is
operating in the charging lane. However, installing wireless electric charging lanes is challenging,
as it is expensive and impacts traffic congestion. Therefore, a body of literature has focused on
deploying optimal wireless electric charging lanes on road networks. In this subsection, some of
the efforts that have been made to locate the wireless electric charging lanes are reviewed.

Chen et al. (2017) investigated the optimal deployment of charging stations and wireless
charging lanes along a long traffic corridor to serve the electricity charging needs of EVs. They
proposed a choice equilibrium model to capture the charging facility choices of EV drivers. Their
model assumes EV drivers try to minimize their driving time, charging fees, charging time, and
equipment costs (Z. Chen et al., 2017). Mubarak et al. (2021) proposed a framework for the optimal
wireless charging lanes to serve the charging demand with minimum investment cost. Their
proposed framework aimed to strategically deploy WCLs in the network in such a way that no EV
runs out of energy before reaching its destination (Mubarak et al., 2021). In another study, Tran et
al. (2022) integrated the dynamic routing behavior of travelers into the wireless charging lane
location problem (Tran et al., 2022). Majhi et al. (2022) proposed a mixed-integer optimization
model for the optimal placement of wireless charging lane facilities on a large road. The proposed
model considered parameters that impact EV drivers’ decision to charge their vehicles. They
implemented the proposed model on a case study of the Auckland Highway using the data

generated by a traffic simulation-based approach (Majhi et al., 2022). Du et al. (2022) proposed
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an optimization approach to determine the optimal locations and lengths of wireless electric
charging lanes (Du et al., 2022). Odeh et al. (2022) presented an optimal allocation process for
planning the locations of WCL lanes within the city of Dubai, UAE. They chose a set of candidate
wireless electric charging lanes based on collected traffic data from the city. Then, they conducted
an energy analysis on the selected candidate links to pick the most energy-efficient links to deploy
wireless electric charging lanes (Odeh et al., 2022). He et al. (2023) presented a multiobjective
optimization framework to deploy the optimal number of wireless charging lanes in a network.
The presented framework aimed to maximize saved charging time, minimize charging costs, and
minimize the negative impact of wireless charging lanes on traffic. Elghanam et al. (2023)
proposed an integration of TOPSIS (technique for order of preference by similarity to ideal
solution) and goal programming to determine the locations of wireless charging lanes. The
proposed framework aimed to provide a comprehensive decision-making framework (Elghanam
etal., 2023).
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Table 2.1. Literature summary

- Planning | Driving range | Refueling stations

e SHOGIERTEI horizon | heterogeneity [ Decommissioning

Chen et al. (2017) Deterministic Single — —

o Mubarak et al. (2021) Deterministic Single — —
% Tran et al. (2022) Deterministic Single — —
S_—:j Majhi et al. (2022) Deterministic Single — —
@ Du et al. (2022) Deterministic Single — —
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‘@ | Odehetal. (2022) Deterministic Single — —
= | Heetal. (2023) Deterministic Single — —
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Sathaye and Kelley Stochastic .

(2013) (demand) Multiple — —

Hosseini and Stochastic Multiole - o

MirHassani (2015) (demand) P

Karasan (2016) Deterministic Single — —

Zheng et al. (2017) Deterministic Single — —

He et al. (2018) Deterministic Single — —

Bai et al. (2019) Deterministic Single — —

Stochastic .

Yildiz et al. (2019) (demand) Multiple — —
< | Anjos et al. (2020) Deterministic Multiple — —
o
= . Stochastic .
© _ J—
g Kadri et al. (2020) (demand) Multiple
.E | Kchaou-Boujelben & | Stochastic (driving .

S | Gicquel (2020) range) Single Yes B
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O | Kinay et al. (2021) Deterministic Single — —

Fakhrmoosavi et al. A .

(2021) Deterministic Single — —

Khaksari et al. (2021) | Deterministic Single — —

Jordan et al. (2022) Deterministic Single — —

Xu et al. (2022) Deterministic Single — —

Tungom et al. (2023) | Deterministic Multiple — —

Stochastic
Liu et al. (2023) (electricity power Single — —
output)
. Stochastic .
This study (demand) Multiple Yes Yes
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24 Summary

This chapter presents a review of the literature on electric charging facility planning. Table 2.1
shows a summary of the reviewed studies in this chapter. The majority of the studies assume
deterministic values for the main planning components (e.g., travel demand and electricity
consumption) and focus on a single-period planning horizon. However, there are a few studies that
attempt to incorporate stochasticity in charging facility planning (Sathaye and Kelley, 2013;
Hosseini and MirHassani, 2015; Yildiz et al., 2019; Kadri et al., 2020; Kchaou-Boujelben and
Gicquel, 2020; Liu et al., 2023). Besides, none of the studies in the literature considered the
heterogeneity of EV driving range (except Kchaou-Boujelben and Gicquel, 2020, which focused
on the stochasticity of EV driving range) and refueling station decommissioning in long-term
planning for electric charging stations. Therefore, this thesis aims to address these gaps and present
a more holistic framework for electric charging station planning by developing a long-term
planning framework incorporating demand uncertainties, heterogenous EV driving range, and the

decommissioning of under-utilized refueling stations.
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CHAPTER 3 METHODOLOGY

This chapter presents the methodology implemented in this thesis for a robust electric charging
station deployment. First, the preliminary results of the proposed methodology are presented. Then,

the proposed mathematical framework and the implemented solution algorithm are introduced.

3.1 Preliminaries

The presented methodology focuses on constructing level-3 charging stations on a rural road
network. Hence, the effects of traffic congestion on travel time are neglected, and it is assumed
that travelers experience free-flow travel time. Throughout this thesis, some other main
assumptions are made. First, both ICEVs and EVs have limited driving range, and the driving
range of ICEVs is higher than that of EVs. Next, ICEVs and EVs are fully refueled or recharged
before departing from their origins. Travelers experience delays due to charging or refueling at
corresponding stations. The refueling and charging stations have finite capacities and cannot serve
more than their operational capacities. Also, travelers follow the user equilibrium (UE) principle
in choosing their routes, minimizing their travel costs. Based on the increasing pattern of EV
adaption, travel demand for EVs increases over the planning horizon. On the other hand, travel
demand for ICEVs decreases.

Let G = (N, A) represent the road network. The planning horizon is divided into T periods,
which comprise the total duration of the planning horizon (typically, several years). Let T denote
the set of periods. The mixed-traffic scenario consists of EVs with different driving ranges and
ICEVs. Let M denote the set of vehicle types with cardinality |M| where class 1 denotes ICEVs.
Let m > 1 denote different classes of EVs with different driving ranges, where R™ is the driving
range of EVs of class m in period t. The notations used in this study are introduced in the Notation
section.

This study assumes that charging and refueling stations are located on nodes or links
(specifically, beside the links). Travelers experience a delay during recharging or refueling. To
capture the impact of charging and refueling delays on travelers and the operational capacity of

stations, the road network configuration is modified. For each node or link with a charging or
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refueling station (either candidate or existing), a dummy node and certain dummy link(s) are
included depending on the connection of the original node or link to other nodes in the road
network. The set of dummy candidate nodes for charging stations is represented by N. The set of
dummy nodes with existing refueling and charging stations are denoted by N and N, respectively.

N is assumed to be a subset of N. Let A denote the set of dummy links.

3t P i
AN
0=0=—0L " ¥0=0==0

(1) Original Network (i) Transformed Network

(a) electric charging station on a node

(1) Original Network (1) Transtormed Network

(b) electric charging station on a link

Figure 3.1. Transformation of traffic network

The network transformation is illustrated in Figure 3.1. Figure 3.1a represents the original
network where the charging station is located on node j. To capture the impact of charging delay
and the capacity of station j, dummy node j' is included in the charging station (Figure 3.1a). Since
node j is connected to nodes i and k, two dummy links, (j°,i) and (j’,k), are included. The delay
Am,t

%, 1s equal to the charging delay of EV travelers. The length of the

of the dummy link, (j,j"), g
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dummy link is set to zero to ensure that it does not impact the driving range. Travelers who traverse
through link (j,j") for recharging can continue their trips by using links (j', i), and (j', k) as they
are identical to the links (j, i), and (j, k), respectively. Similarly, a dummy node j' is added to the
network to capture the charging or refueling delay when a charging or refueling station is located
at the link (Figure 3.1b). The dummy node j' is connected to nodes i and j by dummy links that
have delays equal to the charge or refuel delays of EV and ICEV travelers, respectively. If travelers
do not need to charge or refuel, they do not need to traverse through dummy links and use only the
actual links of the network (links (i, k) or (k,i)). Besides, it is assumed that the refueling and
charging stations serve travelers with finite operational capacities. The capacity of the newly
constructed or existing charging stations is independent of the operational capacity of the refueling

stations.

3.2 Mathematical Modeling

In practice, forecasts of travel demand are uncertain over a long-term planning horizon. This study
assumes that it belongs to an uncertainty set. The travel demand uncertainty set for each vehicle
class m for each O-D pair (7, s) in each period t is denoted by Z;’fs't, inwhich z = 1 represents the
deterministic travel demand scenario that can be used for analysis without considering travel
demand uncertainty. It can denote the peak hour for travel demand. Let p denote the vector of the
aforementioned binary variables, thatis p = {py's*,V(r,s) € W,vm € M,z € Z'}', vt € 1}. For
each vehicle class m traveling between O-D pair (r, s) in period t, there is only one realized travel

m,zt __

demand scenario (therefore ¥ _ mcp, " =1). Given these notations, the travel demand
78

uncertainty set Q can be formulated as follows:
Q = {ql z a7 ort = a4y Z prst =L € {01} )
zez]st zez]st
where q = (q7%"",¥(r,s) € W,vm € M,z € Z]'}', ¥t € T) denotes the set of potential travel
demand vectors. In deriving the optimal strategy for charging and refueling stations, if the road
infrastructure agency does not account for travel demand uncertainty and instead only incorporates
a certain vector of travel demand (such as peak-hour travel demand), then the robust scheme is

reduced to a conventional “deterministic”’ scheme.
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The proposed robust mathematical program involves multiobjective optimization;
therefore, the weights of total system travel time (H,) and the total penalty of unused charging
station capacity (H,) are denoted by ¢, and ¢, respectively. W is defined as the penalty for
unused charging station capacity. Let A be a factor for calculating the present value of costs in

period t that reflects the interest rates through the long-term planning horizon. Then, At is equal

1

o (1+4m)t-1’

Let x denote the parameter that converts the travelers’ costs and unused charging

station capacity from an hourly basis to the basis of each period duration (e.g., several days). The
robust design of the charging network with refueling infrastructure can be formulated as the
following min-max problem (MMPL1):

Upper-level model

min(max (¢1 ) H1 + ¢2 ) Hz)) (2)

®0 " pv

H1=2At'K'ﬁt'(z vﬁj-cﬁj+z z vl et )
tet (i,j)eA meM (i,j)eA

szzll’-At-K- Z Z (nj —vi)) (4)
tet J:(i,j)EA|jEN i:(i,j)€EA

ol =1 VieN ()

p; < @i Vie NVter (6)

Y kiot<p ")

iEN

Zkit (95_95_1)S3t vterl,t>1 (8)

iEN

of =1 Vie N,VteT ©)

6t = gt VieN,Vterlr (10)

h - b < v Vi € N,Vj € N,V(i,j) €A VtET (11)

vl <ni- ol Vi € N,Vj € N,V(i,j) €A VtEeT (12)
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t
v”Sn 0;

Vi € N,Vj € N,V(i,j) EAVtET

6f € {0,1} Vie NVteT
p! € {0,1} Vie NVteT
Lower-level model

th (CU+HWt1 ﬂ)/vtl =0
Cl]+ﬂ;”t1 ﬂWt1>0

th (CU_I_(th_I_M:A/tm ‘u;v,t,m)=0

fiw,t,m < Aew,t,m

] - L
Sii” (1—e;7)
witm __
ps =10
_ w,t,m
=3 30
wWEW meM

w,tm witm __ L
> - 3 e

J:(G.DEA j:(Gi,))EA

G/Jt'/,t,m and fwtm > 0

The goal of the presented model is to minimize the worst-case sum of system travel time
(H,) and the total penalty due to unused charging station capacity (H,; Equation (2)). Equation (3)
calculates the total travel delay of ICEV and EV travelers. Equation (4) calculates the total unused
electric charging stations and refueling stations. Constraints (5) ensure that refueling stations exist
in the first period and can be used by ICEVs. Constraints (6) state that if the refueling station of
node i stops working in period t — 1, then it cannot be patronized by ICEVs for the rest of the
planning horizon. Constraints (7) and (8) ensure that the monetary budget for the construction of

the new charging stations is satisfied in each period. Constraints (9) state that the existing charging

22

V(i,j) € A,Yw,Vt
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stations are available for charging throughout the entire planning horizon. Constraints (10) ensure
that once a charging station is constructed in a period, it remains available for charging in
subsequent periods. Constraints (11) ensure that the refueling station of node j works in period ¢
if its demand is greater than or equal to }_zj. Constraints (12) are the capacity constraints of refueling
stations, which state that the number of vehicles that refuel at node j in period ¢ (i.e., traverse
through the dummy link (i, ;) is less than n; if the refueling station is available in that period. It
also ensures that after removing the refueling station at node j, the refueling demand at that node
becomes zero. Constraints (13) are identical to constraints (12) except that they apply to the
charging stations, meaning that the number of vehicles that recharge at node j in period t is less

than n; if the charging station located at node j is available for charging in period ¢, and 0

otherwise. Constraints (14)—(15) state that 8] and ¢! are binary variables.

The second body of the model ((16)—(25)) addresses the route choice behavior of travelers.
Constraints (16)—(17) are the UE conditions for ICEV users, which ensure that if ICEV users of
each O-D pair use link (i, j), it belongs to the path between that O-D pair with minimum travel
cost. Similarly, constraints (18)—(19) are the UE conditions for EV users. Constraint (20) ensures
that if link (i, j) does not belong to the feasible path between an O-D pair, the flow of EVs is zero.
Similarly, constraint (21) imposes an excessive travel cost on a link (i, j) that is not a part of the
feasible EV path. Constraint (22) indicates that travel time at the origin is equal to zero. Equation
(23) calculates the total traffic flow of link (i,j) in period t. Constraint (24) ensures demand

conservation, and constraint (25) ensures the non-negativity of (i‘y't'mand fl.)?"t'm.

An important component of the above formulation ((2)—(25)) is the feasible path of EVs

(eivj'm't). Considering the heterogeneous driving range of ICEVs and EVs, the feasible paths of

EVs (el.“j"m't) are derived as a set of mixed-integer linear programs (equations (26)—(39)).

W > A (1 el v(i,)) € A,Yw,Vm,Vt, Vi, j (26)
W < A (1 el V(i,j) € A, Yw,Vm,Vt,Vi,j (27)
Qwmt < pmit Vt,Yw,Vm, Vi (28)

l
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uwmt 5 g wmt 6! vt,Yw,vm > 1,Yi € N — (NUN) (29)

12 i

W™ < W™ 4+ A 6f vt,Yw,¥m > 1,Vi € N — (NUN) (30)
u'P™ < A(1-6)) vt,Yw,¥Ym > 1,Vi EN (31)
'™t =0 Vi € N,Vvm > 1,Vt,Vw (32)
W™ <A (1 —oh) Vi €N, Ym = 1,Vt,Vw (33)
uw'?m™t =0 Vs|(s,7) € W,Vm,Vt,Vw (34)
uy™t =0 Vs|(s,r) € W,Vm,Vt,Vw (35)
frem <m; of Vt,Yi e NUN (36)
w,m>1,j:(j,i)EA
Z fjlzv,m <7t Vt,Vi EN (37)
jw
w'h Wt gt e = 0 vt, VYw, Vi (38)
et € {0,1} vt,vw,V(i,j) € A (39)

tj

Constraints (26) and (27) calculate the distance that travelers traveled from the last-visited

refueling stations (for m = 1) or charging station (for m > 1) after visiting node j and just before

w

visiting node i. Constraints (28) ensure that the traveled distance of vehicles (u; 8 s less than

the driving range in period t (R™"). Constraints (29) and (30) ensure that if a charging station is
not located at node i, the traveled distances from the last-visited charging station just before

w,t

visiting node i (u{”) and after visiting node i (u'; ") are equal. If a charging station is constructed
at node i, then u"i”’t is equal to zero (constraints (31)). This implies that the traveled distance is set

to zero after visiting the constructed charging stations. Similarly, if there is a charging station at

candidate node i, then u’!” is equal to zero (constraint (32)). Similarly, if a charging station
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operates at node i, then u"{"’t is equal to zero (constraint (33)). Constraints (34) and (35) ensure
that (uf"'t) and (u"i”'t) are zero at the origin of the trips. Constraint (36) calculates the total volume
of EVs that recharge at station i and ensures that this not exceed the capacity of that charging
station. Constraint (37) ensures that the served ICEVs do not exceed the capacity of the refueling
stations. Especially, it ensures that when a refueling station is decommissioned, it does not serve

w,t

ICEVs anymore. Constraint (38) ensures the non-negativity of u’; ,u}’"'t, g

w,t,m
i

, and hf. Finally,

e}”j’t'm is a binary variable set according to constraint (39).

3.3 Solution Algorithm

The proposed MMP1 (equations (2)—(39)) contains two types of binary variables and is classified
as a mixed-integer problem. It cannot be solved in polynomial time and, therefore, is described as
non-deterministic polynomial hard (NP-hard). Many solution algorithms are used to solve NO-
hard problems in the literature (Miralinaghi, et al., 2017a; Miralinaghi, et al., 2017b;
Pourgholamali et al., 2023; Labi et al., 2023; Seilabi et al., 2022a; Seilabi et al., 2022b). This study
uses the cutting-plane scheme to solve MMP1 (2)—(39) by addressing two subproblems during
each iteration (Lou et al., 2009; Seilabi et al., 2023). The first subproblem determines the optimal
timeline for locating new charging stations and decommissioning the existing refueling stations
(equations (1)—(39)) based on a subset of the travel demand uncertainty set. The second
subproblem generates a new worst-case travel demand scenario. To implement this scheme, first,

MMP1 should be formulated as the following mixed-integer problem (MMP2):

L, = rg}gl(w) (40)
w2 gy Y Aplae | Y v el Y Y wffel |+
tet (i,j)eA meM (i,j)eA
(41)
¢2.2At.qj.}c. Z Z (n]—vlt]q)
ter j:(i,)EA|jEN i:(i,j)ed Vg €Q
vi € Q(q) Vg €Q (42)
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where the superscript (-)9 denotes the variables that are associated with a specific travel demand
uncertainty vector g € Q. Although the number of feasible scenarios for the travel demand of each
vehicle class m of O-D pair (r, s) in period t is particularly small, the number of vectors in the
travel demand uncertainty set (Q) is generally very large. In MMP2, equations (11)—(39), which
present the UE conditions, need to be written for each g € Q. To prevent presenting repetitive
equations, equation (42) represents the equations (11)—(39) for each q € Q. Therefore, Q(q)
represents the UE link flows for each g € Q. Due to the tremendous increase in the number of
constraints, the relaxed MMP?2 is solved using a subset § € Q that includes a restricted number of
travel demand vectors. The idea of the cutting-plane scheme is to update the subset Q unless it is
not possible to identify a travel demand vector that leads to a higher weighted summation of total
travel cost and penalties of unused charging station capacity compared to the current solution (i.e.,
the worst-case travel demand scenario). Given the operating refueling and electric charging

stations, the following mixed-integer problem (MMP3) updates the subset Q

mgx (¢ Hy +¢,-Hy) (43)
p;':,;Z't — 1 (44)

zEZ,t‘r;'t

pr2t € {0,1} (45)

and equations (3), (4), (11)—(13), (16)—(39).

Based on the developed subproblems, a solution algorithm consists of eight main steps. To
begin, the feasible paths of ICEVs and EVs are found based on the available refueling and charging
stations (Step 1). The feasible paths are used to capture the route choice of travelers. In Step 2, the
uncertain travel demand set is initialized by selecting a travel demand set (or vector). In this step,
the nominal travel demand is selected and added to the uncertain travel demand set. Next, an
optimal plan for constructing new charging stations and decommissioning refueling stations is
obtained by solving the MMP2 (Step 3). Based on the new optimal plan, the feasible routes for
travelers are updated (Step 4). Then, MMP3 is solved to update the uncertain travel demand set
(Step 5). In the next step, the termination condition is checked. Two termination conditions are
considered in this study: the total number of iterations and not finding any further worst-case travel

demand scenarios. If the conditions are met, the process stops and returns the latest optimal plan
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(Step 8). If not, it goes to Step 7 and adds the solution of MMP3 to the worst-case travel demand

scenario. Figure 3.2 presents a simplified flowchart of the implemented solution algorithm.

Step 1: Find all the feasible
shortest paths

|

Step 2: Select a travel
demand scenario vector

\ 4

Step 3: Generate the robust Step 7: Include the derived travel demand
refueling/charging  station [¢ scenario in the travel demand uncertainty
locations design subset
7
\ 4
Step 4: Update the feasible No
paths

\ 4

Step 5: Generate the worst-
case travel demand scenario

Step 6: Check the termination
riteria. Terminate?

A 4

Step 8: Stop

Figure 3.2. Flowchart of the implemented solution algorithm
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CHAPTER 4 NUMERICAL EXPERIMENTS

4.1 Case Study

This section presents the results of numerical experiments using the well-known Sioux Falls city
road network (Figure 4.1), which has 24 nodes and 76 links. The road agency seeks the optimal
timeline for constructing new EV charging stations and decommissioning existing refueling

stations over the planning horizon.

RN
( /- Existing refueling station

3 * Existing charging station

Potential charging station

Figure 4.1. Sioux Falls network of refueling and charging stations

The horizon is assumed to be equal to 18 years, with 6 time periods of 3-year duration each.
The characteristics of this network have been modified to better mimic intercity travel compared
to the characteristics proposed by LeBlanc et al. (1975). The link characteristics (travel times and
lengths) and the aggregate peak-hour travel demand of each origin-destination (O-D) pair in period
1 are listed in Table 4.1 and Figure 4.2, respectively.
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Figure 4.2. Aggregate travel demand for each origin-destination (O-D) pair in period 1




4.2 Problem Setting

The travel demand uncertainty set for O-D pair w and vehicle class m in time period t consists of
four demand sets: (1) travel demand scenario at peak hour, (2) low travel demand scenario, (3)
medium travel demand scenario, and (4) high travel demand scenario. Travel demand scenarios 2
to 4 are derived by multiplying travel demand scenario 1, as the benchmark, with random
parameters that are generated based on the uniform distribution. The domain of the low travel
demand scenario is [0.95, 1] in period 1, while the lower bound decreases consistently during the
transition horizon until it reaches [0.7, 1] in period 6. The domains of medium and high travel
demand scenarios are [1, 1.05] and [1, 1.1] in period 1, respectively, while the upper bounds
increase during the transition horizon until they reach [1, 1.3] and [1, 1.6] for the medium and high
travel demand scenarios, respectively. The value of time (8¢) is assumed to be equal to $20/hour
in the first period (U.S. Department of Transportation, 2016). It is assumed that this value increases
by $2 in each period and reaches $30/hour in period 6. The aggregate travel demand for each O-D
pair is assumed to grow by 5% in each period. There are two classes of EVs with different driving
ranges: 150 and 200 miles in period 1 for EV types 1 and 2, respectively. These ranges increase in
each period to reach 200 and 250 miles in period 6 for EV types 1 and 2, respectively (Mazda
USA, 2022; Nissan USA, 2022; Volvo Cars, 2022). The driving range of ICEVs is considered to
be equal to 250 miles for all periods. The EV class market penetration starts at 2.5% of aggregate
travel demand of each O-D pair in the first period and increases constantly until reaching 40% in
period 6. On the other hand, the market penetration of ICEV vehicles starts at 95% and decreases
to 20% in the last period. The proposed algorithm (Figure 3.2) was coded in the general algebraic
modeling system (GAMS) using CPLEX solver. The results were obtained using a Core i7
processor with a 2.6 GHz CPU and 8 GB RAM.
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Table 4.1. Link characteristics of Sioux Falls network

. . . Travel
Link From To Tra}vel Time Lepgth Link From  To Time Length (mile)
No. (min) (mile) No. .
(min)

1 1 2 60.34 71.52 39 13 24 37.67 44.64
2 1 3 43.94 52.08 40 14 11 4475 53.04
3 2 1 60.34 71.52 41 14 15 4577 54.24
4 2 6 52.35 62.04 42 14 23 43.03 51.00
5 3 1 43.94 52.08 43 15 10 59.43 70.44
6 3 4 43.64 51.72 44 15 14 4577 54.24
7 3 12 41.92 49.68 45 15 19 35.44 42.00
8 4 3 43.64 51.72 46 15 22 35.44 42.00
9 4 5 21.87 25.92 47 16 8 48.80 57.84
10 4 11 6541 77.52 48 16 10 45.56 54.00
11 5 4 21.87 25.92 49 16 17 1691 20.04
12 5 6 42.22 50.04 50 16 18 27.24 32.28
13 5 9 50.93 60.36 51 17 10 8141 96.48
14 6 2 52.35 62.04 52 17 16 1691 20.04
15 6 5 42.22 50.04 53 17 19 23.39 27.72
16 6 8 21.97 26.04 54 18 7 22.07 26.16
17 7 8 25.31 30.00 55 18 16 27.24 32.28
18 7 18  22.07 26.16 56 18 20 45.16 53.52
19 8 6 21.97 26.04 57 19 15 35.44 42.00
20 8 7 25.31 30.00 58 19 17 23.39 27.72
21 8 9 97.30 115.32 59 19 20 40.40 47.88
22 8 16  48.80 57.84 60 20 18 45.16 53.52
23 9 5 50.93 60.36 61 20 19 40.40 47.88
24 9 8 97.30 115.32 62 20 21 57.92 68.64
25 9 10 2784 33.00 63 20 22 47.69 56.52
26 10 9 27.84 33.00 64 21 20 57.92 68.64
27 10 11 50.62 60.00 65 21 22 16.91 20.04
28 10 15  59.43 70.44 66 21 24 3331 39.48
29 10 16  45.56 54.00 67 22 15 35.44 42.00
30 10 17 8141 96.48 68 22 20 47.69 56.52
31 11 4 65.41 77.52 69 22 21 1691 20.04
32 11 10 50.62 60.00 70 22 23 40.50 48.00
33 11 12 65.41 77.52 71 23 14 43.03 51.00
34 11 14 4475 53.04 72 23 22 40.50 48.00
35 12 3 41.92 49.68 73 23 24 19.04 22.56
36 12 11 65.41 77.52 74 24 13 37.67 44.64
37 12 13 30.17 35.76 75 24 21 3331 39.48
38 13 12 30.17 35.76 76 24 23 19.04 22.56
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It is assumed that the network has 10 existing refueling stations located at nodes 3, 5, 7,
12, 17, 21, and 23 and at links (1,2), (10,11), and (18,20). There are also 5 existing charging
stations at nodes 5, 12, 19, and 21 and at link (1,2). Figure 4.1 illustrates 13 candidate locations
for constructing new charging stations, which are nodes 2, 3, 4, 7, 9, 13, 14, 15, 17, 18, and 23 and
links (10,11) and (18,20). The construction costs of new charging stations are assumed to be
identical for all candidate locations. This cost starts at $0.5 million in the first period, increases by
$0.1 million in each period, and reaches $1 million in the sixth period. The construction budget
for new charging stations in each period is equal to $1.5 million in periods 1 to 4 and equal to $1
million for periods 5 and 6. The charging delay is assumed to be equal to 30 minutes in the first
period for EVs (i.e., m > 1) as the approximation for the delay of the current fast-charging stations
(Mazda USA, 2022; Nissan USA, 2022; Volvo Cars, 2022). The charging delay is assumed to
decrease during the planning horizon due to technological advancements and reach 10 minutes in
period 6. For ICEVs (i.e., m = 1), the refueling delay is assumed to be constant and equal to 5
minutes during the planning horizon. The operational capacities (n;) of charging and refueling
stations are 60 and 150 vehicles per hour, respectively. The penalty for the unused charging station
capacity is assumed to be equal to $10 per hour.

In this case study, equal weights for the two considered objective criteria in the objective

function (i.e., ¢, = ¢, = 1) are assumed. The constant interest rate (rr) for each period during the

entire planning horizon is assumed to be equal to 5 percent. Hence, A* is equal to ﬁ

Furthermore, k equals 26,280 (that is, 24 x 365 X 3) to convert the hourly-based costs to the basis
of each period duration (i.e., 3 years). The conversion factor presents the system costs in a way
that is more representative of real-world applications, and its value does not affect the analysis
outcomes. For implementation, this factor could be adjusted to fit and represent the real-world
conditions associated with those applications. Finally, it is assumed that up to five shortest paths
can be utilized for each O-D pair and vehicle class in each period (k = 5). In the rest of this chapter,
the performance of robust planning is investigated. To do this, the robust scheme and the
deterministic scheme are compared (Section 4.3). Then, the impacts of the available budget for

constructing charging stations on the robust framework are discussed (Section 4.4).
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4.3 Comparison of the Robust and Deterministic Schemes

In this section, the performance of robust planning is investigated. To do this, the optimal long-
term plan of the proposed robust framework, which is called the “robust scheme,” is compared to
its counterpart, the “deterministic sScheme.” The deterministic scheme is the optimal long-term
plan of the proposed framework, except the only deterministic values of demand are assumed to
be travel demand (therefore, the travel demand uncertainty set contains only one travel demand
set, which is the deterministic travel demand).

First, the obtained locations and decommissioning timelines under deterministic and robust
schemes are compared. Figure 4.3 shows the optimal location of constructed charging stations and
decommissioned refueling stations. Under the robust scheme, there are three additional charging
stations compared to the deterministic scheme during the planning horizon. This is due to the
higher conservatism of the road agencies, who consider the worst-case travel demand scenario in
the optimal design, in robust scheme. Under the robust scheme, charging stations are constructed
in the most congested areas of the network (nodes 7, 9, and 18) with higher demands expected for
this area in the first period. With the exception of node 7, this result stands in contrast to the result
from the deterministic scheme, which proposes to build the charging stations in the less congested
areas of the region and on the borders of the network (nodes 2 and 13).

Furthermore, both schemes suggest almost identical designs for decommissioning the
existing refueling stations, except for period 5 (Table 4.2). Both schemes suggest decommissioning
refueling stations located at node 23, link (10,11), node 3, and node 17 in periods 2, 3, 4, and 6.
Under the deterministic scheme, the refueling station on node 12 must be decommissioned in
period 5, while the robust scheme suggests decommissioning the refueling station located at link
(18,20) in period 5. This similarity is due to the fact that the total operational capacity of refueling
stations is significantly higher than the refueling demand, and considering the worst cases of travel
demand vectors in the robust scheme compared to the deterministic scheme, does not make a
significant difference in the list of existing refueling stations to be decommissioned under either

scheme.
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(a) Robust scheme (b) Deterministic scheme

f\\ Existing refueling station O Constructed electric charging station

£ Existing charging station O Decommissioned refueling station

Figure 4.3. Optimal locations of constructed charging and decommissioned refueling stations
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Table 4.2. Optimal decommissioning plan

(a) Robust scheme

Refueling station Period 1 Period 2 Period 3 Period 4 Period 5 Period 6

Node 23 X
Link (10,11) X

Node 3 X
Link (18,20) X

Node 17 X

(b) Deterministic scheme

Refueling station Period 1 Period 2 Period 3 Period 4 Period 5 Period 6

Node 23 X
Link (10,11) X

Node 3 X

Node 12 X

Node 17 X

Next, the performance of the deterministic and robust schemes under uncertainty in the
long-term travel demand forecasts is investigated. To do this, three Monte Carlo simulations are
implemented. In these analyses, 1,000 travel demand vectors for each simulation are generated
based on the different distributions that use travel demand scenarios (1)—(4). The distributions for
simulations 1 to 3 include (1) optimistically asymmetric distribution with higher occurrence
probability (that is, 0.4) for low and peak-hour travel demand scenarios and lower occurrence
probabilities for medium (0.15) and high (0.05) travel demand scenarios; (2) discrete uniform
distribution with identical occurrence probability for each travel demand scenario (that is, 0.25);
and (3) pessimistically asymmetric distribution with higher occurrence probability (that is, 0.4) for
medium and high travel demand scenarios and lower occurrence probability for peak-hour (that is,
0.15) and low (that is, 0.05) travel demand scenarios.

The relative performances of the robust and deterministic schemes in each of the three

simulations are compared based on the three measures: (i) travelers’ costs, (ii) charging costs of
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EVs, and (iii) standard deviation of travelers’ costs (). “Travelers’ costs” refers to the monetized
travel time experienced by travelers. The induced delay for EV travelers due to charging their EVs
at charging stations is called the “charging cost of EVs.” Overall, travelers’ costs increase from
simulation 1 to simulation 3 under both robust and deterministic schemes. This is due to the
increase in travel demand from simulation 1 to simulation 3. Under simulations 1-3, the robust
scheme reduces average travelers’ costs compared to the deterministic scheme. More specifically,
the robust scheme outperforms the deterministic scheme in terms of average travelers’ cost by 25,
18, and 43 million dollars over the course of 18 years of planning horizon in simulations 1 to 3,
respectively. The reason the robust scheme outperforms the deterministic scheme is that many
travel demand sets (instead of only one set) are considered in developing a robust scheme.

Additionally, the standard deviation of the travelers’ cost under a robust scheme is also less
than or equal to that under the deterministic scheme in simulations 1-3, which demonstrates the
less volatile performance of the robust scheme compared to the deterministic scheme. This is due
to the more conservative approach of the road infrastructure agency under the robust scheme to
plan for the worst-case travel demand scenario. A similar discussion applies to the differences
between robust and deterministic schemes in terms of the average total cost and the charging cost
of EVs.

Table 4.3. Performance of the robust and deterministic schemes in the Monte Carlo simulation

Simulation  Measures (in million dollars) Robust Scheme  Deterministic Scheme
Average travelers’ cost $70,760 $70,803
1 Average charging cost of EVs $5,115 $5,159
Standard deviation of travelers’ cost 101 102
Average travelers’ cost $75,135 $75,160
2 Average charging cost of EVs $5,474 $5,498
Standard deviation of travelers’ cost 145 146
Average travelers’ cost $78,821 $78,839
3 Average charging cost of EVs $5,776 $5,795
Standard deviation of travelers cost 119 120
Siml tends to have relatively lower demand levels on average
Sim2 tends to have relatively medium demand levels on average
Sim3 tends to have relatively higher demand levels on average

Details of simulations are provided on pages 52 and 53.
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4.4 Impacts of Construction Budget

Next, the impacts of the construction budget on the optimal design of electric charging
infrastructure are investigated using four cases. The construction budget used in the previous
analysis (Section 4.3) is referred to as case 1, which is a base case in this analysis. The construction
budget in each period for cases 2 to 4 is derived by multiplying the construction budget of case 1
by 1.5, 2, and 2.5 for each period, respectively. Therefore, the corresponding budgets for cases 2—
4 are as follows: 12, 16, and 20 million dollars, respectively. In the analyses of this section, budget
case 1 is considered the base case, and the performance of other cases is compared to budget case
1. Figure 4.4 shows the effects of a budget increase on the travel time savings of travelers. Travel
cost savings refers to the difference between the monetized total travel time of a budget case and
budget case 1. Increasing the construction budget saves more travel time for travelers due to more
constructed charging stations and their accessibility (Figure 4.4a). Therefore, increasing the
construction budget results in more charging stations and a reduction in travel time for travelers.
However, the marginal savings of travel time (savings in travel time per construction budget)
decreases by increasing the budget (Figure 4.4b). This shows that even though more charging
stations are constructed in cases 3 and 4 compared to case 2, this does not result in a significant
decrease in the average travelers’ cost. Because there are enough charging stations on the network,

constructing more charging stations cannot help travelers further decrease their travel costs.
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Figure 4.4. Effects of budget on travel time and travelers’ cost
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Besides the savings in total travel time of travelers, the effects of construction budgets on
the total savings in charging costs of EVs are investigated (Figure 4.5). The effects of the
construction budget on the total charging costs of EVs are similar to the discussed effects on the
total travel cost of travelers. Similarly, Figure 4.5a shows that increasing the construction budget
increases the saved charging costs of EVs (defined as the difference between the charging costs of
EVs in a budget case and budget case 1). Moreover, the marginal saved charging costs show

decreasing patterns over the budget costs (Figure 4.5Db).
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Figure 4.5. Effects of budget on charging cost of EVs

Next, the effects of the construction budget on the unused charging station capacity are
discussed. As expected, increasing the construction budget results in more charging stations in the
network and, therefore, more unused charging station capacity (Figure 4.6). Although there is a
penalty for the unused capacity, the number of constructed charging stations increases with the
increase in the budget. This is because the decrease in travelers' costs caused by constructing more
charging stations prevails over the penalties caused by the unused charging station capacity. For
instance, in simulation 1, the travelers’ cost decreases by $14 million in case 2, while the penalty

for unused charging station capacity is increased by $0.16 million.
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Figure 4.6. Effects of budget on unused electric charging capacity

The comparison of robust schemes under different budget cases is summarized in Table
4.4. Besides the total travel time and charging costs of EVs, the actual expenditures under the
budget cases are shown in Table 4.4. Under budget cases 2 and 3, the construction expenditure
increases by $3 million compared to case 1 due to the higher number of charging stations
constructed. However, it decreases by $1 million under budget case 4 compared to cases 2 and 3,
since more charging stations are constructed in the initial periods with lower costs. As the
construction budget increases, there is more construction in the initial periods of the planning

horizon since the construction is less costly in those periods compared to the latter ones.

Table 4.4. Relative performance of the robust schemes with different construction budget levels

Sim # Measures (in million dollars) Construction Budget Case
2 3 4
Relative construction expenditure +$3 +$3 +$2
1 Relative travelers’ cost -$12 -$17 -$20
Relative penalty of unused charging station capacity +$0.12  +$4.38 +$4.68
Relative charging cost of EVs —$18 -$23 —$27
Relative construction expenditure +$3 +$3 +$2
9 Relative travelers’ cost -$14 -$19 -$23
Relative penalty of unused charging station capacity +$0.16  +$4.67 +$4.97
Relative charging cost of EVs —$22 —-$28 —$31
Relative construction expenditure +$3 +$3 +$2
3 Relative travelers’ cost -$19 —-$24 -$28
Relative penalty of unused capacity of charging stations +$0.21 +$4.83 +$5.14
Relative charging cost of EVs —$27 —$32 —-$36
Siml tends to have relatively lower demand levels on average;
Sim2 tends to have relatively medium demand levels on average
Sim3 tends to have relatively higher demand levels on average

Details of simulations are provided on pages 52 and 53.
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CHAPTER 5 CONCLUDING REMARKS

5.1 Study Conclusion

This study investigated the optimal location of electric charging stations and the decommissioning
of existing refueling stations in the context of intercity trips over a long-term planning horizon.
The uncertainties in refueling and electric charging demand are taken into account by considering
uncertainties in travel demand forecasts over a long-term planning horizon. Then, the research
accounts for uncertainty in travel demand forecasts using a travel demand uncertainty set for each
period. Furthermore, due to the significant difference in driving ranges of various EV models, this
study also accounts for the driving range heterogeneity of EVs.

The problem is formulated as a min-max mathematical program where the weighted sum
of the worst-case (maximum) total system travel cost and the total penalty for unused charging
station capacity during the planning horizon is minimized. The formulated min-max problem is
considered an NP-hard problem; therefore, a cutting-plane scheme is adopted to solve the problem
efficiently, where two subproblems are solved in each iteration. The first subproblem yields the
optimal timeline and location for constructing new charging stations and decommissioning
existing refueling stations based on a subset of demand uncertainty sets. The second subproblem
identifies a new worst-case travel demand uncertainty vector to include in the demand uncertainty
subset of the first subproblem.

The problem is applied to the Sioux Falls network. It is assumed that for this network, the
road infrastructure agency seeks to determine the optimal location and timeline for constructing
new electric charging stations and decommissioning existing refueling stations. It is shown that,
due to the higher conservatism of the road infrastructure agency under the robust scheme, a higher
number of charging stations needs to be constructed compared to the deterministic scheme.
Further, under the robust scheme, new charging stations are located in more congested areas of the
network compared to the deterministic scheme. It is also observed that if the refueling demand is
significantly lower than the operational capacity of refueling stations, there is no significant
difference between the robust and deterministic scheme strategies for decommissioning existing

refueling stations.
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Three sets of Monte Carlo simulations were carried out to assess the performance of a
robust scheme compared to its deterministic counterpart. The results of the computational
experiments illustrate that the proposed robust scheme outperforms the deterministic scheme based
on various criteria such as travelers’ costs, charging cost of EVs, construction cost, and total cost.
In particular, while the deterministic scheme cannot satisfy any of the simulation instances
generated based on the uniform and pessimistically asymmetric distributions, all the simulation
instances are feasible under the proposed robust scheme. Further, the comparison of robust
schemes with different classes of construction budgets illustrates that although constructing more
charging stations helps to decrease travelers’ costs, constructing too many charging stations
beyond a certain point does not significantly decrease travelers’ COsts.

The framework presented for constructing electric charging stations over a long-term
planning horizon can provide guidance to road agencies in their long-term planning and budgeting
functions. This is important in the current era where these agencies continue to seek knowledge on
how they can best prepare the existing roadway infrastructure to support a new era of
transformative transportation technologies, including automated, connected, and electric vehicles.
Such guidance can also help mitigate the inherent uncertainties associated with long-term planning
with regard to these technologies. The level of service is always a function of supply and demand,
and as stewards of the public road infrastructure, road agencies are responsible for anticipating
demand and providing infrastructure supply. On the one hand, inadequate infrastructure will not
only slow the adoption of new technologies but also pose public relations problems for the agency.
On the other hand, excess supply will lead to capacity underutilization, economic inefficiency, and
the waste of scarce resources. The developed framework can also help road agencies prepare
proactively for emerging technologies in a more confident manner. Additionally, the framework
can be used by agencies to incorporate robustness into their long-term EV infrastructure plans to
account for the inevitable uncertainties associated with supply and demand. The framework
presents (and demonstrates), for the benefit of road agencies, the advantage of robust planning
over deterministic planning. Further, the framework is designed to be flexible to adjust to the road
agency’s future objectives, which often evolve with changes in the political environment,
economic conditions, or social forces. The framework and solution method are designed to
facilitate the practical implementation of various network topologies, inventories of existing or

required charging and refueling stations, and lengths of planning horizons.
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5.2 Study Limitations and Future Work

This research can be extended in several directions. First, although our study considers the
uncertainty in travel demand, there are other sources of uncertainty that should be considered in
electric charging station planning, especially in long-term planning. For example, the uncertainty
in the market penetration of different classes of EVs has not been assessed. An interesting research
direction would be to investigate the market penetration rate of EVs as a stochastic function of
charging station availability, electricity or gas prices, and potential government incentives.
Another important source of uncertainty is the adequacy of electric power at the charging stations.
Electric charging stations may experience fluctuations in the available electricity supplied by the
electric grid. Therefore, considering uncertainties in the electric charging station capacity in the
planning framework is another direction for future studies. Second, this study does not incorporate
any updated information on travel demand into the planning framework. However, as time goes
on, updated predictions, which are mostly more accurate than the initial predictions, will become
available and can be used in the planning framework. Therefore, an adaptive framework is needed
to include updated information on travel demand in the planning framework.

Third, the emergence of connected and autonomous vehicles (CAVs), which are expected
to serve as EVs, could impose high levels of uncertainty on the charging behavior of EV-using
travelers. Hence, another future research direction is to incorporate the charging behavior of CAVs
into the robust design of charging stations. Seilabi et al. (2022c¢) and Pourgholamali et al. (2023)
discussed the sibling relationships including the synergies between CAVs and EVs. Fourth, this
thesis assumes fast-charging stations are the only electric charging types in the network. However,
wireless electric charging lanes and dynamic electric charging (Konstantinou and Gkritza, 2021)
are the other expected electric charging methods that could be used by intercity travelers. Therefore,
incorporating the other electric charging methods is another direction for future studies.

Other prospective directions for future research on EV charging infrastructure investment
planning include consideration of emissions (McLaren et al., 2016; Miralinaghi et al., 2020), which
can be further reduced with enhanced planning that promotes EV market growth and ICEV market
decline; alternative charging fee revenue impacts from EV charging fee policies and associated
revenues (Konstantinou et al., 2022); regional-scale location planning of EV charging stations
(Chen et al., 2023); and the synergies associated with car sharing and ride sharing (Liao and
Correia, 2022).
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In addition, the present study focuses on intercity trips; the link travel times are assumed
to be constant, and thus, prospective future studies could address intracity trips and duly consider
urban traffic congestion. Finally, this study did not consider the time EV users spend waiting at
charging stations when there is no available charging spot, and it assumed that EV users simply
pass that charging station and drive to another one. However, EV users may wait at charging

stations until a charging spot becomes available instead of driving to another charging station.

54



REFERENCES

Adler, J. D., Mirchandani, P. B., Xue, G., & Xia, M. (2016). The electric vehicle shortest-walk
problem with battery exchanges. Networks and Spatial Economics, 16(1), 155-173.
https://doi.org/10.1007/S11067-013-9221-7

Alternative Fuels Data Center. (2022). Electric registrations by state,
https://afdc.energy.gov/data/widgets/10962

Anjos, M. F., Gendron, B., & Joyce-Moniz, M. (2020). Increasing electric vehicle adoption
through the optimal deployment of fast-charging stations for local and long-distance
travel. European Journal of Operational Research, 285(1), 263-278.
https://doi.org/10.1016/J.EJOR.2020.01.055

Arslan, O., & Karasan, O. E. (2016). A Benders decomposition approach for the charging station
location problem with plug-in hybrid electric vehicles. Transportation Research Part B:
Methodological, 93, 670-695. https://doi.org/10.1016/J.TRB.2016.09.001

Bai, X., Chin, K. S., & Zhou, Z. (2019). A bi-objective model for location planning of electric
vehicle charging stations with GPS trajectory data. Computers & Industrial Engineering,
128, 591-604. https://doi.org/10.1016/J.CIE.2019.01.008

Bertsimas, D., & Sim, M. (2003). Robust discrete optimization and network flows. Mathematical
Programming 98:1, 98(1), 49-71. https://doi.org/10.1007/S10107-003-0396-4

Brenna, M., Foiadelli, F., Leone, C., & Longo, M. (2020). Electric vehicles charging technology
review and optimal size estimation. Journal of Electrical Engineering and Technology,
15(6), 2539-2552. https://doi.org/10.1007/S42835-020-00547-X/TABLES/3

CarEdge, Electric vehicle sales and market share (US — updated monthly)

https://caredge.com/guides/electric-vehicle-market-share-and-sales , access date, Dec 2,
2023

Chen, D., Kang, K., Koo, D.D., Peng, C., Gkritza, K., Labi, S. (2023). Agent-based model of
electric vehicle charging demand for long-distance driving in the state of Indiana,
Transportation Research Record 2677 (2), 555-563.

Chen, Z., He, F., & Yin, Y. (2016). Optimal deployment of charging lanes for electric vehicles in
transportation networks. Transportation Research Part B: Methodological, 91, 344-365.
https://doi.org/10.1016/J.TRB.2016.05.018

55


https://doi.org/10.1007/S42835-020-00547-X/TABLES/3
https://doi.org/10.1016/J.TRB.2016.05.018

Chen, Z., Liu, W., & Yin, Y. (2017). Deployment of stationary and dynamic charging
infrastructure for electric vehicles along traffic corridors. Transportation Research Part
C: Emerging Technologies, 77, 185-206.

Cihat Onat, N., Kucukvar, M., & Tatari, O. (2018). Well-to-wheel water footprints of
conventional versus electric vehicles in the United States: A state-based comparative
analysis. Journal of Cleaner Production 204(10), 788-802,
https://doi.org/10.1016/j.jclepro.2018.09.010

Cirimele, V., Diana, M., Freschi, F., & Mitolo, M. (2018). Inductive power transfer for

automotive applications: State-of-the-art and future trends. IEEE Transactions on
Industry Applications, 54(5), 4069-4079.

Coffman, M., Bernstein, P., & Wee, S. (2016). Electric vehicles revisited: a review of factors that
affect adoption. Transport Reviews. https://doi.org/10.1080/01441647.2016.1217282

Dantzig, G. B. (1955). Linear programming under uncertainty. Management Science, 1(3-4),
197-206. https://doi.org/10.1287/MNSC.1.3-4.197

Das, H. S., Rahman, M. M., Li, S., & Tan, C. W. (2020). Electric vehicles standards, charging
infrastructure, and impact on grid integration: A technological review. Renewable and
Sustainable Energy Reviews, 120, 109618.

Desai, J., Mathew, J. K., Li, H., Bullock, D. M. (2021). Analysis of electric and hybrid vehicle
usage in proximity to charging infrastructure in Indiana. Journal of Transportation
Technologies, 11(4), 577-596. https://doi.org/10.4236/JTTS.2021.114036

Du, J., Pei, M., Jia, B., & Wu, P. (2022). Optimal deployment of dynamic wireless charging lanes

for electric vehicles considering the battery charging rate. Journal of Advanced
Transportation, 2022.

ElGhanam, E., Ndiaye, M., Hassan, M. S., & Osman, A. (2023). Location selection for wireless
electric vehicle charging lanes using an integrated TOPSIS and binary goal programming
method: A UAE case study. IEEE Access 99(1). DOI:10.1109/ACCESS.2023.3308524

EVAdoption, https://evadoption.com/ev-sales/ev-sales-forecasts/, access date: Dec 2, 2023

Fakhrmoosavi, F., Kavianipour, M. R., Shojaei, M. H. S., Zockaie, A., Ghamami, M., Wang, J.,
& Jackson, R. (2021). Electric vehicle charger placement optimization in Michigan
considering monthly traffic demand and battery performance variations:
https://Doi.Org/10.1177/0361198120981958, 2675(5), 13-29.

56


https://doi.org/10.1016/j.jclepro.2018.09.010
https://doi.org/10.1287/MNSC.1.3-4.197
https://doi.org/10.4236/JTTS.2021.114036
https://evadoption.com/ev-sales/ev-sales-forecasts/

Fauble, B., Hoang, T., Jarvis, M., Lopez, T., Mckinney, J., Nicholas, M., Rillera, L., Smith, C.,
D’, T., Roberts, A., Schell, D., Valentine, B., Dang, T., Wenzel, M., & Rasool, H. (2022).
California’s deployment plan for the national electric vehicle infrastructure program,
California Department of Transportation California Energy Commission, Sacramento,
CA.

FHWA. (2022). Historic Step: All fifty states Plus D.C. and Puerto Rico greenlit to move EV
charging networks forward, Covering 75,000 Miles of Highway, FHWA, Washington,
DC. https://highways.dot.gov/newsroom/historic-step-all-fifty-states-plus-dc-and-puerto-
rico-greenlit-move-ev-charging-networks

Fisher, taylor M., Blair Farley, K., Gao, Y., Bai, H., & Tse, Z. T. H. (2014). Electric vehicle
wireless charging technology: a state-of-the-art review of magnetic coupling systems.
Wireless Power Transfer, 1(2), 87-96. https://doi.org/10.1017/WPT.2014.8

Franke, T., & Krems, J. F. (2013). Interacting with limited mobility resources: Psychological
range levels in electric vehicle use. Transportation Research Part A: Policy and Practice,
48, 109-122. https://doi.org/10.1016/J.TRA.2012.10.010

Funke, S. A., Sprei, F., Gnann, T., & Pl6tz, P. (2019). How much charging infrastructure do
electric vehicles need? A review of the evidence and international comparison.
Transportation Research Part D: Transport and Environment, 77, 224-242.
https://doi.org/10.1016/J.TRD.2019.10.024

He, M., Wang, S., & Zhuge, C. (2023). A data-driven large-scale micro-simulation approach to

deploying and operating wireless charging lanes. Transportation Research Part D:
Transport and Environment, 121, 103835.

Gardner, L. M., Duell, M., & Waller, S. T. (2013). A framework for evaluating the role of
electric vehicles in transportation network infrastructure under travel demand variability.
Transportation Research Part A: Policy and Practice, 49, 76-90.
https://doi.org/10.1016/J.TRA.2013.01.031

Guo, F., Yang, J., & Lu, J. (2018). The battery charging station location problem: Impact of
users’ range anxiety and distance convenience. Transportation Research Part E:
Logistics and Transportation Review, 114, 1-18.
https://doi.org/10.1016/J.TRE.2018.03.014

57


https://doi.org/10.1016/J.TRD.2019.10.024

Guo, Y., Qian, X., Lei, T., Guo, S., & Gong, L. (2022). Modeling the preference of electric
shared mobility drivers in choosing charging stations. Transportation Research Part D:
Transport and Environment, 110, 103399. https://doi.org/10.1016/J.TRD.2022.103399

Guo, Y., Souders, D., Labi, S., Peeta, S., Benedyk, I., & Li, Y. (2021). Paving the way for
autonomous Vehicles: Understanding autonomous vehicle adoption and vehicle fuel
choice under user heterogeneity. Transportation Research Part A: Policy and Practice,
154, 364-398. https://doi.org/10.1016/J.TRA.2021.10.018

He, J., Yang, H., Tang, T. Q., & Huang, H. J. (2018). An optimal charging station location model
with the consideration of electric vehicle’s driving range. Transportation Research Part
C: Emerging Technologies, 86, 641-654. https://doi.org/10.1016/J.TRC.2017.11.026

Highway Statistics Series. (2022). https://www.fhwa.dot.gov/policyinformation/statistics.cfm

Hosseini, M., & MirHassani, S. A. (2015). Refueling-station location problem under uncertainty.
Transportation Research Part E: Logistics and Transportation Review, 84, 101-116.
https://doi.org/10.1016/J.TRE.2015.10.009

Huang, Y., & Kockelman, K. M. (2020). Electric vehicle charging station locations: Elastic
demand, station congestion, and network equilibrium. Transportation Research Part D:
Transport and Environment, 78, 102179. https://doi.org/10.1016/J.TRD.2019.11.008

Indiana Department of Transportation. (2022). Indiana electric vehicle infrastructure deployment
plan, Indianapolis, IN, https://www.in.gov/indot/files/INDOT-EV-Deployment-
Plan_DRAFT_7-20-22.pdf

Insideevs. (2018). Here Are The 10 Longest Range Electric Cars Available In the U.S.

https://insideevs.com/features/336368/here-are-the-10-longest-range-electric-cars-

available-in-the-us/

Jang, Y. J. (2018). Survey of the operation and system study on wireless charging electric vehicle
systems. Transportation Research Part C: Emerging Technologies, 95, 844-866.

Jordan, J., Palanca, J., Marti, P., & Julian, V. (2022). Electric vehicle charging stations
emplacement using genetic algorithms and agent-based simulation. Expert Systems with
Applications, 197, 116739.

58


https://doi.org/10.1016/J.TRD.2022.103399
https://insideevs.com/features/336368/here-are-the-10-longest-range-electric-cars-available-in-the-us/
https://insideevs.com/features/336368/here-are-the-10-longest-range-electric-cars-available-in-the-us/

Kadri, A. A., Perrouault, R., Boujelben, M. K., & Gicquel, C. (2020). A multi-stage stochastic
integer programming approach for locating electric vehicle charging stations. Computers
& Operations Research, 117, 104888. https://doi.org/10.1016/J.COR.2020.104888

Kakkar, R., Gupta, R., Agrawal, S., Tanwar, S., Sharma, R., Alkhayyat, A., ... & Raboaca, M. S.
(2022). A review on standardizing electric vehicles community charging service operator
infrastructure. Applied Sciences, 12(23), 12096.

Kchaou-Boujelben, M., & Gicquel, C. (2020). Locating electric vehicle charging stations under

uncertain battery energy status and power consumption. Computers & Industrial
Engineering, 149, 106752. https://doi.org/10.1016/J.CIE.2020.106752

Khaksari, A., Tsaousoglou, G., Makris, P., Steriotis, K., Efthymiopoulos, N., & Varvarigos, E.
(2021). Sizing of electric vehicle charging stations with smart charging capabilities and
quality of service requirements. Sustainable Cities and Society, 70, 102872.
https://doi.org/10.1016/J.SCS.2021.102872

Khalid, M. R., Khan, I. A., Hameed, S., Asghar, M. S. J., & Ro, J. S. (2021). A comprehensive
review on structural topologies, power levels, energy storage systems, and standards for
electric vehicle charging stations and their impacts on grid. IEEE Access, 9, 128069—
128094. https://doi.org/10.1109/ACCESS.2021.311218.

Kielhauser, C., Adey, B.T. (2017). A methodology to determine optimal intervention programs

for multiple urban infrastructure networks with a consistent representation of service
levels, In: 2nd International Symposium on Infrastructure Asset Management (SIAM
2017). Zurich, Switzerland. June 29-30, 2017. 10.3929/ethz-b-000171368

Kielhauser, C., Adey, B.T. (2016). Integrating sustainability and risk into the determination of
intervention programs for multiple municipal infrastructure networks. In: 9th IFED
Forum: Resilient Infrastructures — Integration of Risk and Sustainability (IFED 2016).
Stoos, Switzerland. December 7-10, 2016.

Kinay, O. B., Gzara, F., & Alumur, S. A. (2021). Full cover charging station location problem
with routing. Transportation Research Part B: Methodological, 144, 1-22.
https://doi.org/10.1016/J.TRB.2020.12.001

Konstantinou, T., Gkritza, T. (2021). A multi-criteria decision-making approach for a statewide

deployment of dynamic wireless charging for electric vehicles, Advances in
Transportation Studies 53, 5-22.

59


https://doi.org/10.1016/J.COR.2020.104888
https://doi.org/10.1109/ACCESS.2021.311218
https://doi.org/10.1016/J.TRB.2020.12.001

Konstantinou, T., Labi, S., Gkritza, K. (2022). Assessing highway revenue impacts of electric
vehicles using a case study, Research in Transportation Economics 100, 101248

Labi, S., Saneii, M., Tarighati Tabesh, M., Pourgholamali, M., & Miralinaghi, M. (2023).
Parking infrastructure location design and user pricing in the prospective era of
autonomous vehicle operations. Journal of Infrastructure Systems, 29(4), 04023025.
https://doi.org/10.1061/JITSE4.ISENG-2232

LeBlanc, L. J., Morlok, E. K., & Pierskalla, W. P. (1975). An efficient approach to solving the
road network equilibrium traffic assignment problem. Transportation Research, 9(5),
309-318. https://doi.org/10.1016/0041-1647(75)90030-1

Liao, F., and de Almeida Correia, G.H. (2022). Electric carsharing and micromobility: A
literature review on their usage pattern, demand, and potential impacts, International
Journal of Sustainable Transportation 16 (3), 269-286.

Liu, C., & Lin, Z. (2016). How uncertain is the future of electric vehicle market: Results from
Monte Carlo simulations using a nested logit model. International Journal of Sustainable
Transportation

Volume 11, Issue 4, http://Dx.Doi.Org/10.1080/15568318.2016.1248583, 11(4), 237-247.

Liu, X., Liu, X., Zhang, X., Zhou, Y., Chen, J., & Ma, X. (2023). Optimal location planning of
electric bus charging stations with integrated photovoltaic and energy storage system.
Computer-Aided Civil and Infrastructure Engineering, 38(11), 1424-1446.

Lou, Y., Yin, Y., & Lawphongpanich, S. (2009). Robust approach to discrete network designs
with demand uncertainty. Transportation Research Record, 2090, 86-94.
https://doi.org/10.3141/2090-10

Majhi, R. C., Ranjitkar, P., & Sheng, M. (2022). Optimal allocation of dynamic wireless charging

facility for electric vehicles. Transportation Research Part D: Transport and
Environment, 111, 103461.

Mazda USA. (2022). 2022 MX-30 EV Crossover — Mazda’s First Electric Car | Mazda USA |
Mazda USA. https://www.mazdausa.com/vehicles/2022-mx-30

Michigan Department of Transportation. (2022). Michigan State Plan for Electric Vehicle
Infrastructure Deployment.

https://www.fhwa.dot.gov/environment/nevi/ev deployment plans/mi nevi plan.pdf

60


https://doi.org/10.3141/2090-10
https://www.fhwa.dot.gov/environment/nevi/ev_deployment_plans/mi_nevi_plan.pdf

McLaren, J., Miller, J., O’Shaughnessy, E., Wood, E., and Shapiro, E. (2016). Emissions
associated with electric vehicle charging: impact of electricity generation mix, charging
infrastructure availability, and vehicle type, National Renewable Energy Laboratory,
Prepared under Task No. VTP2.0100, Golden, CO.

Miralinaghi, M., Keskin, B. B., Lou, Y., & Roshandeh, A. M. (2017). Capacitated refueling station
location problem with traffic deviations over multiple time periods. Networks and Spatial
Economics, 17, 129-151. https://doi.org/10.1007/s11067-016-9320-3

Miralinaghi, M., Lou, Y., Keskin, B. B., Zarrinmehr, A., & Shabanpour, R. (2017). Refueling
station location problem with traffic deviation considering route choice and demand
uncertainty. International Journal of Hydrogen Energy, 42(5), 3335-3351.

Miralinaghi, M., de Almeida Correia, G.H., Seilabi, S.E., Labi, S. (2020). Designing a network of
electric charging stations to mitigate vehicle emissions, 2020 Forum on Integrated and
Sustainable Transportation Systems (FISTS), 95-100.

Morrow, K., Karner, D., & Francfort, J. E. (2008). Vehicle Technologies Program -- Advanced
Vehicle Testing Activity -- Plug-in Hybrid Electric Vehicle Charging Infrastructure
Review, U.S. Department of Energy, https://www.osti.gov/biblio/946853

Mubarak, M., Uster, H., Abdelghany, K., & Khodayar, M. (2021). Strategic network design and
analysis for in-motion wireless charging of electric vehicles. Transportation Research
Part E: Logistics and Transportation Review, 145, 102179.

New York Department of Transportation. (2022). New York State National Electric Vehicle
Infrastructure Formula Program, Albany, NY.
https://www.fhwa.dot.gov/environment/nevi/ev_deployment_plans/ny_nevi_plan.pdf

Nissan USA. (2022). 2022 Nissan LEAF Range, Charging & Battery.
https://www.nissanusa.com/vehicles/electric-cars/leaf/features/range-charging-
battery.html

Odeh, Y. S,, Elkahlout, I. S., Naeimi, P. V., EIGhanam, E. A., Hassan, M. S., & Osman, A. H.
(2022, March). Planning and allocation of dynamic wireless charging infrastructure for

electric vehicles. In 2022 9th International Conference on Electrical and Electronics
Engineering (ICEEE) (pp. 306-310). IEEE.

61


https://www.nissanusa.com/vehicles/electric-cars/leaf/features/range-charging-battery.html
https://www.nissanusa.com/vehicles/electric-cars/leaf/features/range-charging-battery.html

Pourgholamali, M., Miralinaghi, M., Ha, P., Seilabi, S. E., & Labi, S. (2023). Sustainable
deployment of autonomous vehicles dedicated lanes in urban traffic networks.
Sustainable Cities and Society, 99, 104969. https://doi.org/10.1016/j.scs.2023.104969

Pourgholamali, M., Davatgari, A., Wang, J., Benny, D., Miralinaghi, M., Labi, S. (2022).
Facilitating electric propulsion of autonomous vehicles through efficient design of a
charging-facility network, CCAT Report #40, The Center for Connected and Automated
Transportation, Purdue University, W. Lafayette, IN.

Racherla, K., & Waight, M. (2018). Addressing EMI in electric cars with radio tuner architecture
[Future Directions]. IEEE Consumer Electronics Magazine, 7(1).
https://doi.org/10.1109/MCE.2017.2755278

Sanguesa, J. A., Torres-Sanz, V., Garrido, P., Martinez, F. J., & Marquez-Barja, J. M. (2021). A

review on electric vehicles: Technologies and challenges. Smart Cities, 4(1), 372-404.
Sathaye, N., & Kelley, S. (2013). An approach for the optimal planning of electric vehicle

infrastructure for highway corridors. Transportation Research Part E: Logistics and

Transportation Review, 59, 15-33. https://doi.org/10.1016/J.TRE.2013.08.003
Seilabi, S.E, Pourgholamali, M., He, S. X., & Labi, S. (2022). Managing dedicated lanes for

connected and autonomous vehicles to address bottleneck congestion considering

morning peak commuter departure choices. (June 21, 2022). Available at SSRN:
https://ssrn.com/abstract=4142516 or http://dx.doi.org/10.2139/ssrn.4142516
Seilabi, S.E, Saneii, M., Pourgholamali, M., Miralinaghi, M., & Labi, S. (2022). Total Road

Closure Vs. Partial Closure—Insights for Road Project Scheduling Using a Reinforcement
Learning-Based Approach. Partial Closure—Insights for Road Project Scheduling Using a
Reinforcement Learning-Based Approach (June 19, 2022).
https://dx.doi.org/10.2139/ssrn.4140770

Seilabi, S.E., Pourgholamali, M., Wang, J., Miralinaghi, M., Sundaram, S., Labi, S. (2022). Lane
management in the era of CAV deployment, CCAT Report #72, The Center for
Connected and Automated Transportation, Purdue University, West Lafayette, IN

Seilabi, S. E., Pourgholamali, M., de Almeida Correia, G. H., & Labi, S. (2023). Robust design
of CAV-Dedicated lanes considering CAV demand uncertainty and lane reallocation
policy. Transportation Research Part D: Transport and Environment, 121, 103827.
https://doi.org/10.1016/j.trd.2023.103827

62


https://doi.org/10.1109/MCE.2017.2755278
https://doi.org/10.1016/J.TRE.2013.08.003
http://dx.doi.org/10.2139/ssrn.4142516
https://doi.org/10.1016/j.trd.2023.103827

Shevchenko, V., Husev, O., Strzelecki, R., Pakhaliuk, B., Poliakov, N., & Strzelecka, N. (2019).
Compensation topologies in IPT systems: Standards, requirements, classification,
analysis, comparison and application. IEEE Access, 7, 120559-120580.
https://doi.org/10.1109/ACCESS.2019.2937891

Texas Department of Transportation. (2022). Texas Electric Vehicle Infrastructure Plan.

Tran, C. Q., Keyvan-Ekbatani, M., Ngoduy, D., & Watling, D. (2022). Dynamic wireless
charging lanes location model in urban networks considering route choices.
Transportation Research Part C: Emerging Technologies, 139, 103652.

Tungom, C. E., Niu, B., & Wang, H. (2024). Hierarchical framework for demand prediction and
iterative optimization of EV charging network infrastructure under uncertainty with cost
and quality-of-service consideration. Expert Systems with Applications, 237, 121761.

U.S. Department of Transportation. (2016). The Value of Travel Time Savings: Departmental
Guidance for Conducting Economic Evaluations Revision 2 (2016 Update).

Volvo Cars. (2022). Volvo XC40 Recharge pure electric.
https://www.volvocars.com/us/v/cars/xc40-
electric?gclid=Cj0KCQjwgYSTBhDKARIsAB8KuktkA2Gfhvs1GEschvK8b3P6rMDiC
KS9FG-KraDs2IshQfUn-t152vsaAo7REALW_wcB&gclsrc=aw.ds

Xu, D., Pei, W., & Zhang, Q. (2022). Optimal planning of electric vehicle charging stations
considering user satisfaction and charging convenience. Energies, 15(14), 5027.

Yan, L., Shen, H., Zhao, J., Xu, C., Luo, F., & Qiu, C. (2017, May). CatCharger: Deploying
wireless charging lanes in a metropolitan road network through categorization and
clustering of vehicle traffic. In IEEE INFOCOM 2017-1EEE conference on computer
communications , 1-9. IEEE.

Yildiz, B., Olcaytu, E., & Sen, A. (2019). The urban recharging infrastructure design problem
with stochastic demands and capacitated charging stations. Transportation Research Part
B: Methodological, 119, 22-44. https://doi.org/10.1016/J.TRB.2018.11.001

Zheng, H., He, X., Li, Y., & Peeta, S. (2017). Traffic equilibrium and charging facility locations
for electric vehicles. Networks and Spatial Economics, 17(2), 435-457.
https://doi.org/10.1007/S11067-016-9332-Z

63


https://www.volvocars.com/us/v/cars/xc40-electric?gclid=Cj0KCQjwgYSTBhDKARIsAB8KuktkA2Gfbvs1GEschvK8b3P6rMDiCKS9FG-KraDs2lshQfUn-tI52vsaAo7REALw_wcB&gclsrc=aw.ds
https://www.volvocars.com/us/v/cars/xc40-electric?gclid=Cj0KCQjwgYSTBhDKARIsAB8KuktkA2Gfbvs1GEschvK8b3P6rMDiCKS9FG-KraDs2lshQfUn-tI52vsaAo7REALw_wcB&gclsrc=aw.ds
https://www.volvocars.com/us/v/cars/xc40-electric?gclid=Cj0KCQjwgYSTBhDKARIsAB8KuktkA2Gfbvs1GEschvK8b3P6rMDiCKS9FG-KraDs2lshQfUn-tI52vsaAo7REALw_wcB&gclsrc=aw.ds

	Structure Bookmarks
	ROBUST DESIGN OF ELECTRIC CHARGING INFRASTRUCTURE LOCATIONS UNDER TRAVEL DEMAND UNCERTAINTY AND DRIVING RANGE HETEROGENEITY  
	ROBUST DESIGN OF ELECTRIC CHARGING INFRASTRUCTURE LOCATIONS UNDER TRAVEL DEMAND UNCERTAINTY AND DRIVING RANGE HETEROGENEITY  
	 
	by 
	Mohammadhosein Pourgholamali Davarani 
	 
	A Thesis 
	Submitted to the Faculty of Purdue University 
	In Partial Fulfillment of the Requirements for the degree of 
	 
	 
	 

	 
	 

	Master of Science in Civil Engineering 
	 
	Figure
	 
	Lyles School of Civil Engineering 
	West Lafayette, Indiana 
	December 2023 
	THE PURDUE UNIVERSITY GRADUATE SCHOOL 
	STATEMENT OF COMMITTEE APPROVAL 
	Dr. Samuel Labi, Chair 
	Lyles School of Civil Engineering 
	Dr. Bryan T. Adey 
	Department of Civil, Environment, and Geomatic Engineering                                                           ETH Zürich 
	Dr. Yiheng Feng 
	Lyles School of Civil Engineering 
	 
	Approved by: 
	Dr. Dulcy M. Abraham 
	 
	 
	To my family. 
	 
	ACKNOWLEDGMENTS 
	I would like to express my sincere gratitude to my advisor, Professor Samuel Labi, for his unwavering support during my M.S. studies. He has gone above and beyond what is expected of an advisor and has made a significant difference in both my career and personal life. I would also like to thank Dr. Mohammad Miralinaghi, my mentor, for guidance, support, advice, and friendship throughout my M.S. studies. Furthermore, I would like to thank my committee members, Professors Bryan T. Adey and Yiheng Feng, for th
	 
	 
	TABLE OF CONTENTS 
	LIST OF TABLES .......................................................................................................................... 7
	LIST OF TABLES .......................................................................................................................... 7
	LIST OF TABLES .......................................................................................................................... 7

	 

	LIST OF FIGURES ........................................................................................................................ 8
	LIST OF FIGURES ........................................................................................................................ 8
	LIST OF FIGURES ........................................................................................................................ 8

	 

	NOTATIONS .................................................................................................................................. 9
	NOTATIONS .................................................................................................................................. 9
	NOTATIONS .................................................................................................................................. 9

	 

	LIST OF ACRONYMS ................................................................................................................ 12
	LIST OF ACRONYMS ................................................................................................................ 12
	LIST OF ACRONYMS ................................................................................................................ 12

	 

	LIST OF COMMONLY USED TERMS ..................................................................................... 13
	LIST OF COMMONLY USED TERMS ..................................................................................... 13
	LIST OF COMMONLY USED TERMS ..................................................................................... 13

	 

	ABSTRACT .................................................................................................................................. 14
	ABSTRACT .................................................................................................................................. 14
	ABSTRACT .................................................................................................................................. 14

	 

	 INTRODUCTION ............................................................................................... 15

	1.1 Background ....................................................................................................................... 15
	1.1 Background ....................................................................................................................... 15
	1.1 Background ....................................................................................................................... 15

	 

	1.2 Electric Vehicle Types ...................................................................................................... 17
	1.2 Electric Vehicle Types ...................................................................................................... 17
	1.2 Electric Vehicle Types ...................................................................................................... 17

	 

	1.3 Electric Charging Facilities ............................................................................................... 18
	1.3 Electric Charging Facilities ............................................................................................... 18
	1.3 Electric Charging Facilities ............................................................................................... 18

	 

	1.4 Problem Statement ............................................................................................................ 19
	1.4 Problem Statement ............................................................................................................ 19
	1.4 Problem Statement ............................................................................................................ 19

	 

	1.5 Problem Objectives ........................................................................................................... 20
	1.5 Problem Objectives ........................................................................................................... 20
	1.5 Problem Objectives ........................................................................................................... 20

	 

	1.6 Scope of the Study ............................................................................................................ 21
	1.6 Scope of the Study ............................................................................................................ 21
	1.6 Scope of the Study ............................................................................................................ 21

	 

	1.7 Organization of the Thesis ................................................................................................ 21
	1.7 Organization of the Thesis ................................................................................................ 21
	1.7 Organization of the Thesis ................................................................................................ 21

	 

	 LITERATURE REVIEW .................................................................................... 22

	2.1 Introduction ....................................................................................................................... 22
	2.1 Introduction ....................................................................................................................... 22
	2.1 Introduction ....................................................................................................................... 22

	 

	2.2 Electric Charging Location Problems ............................................................................... 22
	2.2 Electric Charging Location Problems ............................................................................... 22
	2.2 Electric Charging Location Problems ............................................................................... 22

	 

	2.2.1 Deterministic Demand ............................................................................................... 23
	2.2.1 Deterministic Demand ............................................................................................... 23
	2.2.1 Deterministic Demand ............................................................................................... 23

	 

	2.2.2 Stochastic Demand .................................................................................................... 24
	2.2.2 Stochastic Demand .................................................................................................... 24
	2.2.2 Stochastic Demand .................................................................................................... 24

	 

	2.3 Wireless Electric Charging Lanes ..................................................................................... 25
	2.3 Wireless Electric Charging Lanes ..................................................................................... 25
	2.3 Wireless Electric Charging Lanes ..................................................................................... 25

	 

	2.4 Summary ........................................................................................................................... 28
	2.4 Summary ........................................................................................................................... 28
	2.4 Summary ........................................................................................................................... 28

	 

	 METHODOLOGY............................................................................................... 29
	3.1 Preliminaries ..................................................................................................................... 29
	3.1 Preliminaries ..................................................................................................................... 29
	3.1 Preliminaries ..................................................................................................................... 29

	 

	3.2 Mathematical Modeling .................................................................................................... 31
	3.2 Mathematical Modeling .................................................................................................... 31
	3.2 Mathematical Modeling .................................................................................................... 31

	 

	3.3 Solution Algorithm ........................................................................................................... 36
	3.3 Solution Algorithm ........................................................................................................... 36
	3.3 Solution Algorithm ........................................................................................................... 36

	 

	 NUMERICAL EXPERIMENTS ......................................................................... 39
	4.1 Case Study ........................................................................................................................ 39
	4.1 Case Study ........................................................................................................................ 39
	4.1 Case Study ........................................................................................................................ 39

	 

	4.2 Problem Setting ................................................................................................................. 41
	4.2 Problem Setting ................................................................................................................. 41
	4.2 Problem Setting ................................................................................................................. 41

	 

	4.3 Comparison of the Robust and Deterministic Schemes .................................................... 44
	4.3 Comparison of the Robust and Deterministic Schemes .................................................... 44
	4.3 Comparison of the Robust and Deterministic Schemes .................................................... 44

	 

	 
	 
	4.4 Impacts of Construction Budget ....................................................................................... 48
	4.4 Impacts of Construction Budget ....................................................................................... 48
	4.4 Impacts of Construction Budget ....................................................................................... 48

	 

	 CONCLUDING REMARKS ............................................................................... 51

	5.1 Study Conclusion .............................................................................................................. 51
	5.1 Study Conclusion .............................................................................................................. 51
	5.1 Study Conclusion .............................................................................................................. 51

	 

	5.2 Study Limitations and Future Work ................................................................................. 53
	5.2 Study Limitations and Future Work ................................................................................. 53
	5.2 Study Limitations and Future Work ................................................................................. 53

	 

	REFERENCES ............................................................................................................................. 55
	REFERENCES ............................................................................................................................. 55
	REFERENCES ............................................................................................................................. 55

	 

	 
	  
	LIST OF TABLES 
	Table 2.1. Literature summary ...................................................................................................... 27
	Table 2.1. Literature summary ...................................................................................................... 27
	Table 2.1. Literature summary ...................................................................................................... 27
	Table 2.1. Literature summary ...................................................................................................... 27

	 

	Table 4.1. Link characteristics of Sioux Falls network ................................................................ 42
	Table 4.1. Link characteristics of Sioux Falls network ................................................................ 42
	Table 4.1. Link characteristics of Sioux Falls network ................................................................ 42

	 

	Table 4.2. Optimal decommissioning plan ................................................................................... 46
	Table 4.2. Optimal decommissioning plan ................................................................................... 46
	Table 4.2. Optimal decommissioning plan ................................................................................... 46

	 

	Table 4.3. Performance of the robust and deterministic schemes in the Monte Carlo simulation 47
	Table 4.3. Performance of the robust and deterministic schemes in the Monte Carlo simulation 47
	Table 4.3. Performance of the robust and deterministic schemes in the Monte Carlo simulation 47

	 

	Table 4.4. Relative performance of the robust schemes with different construction  budget levels....................................................................................................................................................... 50
	Table 4.4. Relative performance of the robust schemes with different construction  budget levels....................................................................................................................................................... 50
	Table 4.4. Relative performance of the robust schemes with different construction  budget levels....................................................................................................................................................... 50

	 

	 

	 
	  
	LIST OF FIGURES 
	Figure 1.1. EV sales share prediction in US market (EVAdoption, 2023) ................................... 16
	Figure 1.1. EV sales share prediction in US market (EVAdoption, 2023) ................................... 16
	Figure 1.1. EV sales share prediction in US market (EVAdoption, 2023) ................................... 16
	Figure 1.1. EV sales share prediction in US market (EVAdoption, 2023) ................................... 16

	 

	Figure 3.1.  Transformation of traffic network ............................................................................. 30
	Figure 3.1.  Transformation of traffic network ............................................................................. 30
	Figure 3.1.  Transformation of traffic network ............................................................................. 30

	 

	Figure 3.2. Flowchart of the implemented solution algorithm ..................................................... 38
	Figure 3.2. Flowchart of the implemented solution algorithm ..................................................... 38
	Figure 3.2. Flowchart of the implemented solution algorithm ..................................................... 38

	 

	Figure 4.1. Sioux Falls network of refueling and charging stations ............................................. 39
	Figure 4.1. Sioux Falls network of refueling and charging stations ............................................. 39
	Figure 4.1. Sioux Falls network of refueling and charging stations ............................................. 39

	 

	Figure 4.2. Aggregate travel demand for each origin-destination (O-D) pair in period 1 ............ 40
	Figure 4.2. Aggregate travel demand for each origin-destination (O-D) pair in period 1 ............ 40
	Figure 4.2. Aggregate travel demand for each origin-destination (O-D) pair in period 1 ............ 40

	 

	Figure
	Figure
	Figure
	 
	4.3. Optimal locations of constructed charging and decommissioned refueling stations . 45

	 

	Figure 4.4. Effects of budget on travel time and travelers’ cost ................................................... 48
	Figure 4.4. Effects of budget on travel time and travelers’ cost ................................................... 48
	Figure 4.4. Effects of budget on travel time and travelers’ cost ................................................... 48

	 

	Figure 4.5. Effects of budget on charging cost of EVs ................................................................. 49
	Figure 4.5. Effects of budget on charging cost of EVs ................................................................. 49
	Figure 4.5. Effects of budget on charging cost of EVs ................................................................. 49

	 

	Figure 4.6. Effects of budget on unused electric charging capacity ............................................. 50
	Figure 4.6. Effects of budget on unused electric charging capacity ............................................. 50
	Figure 4.6. Effects of budget on unused electric charging capacity ............................................. 50

	 

	 

	 
	  
	NOTATIONS 
	𝐴:  Set of links 
	𝐴̌:  Set of dummy links 
	𝐵𝑡:  Construction budget for charging stations in period 𝑡 
	𝑍𝑟,𝑠𝑚,𝑡: Set of travel demand uncertainty of vehicle class 𝑚 for each O-D pair (𝑟,𝑠) in period 𝑡 
	𝐻1:  Total system travel time 
	𝐻2:  Total penalty of unused charging station capacity 
	𝐾𝑟,𝑠𝑚,𝑡:  Set of paths of each vehicle class 𝑚 for each O-D pair (𝑟,𝑠) in each period 𝑡 
	𝐿𝑖,𝑗:  Length of link (𝑖,𝑗) 
	𝑀:  Set of vehicle classes 
	𝑁:  Set of nodes 
	𝑁̿:  Set of dummy nodes with existing refueling stations 
	𝑁̅:  Set of dummy candidate nodes for construction of charging stations 
	𝑁̌:  Set of dummy nodes with existing charging stations 
	𝑄:  Travel demand uncertainty set 
	𝑅𝑚,𝑡:  driving range of class 𝑚 vehicle in period 𝑡 
	𝑊:  Set of O-D pairs 
	𝑐𝑖,𝑗𝑡:  Delay for link (𝑖,𝑗) in period 𝑡 
	𝑐̂𝑗,𝑗′𝑚,𝑡:  Pseudo delay of dummy link (𝑗,𝑗′) for class 𝑚 in period 𝑡 
	𝑒𝑖𝑗𝑤,𝑚,𝑡:  Binary variable that determines whether link (𝑖,𝑗) is a part of feasible path of travelers between O-D pair 𝑤 for class 𝑚 in period 𝑡 
	  
	NOTATIONS (CONTINUED) 
	𝑓𝑖,𝑗𝑤,𝑡,𝑚:  Flow of vehicle class 𝑚 travelers of O-D pair 𝑤 between link (𝑖,𝑗) in period 𝑡 
	ℎ̅𝑗:  Minimum acceptable refueling demand to maintain refueling station 𝑗 
	𝑘𝑖𝑡:  Construction cost of charging station of node 𝑖 at period 𝑡 
	𝑛𝑗:  Charging/refueling capacity of charging/refueling station at node 𝑗 
	𝑝𝑟,𝑠𝑚,𝑒,𝑡:  Binary variable that indicates whether scenario 𝑒 is realized for vehicle class 𝑚 of O-D pair (𝑟,𝑠) in period 𝑡 
	𝑞𝑟,𝑠𝑚,𝑒,𝑡:  Travel demand of vehicle class 𝑚 of O-D pair (𝑟,𝑠) under scenario 𝑒 in period 𝑡 
	𝑞𝑟,𝑠𝑒,𝑡:  Aggregate travel demand of O-D pair (𝑟,𝑠) under scenario 𝑒 in period 𝑡 
	𝑞𝑟,𝑠𝑚,𝑡:  Realized travel demand of vehicle class 𝑚 of O-D pair (𝑟,𝑠) in period 𝑡 
	𝑢𝑖𝑤,𝑚,𝑡:  Traveler distance just before visiting node 𝑖 from the last-visited charging station for travelers of O-D pair 𝑤 for class 𝑚 in period 𝑡 
	𝑢′𝑖𝑤,𝑚,𝑡:  Traveler distance after visiting node 𝑖 from the last-visited charging station for travelers of O-D pair 𝑤 for class 𝑚 in period 𝑡 
	𝜈𝑖,𝑗𝑡:  Traffic flow of link (𝑖,𝑗) in period 𝑡 
	𝜏:  Set of periods 
	𝛺(𝒒):  UE link flows for each 𝒒 
	𝜙1:  Weight of total system travel time 
	𝜙2:  Weight of total penalty of unused chargers in the objective function 
	𝛽𝑡:  Value of time of travelers in period 𝑡 
	  
	NOTATIONS (CONTINUED) 
	𝛿𝑘,𝑖,𝑗,𝑟,𝑠𝑚,𝑡: Path indicator, 1 if the link (𝑖,𝑗) is on path 𝑘 for vehicle class 𝑚 travelers of O-D pair (𝑟,𝑠) in period 𝑡, and 0 otherwise  
	Γ𝑡:  Uncertainty budget in period 𝑡 
	Ψ:  Penalty for unused charging station capacity  
	𝑡:  Conversion factor to calculate the present value of cost of period 𝑡 
	𝛥

	𝜅:  Conversion factor for travelers’ travel cost and unused charging station capacity 
	𝜋:  Constant interest rate 
	Λ:  A sufficiently large number 
	𝜍𝑖,𝑗:  Binary variable, 1 if link (𝑖,𝑗) belongs to the shortest path, and 0 otherwise 
	𝜒𝑖:  Remaining charge or fuel level at node 𝑖 after recharging or refueling, respectively 
	Υ𝑖:  The recharging or refueling amount at node 𝑖 
	𝜌𝑖,𝑗:  Auxiliary variable, 0 if link (𝑖,𝑗) belongs to the shortest path, 1 otherwise 
	ϱ𝑖𝑚,𝑡:  Maximum refueling or recharging amount that can be provided at node 𝑖 for vehicle class 𝑚 in period 𝑡 
	𝜑𝑖𝑡:  Operation status of refueling station at node 𝑖 and period 𝑡 
	𝜃𝑖𝑡:  Operation status of charging station at node 𝑖 and period 𝑡 
	𝜇𝑖𝑤,𝑡,𝑚:  Travel time of travelers of O-D pair 𝑤 for class 𝑚 at node 𝑖 and in period 𝑡 
	𝜁𝑖𝑗𝑤,𝑡,𝑚: Imposed excessive travel time between link (𝑖,𝑗) for travelers of class 𝑚 between O-D pair 𝑤 at period 𝑡 
	𝑛̅𝑖:  capacity of charging station 𝑖  
	LIST OF ACRONYMS 
	BEV  Battery Electric Vehicles 
	CAV  Connected and Autonomous Vehicle 
	EV  Electric Vehicles 
	ER-EVs Extended-range Electric Vehicles 
	FCEVs Fuel Cell Electric Vehicles 
	GPS  Global Positioning System 
	HEVs Hybrid Electric Vehicles 
	ICEV Internal Combustion Engine Vehicle  
	NGSA-II Non-dominated Sorting Genetic Algorithm II 
	O-D  Origin-Destination 
	PHEVs Plug-In Hybrid Electric Vehicles 
	SoC  State of Charge 
	TOPSIS Technique for Order of Preference by Similarity to Ideal Solution 
	WCL  Wireless Charging Lanes 
	WPT  Wireless Power Transfer 
	  
	LIST OF COMMONLY USED TERMS 
	Transportation decision-maker 
	Transportation decision-maker 
	Transportation decision-maker 
	Transportation decision-maker 

	A road agency that owns the roadway infrastructure. This agency is responsible for constructing electric charging facilities. In some cases, charging facility types are provided by a private-sector entity through lease, through design-build-operate contracting, or as infrastructure owned/operated independently of the road network. In such cases, the transportation decision-maker is the road agency that makes the investment decisions in conjunction with the private-sector entity. 
	A road agency that owns the roadway infrastructure. This agency is responsible for constructing electric charging facilities. In some cases, charging facility types are provided by a private-sector entity through lease, through design-build-operate contracting, or as infrastructure owned/operated independently of the road network. In such cases, the transportation decision-maker is the road agency that makes the investment decisions in conjunction with the private-sector entity. 


	EV charging facility planning 
	EV charging facility planning 
	EV charging facility planning 

	Long-term decision-making on electric charging infrastructure, regarding location, year of installation/construction, and charging capacity.  
	Long-term decision-making on electric charging infrastructure, regarding location, year of installation/construction, and charging capacity.  


	Traffic network user equilibrium 
	Traffic network user equilibrium 
	Traffic network user equilibrium 

	Users of a congested road network, seeking to determine their travel paths of minimal cost from their origins to their respective destinations, choose their most convenient path selfishly. At equilibrium, the number of trips between an origin and a destination equals the travel demand given by the market price (i.e., the travel time for the trips), and all users sharing the same origin and destination experience the same travel time. 
	Users of a congested road network, seeking to determine their travel paths of minimal cost from their origins to their respective destinations, choose their most convenient path selfishly. At equilibrium, the number of trips between an origin and a destination equals the travel demand given by the market price (i.e., the travel time for the trips), and all users sharing the same origin and destination experience the same travel time. 


	Dynamic charging 
	Dynamic charging 
	Dynamic charging 

	Charging an EV while it is moving. 
	Charging an EV while it is moving. 


	Charging station 
	Charging station 
	Charging station 

	Equipment that connects an EV to a source of electricity to recharge it using a connector (cable). 
	Equipment that connects an EV to a source of electricity to recharge it using a connector (cable). 


	Charging station capacity  
	Charging station capacity  
	Charging station capacity  

	Number of travelers that can use the EV charging station per unit of time. 
	Number of travelers that can use the EV charging station per unit of time. 


	EV driving range  
	EV driving range  
	EV driving range  

	The estimated distance an EV can drive at a given quantity of battery level. 
	The estimated distance an EV can drive at a given quantity of battery level. 


	EV charging facility method 
	EV charging facility method 
	EV charging facility method 

	Static or dynamic charging.  
	Static or dynamic charging.  


	Static charging  
	Static charging  
	Static charging  

	A method of charging an EV that requires the EV to be still.  
	A method of charging an EV that requires the EV to be still.  


	Wireless charging lane  
	Wireless charging lane  
	Wireless charging lane  

	Equipment that recharges an EV without a connector (cable) while the EV is moving.  
	Equipment that recharges an EV without a connector (cable) while the EV is moving.  


	Market penetration  
	Market penetration  
	Market penetration  

	Measure of how many EVs/ICEVs are being purchased by travelers. 
	Measure of how many EVs/ICEVs are being purchased by travelers. 



	  
	ABSTRACT 
	The rising demand for EVs, motivated by their environmental benefits, is generating increased need for EV charging infrastructure. Also, it has been recognized that the adequacy of such infrastructure helps promote EV use. Therefore, to facilitate EV adoption, governments seek guidance on continued investments in EV charging infrastructure development. The high cost of these investments motivates governments to seek optimal decisions on EV-related investments including EV charging infrastructure, and such d
	 INTRODUCTION 
	1.1 Background 
	Global concerns associated with the environment, climate change, and energy security continue to motivate the transition from fossil fuel vehicles (also referred to as internal combustion engine vehicles; ICEV) to other fuel types. Of the various types of alternative fuel vehicles, electric vehicles (EVs) have been proven to be a viable option to replace ICEVs. 
	To support the ICEV–EV transition, governments and automakers globally continue to make efforts, through policy and design, to increase the EV market share. For example, the United Kingdom and France seek to end ICEV sales by 2040 (Racherla & Waight, 2018). Despite global efforts, the current BEV market share is still limited worldwide. For example, according to recent data, the EV market share is less than 2% in the United States, even though several incentive programs to promote EVs have been implemented 
	The lack of electric charging stations is well recognized as one of the barriers to EV adoption in the US (Indiana Department of Transportation, 2022; Michigan Department of Transportation, 2022; New York Department of Transportation, 2022; Texas Department of Transportation, 2022). Researchers have found that in addition to initiatives including enhancements to battery capacity, reduction of recharging time, and increase in time-to-depletion, the provision of adequate electric charging stations helps reduc
	Figure 1.1
	Figure 1.1


	 
	Figure
	Figure 1.1. EV sales share prediction in US market (EVAdoption, 2023) 
	Franke and Krems (2013) argued that unless public authorities and private entities provide adequate charging stations to satisfy EV charging demand, customers will not be willing to purchase EVs. Due to the importance of charging stations, the US government recently provided a $5-billion budget for building EV charging infrastructure across the nation’s highway network (FHWA, 2022). 
	Such promotion of EVs is considered urgent in the current era for at least two reasons. First, the reduction of greenhouse gases is a major goal of the Infrastructure Investment and Jobs Act (IIJA; Public Law 117-58), an unprecedented piece of transportation legislation signed by President Biden in 2021. That legislation specifically targets climate change and therefore requires the Federal Energy Regulatory Commission to require each state to consider measures to promote greater transportation electrificat
	Similar to all infrastructure systems, the development of EV charging infrastructure must balance investment level and usage. On the one hand, inadequate charging stations will cause delays and frustration for EV users; on the other hand, an excessive number of stations will lead 
	to excess idle time, underutilization of the stations, and, ultimately, a waste of resources. Constructing adequate electric stations at well-chosen locations will decrease driving range anxiety and, therefore, is paramount to facilitating EV promotion (Cihat Onat et al., 2018; Coffman et al., 2016; Desai et al., 2021; Fauble et al., 2022; Funke et al., 2019; F. Guo et al., 2018; Huang and Kockelman, 2020). From a broader perspective of infrastructure management, urban infrastructure investment planning to 
	1.2 Electric Vehicle Types 
	Different types of EVs have been introduced in the vehicle manufacturing industry. These EVs differ mainly based on electricity storage technology, electric recharging type, and propulsion force source. In this subsection, EV types and their important characteristics are introduced:  
	•
	•
	•
	 Battery electric vehicles (BEVs): There is no internal combustion engine in BEVs, and BEVs do not use any sort of liquid fuel. Therefore, BEVs are propelled only by electricity. Different BEVs have different driving ranges that range from approximately 100 to 300 miles (Das et al., 2020; Sanguesa et al., 2021). 

	•
	•
	 Plug-in hybrid electric vehicles (PHEVs): This type of EV takes advantage of the hybrid propulsion mechanism of an internal combustion engine and electricity power. PHEVs can be recharged by available electricity charging facilities (Das et al., 2020; Sanguesa et al., 2021). 

	•
	•
	 Hybrid electric vehicles (HEVs): HEVs have the same propulsion mechanism as PHEVs: a combination of a conventional internal engine and electricity power. However, HEVs are different from PHEVs regarding the battery charging process. HEVs' batteries are not recharged through available electricity charging facilities. Instead, the batteries in HEVs are charged by the power generated by the internal combustion engine. For example, some HEVs are able to generate electricity during braking (Das et al., 2020; Sa


	•
	•
	•
	 Fuel cell electric vehicles (FCEVs): FCEVs burn compressed hydrogen to generate energy, and the generated energy is further converted to electricity. Water is the only material produced as a result of this process. FCEVs cannot be charged by currently available charging facilities (Das et al., 2020; Sanguesa et al., 2021). 

	•
	•
	 Extended-range electric vehicles (ER-EVs): ER-EVs are similar to BEVs; however, they are equipped with combustion engines used for battery charging. More specifically, the combustion engine does not generate any propulsion power and is not connected to the wheels (unlike HEVs and PHEVs, which use internal combustion engines to generate propulsion power too) (Das et al., 2020; Sanguesa et al., 2021). 


	1.3 Electric Charging Facilities 
	Three mechanisms for EV charging have been discussed in the literature: (i) static charging (using charging stations), (ii) inductive/wireless charging (Chen et al., 2016), and (iii) battery swapping (Adler et al., 2016). In the following, static and wireless charging are introduced in more detail. 
	Based on the power level of the charging equipment, the static charging method can be classified further into three levels. Level 1 charges EVs using 120-volt AC outlets, which is the lowest available voltage level in residential and business buildings in the US. So, level 1 is suitable for residential locations. Level 1 is a cheapest charging facility and can be set up at residential locations without any further required infrastructure. As level 1 provides a small amount of power, the charging duration is
	Wireless charging takes advantage of electromagnetic fields to provide conductive charging for EVs. Through this method, EV users can charge EVs wirelessly, without any cable connection. Three types of wireless charging have been developed. The first is stationary wireless 
	charging, which provides conductive charging at a static location (Das et al., 2020). The second is dynamic wireless charging, which enables EV users to charge their vehicles while they are driving. Therefore, they do not need stop at any charging stations (Das et al., 2020). The last type of wireless charging is quasi-dynamic wireless charging. With this technology, EVs can still charge in motion but at a slower speed than dynamic wireless charging (Das et al., 2020). 
	1.4 Problem Statement  
	There is a need to determine a model for the optimal location of level-3 electric charging stations in order to satisfy the charging demand of travelers for intercity trips during the transition period on the path toward full EV fleet market share. Due to their fast-charging technology, these types of EV charging stations are suitable for rural networks. Therefore, travelers can charge their EVs in a few minutes and continue their journeys. In addition to prospective new locations for the construction of el
	In practice, the task of locating EV charging infrastructure on a road network has been identified as a constituent aspect of the strategic plans of service providers and governments over long planning horizons. Due to the long-term horizon that is typical of agency strategic plans, the service provider needs to carry out a strategic network design that accommodates EV charging demand. Such demand is influenced by the EV adoption rate and the driving behavior of travelers. Over the next few decades, the EV 
	increase is uncertain due to factors including initial price sensitivity, energy cost, range reliability, and charging infrastructure availability (Liu & Lin, 2016). Further, fast-growing technological advancements and disruptive technologies, including electric automated vehicles, are expected to exacerbate the uncertainty in travel demand and driving patterns over the next few decades. Given the uncertainty in the EV adoption rate and driving behavior, it can be argued that EV charging demand can also be 
	1.5 Problem Objectives 
	This study seeks to duly and explicitly consider the uncertainty in EV charging demand over a long-term planning horizon (that is, on the order of several years) to locate EV charging stations to serve intercity travel. As stated earlier, the uncertainty in electric charging demand can be attributed to uncertainty in travel demand forecasts over a long-term planning horizon. In practice, there is inherent uncertainty in forecasting travel demand over a long-term planning horizon, and the accuracy of travel 
	In summary, the objectives of this study in relation to the literature are as follows: This study seeks to develop a robust design for a network of electric charging stations to address the uncertainty of travelers' refueling and electric charging demands. The study also seeks to develop a framework that prepares the charging infrastructure during the transition stage by gradually decommissioning existing refueling stations in the context of intercity trips. The third contribution is the consideration of th
	1.6 Scope of the Study 
	This thesis considers electric charging station planning from the perspective of two key stakeholders: the owner (an urban road agency) and EV users. As Adey (2018) pointed out, the management of any infrastructure should address effectiveness and efficiency goals from the perspectives of the key stakeholders. In this regard, the urban road agency, a key stakeholder in the analysis of this thesis, provides the investment resources for deploying the electric charging stations. The objectives of this stakehol
	1.7 Organization of the Thesis 
	The remaining sections are structured as follows: Section 2 presents a literature review on EV charging station planning. Next, the proposed methodology and solution algorithm are introduced in Section 3. Section 4 discusses the numerical experiments that compare the performances of robust and deterministic designs of electric charging station locations under travel demand uncertainty forecasts. Finally, the study’s insights and concluding remarks are provided in Section 5.  
	Most parts of this thesis are reprinted from the article Pourgholamali et al. (2023) with permission from the Journal of Infrastructure Systems by the American Society of Civil Engineers. 
	  
	 LITERATURE REVIEW 
	2.1 Introduction 
	EV charging facilities supply electrical energy for charging EVs, and, therefore, the operation of EVs depends on them. It is important to make effective decisions on constructing new facilities to promote EV adoption. These decisions involve many aspects of EV charging facilities, such as the types of charging facilities, their locations, and their charging levels. There are three levels of EV charging facilities: level 1, level 2, and level 3. These levels of EV charging facilities are mainly different in
	2.2 Electric Charging Location Problems 
	There is an extensive body of research on EV charging station planning. These studies have covered different aspects, including charging technologies (Brenna et al., 2020; Fisher et al., 2014; Shevchenko et al., 2019); travelers’ behaviors and preferences in electrification (Y. Guo et al., 2021, 2022); and optimal charging station configuration (Bai et al., 2019; Kchaou-Boujelben & Gicquel, 2020; Kınay et al., 2021; Yıldız et al., 2019). This study relates to only the past studies on optimal charging statio
	2.2.1 Deterministic Demand  
	The first group deals with locating stations under the assumption of deterministic refueling demand. Zheng et al. (2017) determined the optimal locations of EV charging stations to minimize the total system travel time and electricity consumption of travelers. Arslan and Karaşan (2016) developed a mixed-integer program for the EV charging station location problem, where the goal of the road infrastructure agency is to maximize the distance traveled by EVs. They solved the problem by using the Benders decomp
	incorporated real datasets of an urban area into a multi-objective optimization framework to select the best locations for electric charging stations. In this framework, they tried to maximize the utility coverage of the charging stations while minimizing their installation costs. Utility coverage was defined as the population, traffic, and activities covered by charging stations (Jordan et al., 2022). In another study, Xu et al. (2022) proposed a user-based location framework to maximize EV-user satisfacti
	2.2.2 Stochastic Demand 
	The second group of studies deals with uncertainty in both demand and supply (e.g., link capacity) of a traffic network. Sathaye and Kelley (2013) proposed a continuous optimization approach for constructing electric charging stations along highway corridors to minimize the distance traveled by EVs to recharge at charging stations, subject to a budget constraint. Hosseini and MirHassani (2015) developed a multi-period, two-stage decision framework to locate permanent and portable EV charging facilities. The
	driving range uncertainty in the optimal planning of electric charging stations. More specifically, they captured the uncertainties in the energy consumption of EVs and the energy availability of EV batteries. Liu et al. (2023) considered the uncertainties in electricity power output in bus electric charging station planning. They proposed a two-stage stochastic programming formulation that used a sample average approximation to capture the uncertainty of electricity power outputs. The proposed formulation 
	2.3 Wireless Electric Charging Lanes 
	Wireless electric charging lanes (WCL) enable EVs to charge their batteries while in motion. Wireless charging offers EVs a potentially unlimited driving range as long as the vehicle is operating in the charging lane. However, installing wireless electric charging lanes is challenging, as it is expensive and impacts traffic congestion. Therefore, a body of literature has focused on deploying optimal wireless electric charging lanes on road networks. In this subsection, some of the efforts that have been mad
	Chen et al. (2017) investigated the optimal deployment of charging stations and wireless charging lanes along a long traffic corridor to serve the electricity charging needs of EVs. They proposed a choice equilibrium model to capture the charging facility choices of EV drivers. Their model assumes EV drivers try to minimize their driving time, charging fees, charging time, and equipment costs (Z. Chen et al., 2017). Mubarak et al. (2021) proposed a framework for the optimal wireless charging lanes to serve 
	an optimization approach to determine the optimal locations and lengths of wireless electric charging lanes (Du et al., 2022). Odeh et al. (2022) presented an optimal allocation process for planning the locations of WCL lanes within the city of Dubai, UAE. They chose a set of candidate wireless electric charging lanes based on collected traffic data from the city. Then, they conducted an energy analysis on the selected candidate links to pick the most energy-efficient links to deploy wireless electric charg
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	Study 
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	Planning horizon 
	Planning horizon 

	Driving range heterogeneity 
	Driving range heterogeneity 

	Refueling stations Decommissioning 
	Refueling stations Decommissioning 


	Wireless charging 
	Wireless charging 
	Wireless charging 

	Chen et al. (2017) 
	Chen et al. (2017) 

	Deterministic 
	Deterministic 

	Single 
	Single 

	— 
	— 

	— 
	— 


	TR
	Mubarak et al. (2021) 
	Mubarak et al. (2021) 

	Deterministic 
	Deterministic 

	Single 
	Single 

	— 
	— 

	— 
	— 


	TR
	Tran et al. (2022) 
	Tran et al. (2022) 

	Deterministic 
	Deterministic 

	Single 
	Single 

	— 
	— 

	— 
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	TR
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	Majhi et al. (2022) 

	Deterministic 
	Deterministic 

	Single 
	Single 

	— 
	— 

	— 
	— 


	TR
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	Du et al. (2022) 

	Deterministic 
	Deterministic 

	Single 
	Single 

	— 
	— 

	— 
	— 


	TR
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	Odeh et al. (2022) 

	Deterministic 
	Deterministic 

	Single 
	Single 

	— 
	— 

	— 
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	Deterministic 

	Single 
	Single 

	— 
	— 

	— 
	— 
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	Deterministic 
	Deterministic 
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	— 
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	— 
	— 
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	Deterministic 

	Single 
	Single 

	— 
	— 

	— 
	— 


	TR
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	Stochastic (demand) 
	Stochastic (demand) 
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	— 
	— 

	— 
	— 


	TR
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	Deterministic 
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	Multiple 

	— 
	— 

	— 
	— 


	TR
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	Stochastic (demand) 
	Stochastic (demand) 
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	— 
	— 

	— 
	— 


	TR
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	Kchaou-Boujelben & Gicquel (2020) 

	Stochastic (driving range) 
	Stochastic (driving range) 

	Single 
	Single 
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	— 
	— 


	TR
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	— 
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	TR
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	TR
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	TR
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	Jordan et al. (2022) 
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	Deterministic 
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	Single 
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	— 
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	TR
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	Deterministic 
	Deterministic 

	Single 
	Single 

	— 
	— 

	— 
	— 


	TR
	Tungom et al. (2023) 
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	Deterministic 
	Deterministic 

	Multiple 
	Multiple 

	— 
	— 

	— 
	— 


	TR
	Liu et al. (2023) 
	Liu et al. (2023) 
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	— 
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	2.4 Summary 
	This chapter presents a review of the literature on electric charging facility planning.  shows a summary of the reviewed studies in this chapter. The majority of the studies assume deterministic values for the main planning components (e.g., travel demand and electricity consumption) and focus on a single-period planning horizon. However, there are a few studies that attempt to incorporate stochasticity in charging facility planning (Sathaye and Kelley, 2013; Hosseini and MirHassani, 2015; Yıldız et al., 2
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	 METHODOLOGY 
	This chapter presents the methodology implemented in this thesis for a robust electric charging station deployment. First, the preliminary results of the proposed methodology are presented. Then, the proposed mathematical framework and the implemented solution algorithm are introduced.  
	3.1 Preliminaries  
	The presented methodology focuses on constructing level-3 charging stations on a rural road network. Hence, the effects of traffic congestion on travel time are neglected, and it is assumed that travelers experience free-flow travel time. Throughout this thesis, some other main assumptions are made. First, both ICEVs and EVs have limited driving range, and the driving range of ICEVs is higher than that of EVs. Next, ICEVs and EVs are fully refueled or recharged before departing from their origins. Travelers
	Let 𝐺=(𝑁,𝐴) represent the road network. The planning horizon is divided into 𝑇 periods, which comprise the total duration of the planning horizon (typically, several years). Let 𝜏 denote the set of periods. The mixed-traffic scenario consists of EVs with different driving ranges and ICEVs. Let 𝑀 denote the set of vehicle types with cardinality |𝑀| where class 1 denotes ICEVs. Let 𝑚>1 denote different classes of EVs with different driving ranges, where 𝑅𝑚,𝑡 is the driving range of EVs of class 𝑚 
	This study assumes that charging and refueling stations are located on nodes or links (specifically, beside the links). Travelers experience a delay during recharging or refueling. To capture the impact of charging and refueling delays on travelers and the operational capacity of stations, the road network configuration is modified. For each node or link with a charging or 
	refueling station (either candidate or existing), a dummy node and certain dummy link(s) are included depending on the connection of the original node or link to other nodes in the road network. The set of dummy candidate nodes for charging stations is represented by 𝑁̅. The set of dummy nodes with existing refueling and charging stations are denoted by 𝑁̿ and 𝑁̌, respectively. 𝑁̌ is assumed to be a subset of 𝑁̅. Let 𝐴̌ denote the set of dummy links.  
	 
	Figure
	(a) electric charging station on a node 
	 
	 
	Figure
	(b) electric charging station on a link 
	 
	Figure 3.1.  Transformation of traffic network 
	 
	The network transformation is illustrated in Figure 3.1. Figure 3.1a represents the original network where the charging station is located on node 𝑗. To capture the impact of charging delay and the capacity of station 𝑗, dummy node 𝑗′ is included in the charging station (Figure 3.1a). Since node 𝑗 is connected to nodes 𝑖 and 𝑘, two dummy links, (𝑗’,𝑖) and (𝑗’,𝑘), are included. The delay of the dummy link, (𝑗,𝑗′), 𝑐̂𝑗,𝑗′𝑚,𝑡, is equal to the charging delay of EV travelers. The length of the 
	dummy link is set to zero to ensure that it does not impact the driving range. Travelers who traverse through link (𝑗,𝑗′) for recharging can continue their trips by using links (𝑗′,𝑖), and (𝑗′,𝑘) as they are identical to the links (𝑗,𝑖), and (𝑗,𝑘), respectively. Similarly, a dummy node 𝑗′ is added to the network to capture the charging or refueling delay when a charging or refueling station is located at the link (Figure 3.1b). The dummy node 𝑗′ is connected to nodes 𝑖 and 𝑗 by dummy links tha
	3.2 Mathematical Modeling 
	In practice, forecasts of travel demand are uncertain over a long-term planning horizon. This study assumes that it belongs to an uncertainty set. The travel demand uncertainty set for each vehicle class 𝑚 for each O-D pair (𝑟,𝑠) in each period 𝑡 is denoted by 𝑍𝑟,𝑠𝑚,𝑡, in which 𝑧=1 represents the deterministic travel demand scenario that can be used for analysis without considering travel demand uncertainty. It can denote the peak hour for travel demand. Let 𝒑 denote the vector of the aforementio
	𝑄={𝒒|∑𝑞𝑟,𝑠𝑚,𝑧,𝑡𝑝𝑟,𝑠𝑚,𝑧,𝑡𝑧∈𝑍𝑟,𝑠𝑚,𝑡=𝑞𝑟,𝑠𝑚,𝑡,∑𝑝𝑟,𝑠𝑚,𝑧,𝑡𝑧∈𝑍𝑟,𝑠𝑚,𝑡=1,𝑝𝑟,𝑠𝑚,𝑧,𝑡∈{0,1}} 
	𝑄={𝒒|∑𝑞𝑟,𝑠𝑚,𝑧,𝑡𝑝𝑟,𝑠𝑚,𝑧,𝑡𝑧∈𝑍𝑟,𝑠𝑚,𝑡=𝑞𝑟,𝑠𝑚,𝑡,∑𝑝𝑟,𝑠𝑚,𝑧,𝑡𝑧∈𝑍𝑟,𝑠𝑚,𝑡=1,𝑝𝑟,𝑠𝑚,𝑧,𝑡∈{0,1}} 
	𝑄={𝒒|∑𝑞𝑟,𝑠𝑚,𝑧,𝑡𝑝𝑟,𝑠𝑚,𝑧,𝑡𝑧∈𝑍𝑟,𝑠𝑚,𝑡=𝑞𝑟,𝑠𝑚,𝑡,∑𝑝𝑟,𝑠𝑚,𝑧,𝑡𝑧∈𝑍𝑟,𝑠𝑚,𝑡=1,𝑝𝑟,𝑠𝑚,𝑧,𝑡∈{0,1}} 
	𝑄={𝒒|∑𝑞𝑟,𝑠𝑚,𝑧,𝑡𝑝𝑟,𝑠𝑚,𝑧,𝑡𝑧∈𝑍𝑟,𝑠𝑚,𝑡=𝑞𝑟,𝑠𝑚,𝑡,∑𝑝𝑟,𝑠𝑚,𝑧,𝑡𝑧∈𝑍𝑟,𝑠𝑚,𝑡=1,𝑝𝑟,𝑠𝑚,𝑧,𝑡∈{0,1}} 
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	where 𝒒=(𝑞𝑟,𝑠𝑚,𝑧,𝑡,∀(𝑟,𝑠)∈𝑊,∀𝑚∈𝑀,𝑧∈𝑍𝑟,𝑠𝑚,𝑡,∀𝑡∈𝜏) denotes the set of potential travel demand vectors. In deriving the optimal strategy for charging and refueling stations, if the road infrastructure agency does not account for travel demand uncertainty and instead only incorporates a certain vector of travel demand (such as peak-hour travel demand), then the robust scheme is reduced to a conventional “deterministic” scheme. 
	The proposed robust mathematical program involves multiobjective optimization; therefore, the weights of total system travel time (Η1) and the total penalty of unused charging station capacity (Η2) are denoted by 𝜙1 and 𝜙2, respectively. Ψ is defined as the penalty for unused charging station capacity. Let 𝛥𝑡 be a factor for calculating the present value of costs in period 𝑡 that reflects the interest rates through the long-term planning horizon. Then, 𝛥𝑡 is equal to 1(1+𝜋)𝑡−1. Let 𝜅 denote the pa
	Upper-level model 
	min𝝋,𝜽(𝑚𝑎𝑥𝒑,𝒗 ( 𝜙1∙Η1+𝜙2∙Η2)) 
	min𝝋,𝜽(𝑚𝑎𝑥𝒑,𝒗 ( 𝜙1∙Η1+𝜙2∙Η2)) 
	min𝝋,𝜽(𝑚𝑎𝑥𝒑,𝒗 ( 𝜙1∙Η1+𝜙2∙Η2)) 
	min𝝋,𝜽(𝑚𝑎𝑥𝒑,𝒗 ( 𝜙1∙Η1+𝜙2∙Η2)) 

	TH
	L
	LI
	Lbl
	(2)   




	Η1=∑𝑡∙𝜅∙𝛽𝑡⋅(∑𝜈𝑖,𝑗𝑡∙𝑐𝑖,𝑗𝑡(𝑖,𝑗)∈𝐴𝑡∈𝜏+∑∑𝑣𝑖,𝑗𝑡∙𝑐̂𝑖,𝑗𝑚,𝑡(𝑖,𝑗)∈𝐴̌𝑚∈𝑀) 
	Η1=∑𝑡∙𝜅∙𝛽𝑡⋅(∑𝜈𝑖,𝑗𝑡∙𝑐𝑖,𝑗𝑡(𝑖,𝑗)∈𝐴𝑡∈𝜏+∑∑𝑣𝑖,𝑗𝑡∙𝑐̂𝑖,𝑗𝑚,𝑡(𝑖,𝑗)∈𝐴̌𝑚∈𝑀) 
	Η1=∑𝑡∙𝜅∙𝛽𝑡⋅(∑𝜈𝑖,𝑗𝑡∙𝑐𝑖,𝑗𝑡(𝑖,𝑗)∈𝐴𝑡∈𝜏+∑∑𝑣𝑖,𝑗𝑡∙𝑐̂𝑖,𝑗𝑚,𝑡(𝑖,𝑗)∈𝐴̌𝑚∈𝑀) 
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	Η2=∑Ψ⋅𝑡∙𝜅⋅∑∑(𝑛𝑗−𝜈𝑖,𝑗𝑡)𝑖:(𝑖,𝑗)∈𝐴̌𝑗:(𝑖,𝑗)∈𝐴̌|𝑗∈𝑁̅𝑡∈𝜏 
	Η2=∑Ψ⋅𝑡∙𝜅⋅∑∑(𝑛𝑗−𝜈𝑖,𝑗𝑡)𝑖:(𝑖,𝑗)∈𝐴̌𝑗:(𝑖,𝑗)∈𝐴̌|𝑗∈𝑁̅𝑡∈𝜏 
	Η2=∑Ψ⋅𝑡∙𝜅⋅∑∑(𝑛𝑗−𝜈𝑖,𝑗𝑡)𝑖:(𝑖,𝑗)∈𝐴̌𝑗:(𝑖,𝑗)∈𝐴̌|𝑗∈𝑁̅𝑡∈𝜏 
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	𝜑𝑖1=1 
	𝜑𝑖1=1 
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	∀𝑖∈𝑁̿ 
	∀𝑖∈𝑁̿ 
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	𝜑𝑖𝑡≤𝜑𝑖𝑡−1 
	𝜑𝑖𝑡≤𝜑𝑖𝑡−1 
	𝜑𝑖𝑡≤𝜑𝑖𝑡−1 

	∀𝑖∈𝑁̿,∀𝑡∈𝛤 
	∀𝑖∈𝑁̿,∀𝑡∈𝛤 
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	∑𝑘𝑖𝑡 𝜃𝑖1𝑖∈𝑁̅≤𝐵1 
	∑𝑘𝑖𝑡 𝜃𝑖1𝑖∈𝑁̅≤𝐵1 
	∑𝑘𝑖𝑡 𝜃𝑖1𝑖∈𝑁̅≤𝐵1 
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	∑𝑘𝑖𝑡 (𝜃𝑖𝑡−𝜃𝑖𝑡−1)𝑖∈𝑁̅≤𝐵𝑡 
	∑𝑘𝑖𝑡 (𝜃𝑖𝑡−𝜃𝑖𝑡−1)𝑖∈𝑁̅≤𝐵𝑡 
	∑𝑘𝑖𝑡 (𝜃𝑖𝑡−𝜃𝑖𝑡−1)𝑖∈𝑁̅≤𝐵𝑡 

	∀𝑡∈𝛤,𝑡>1 
	∀𝑡∈𝛤,𝑡>1 
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	𝜃𝑖𝑡=1 
	𝜃𝑖𝑡=1 
	𝜃𝑖𝑡=1 

	∀𝑖∈𝑁̌,∀𝑡∈𝛤 
	∀𝑖∈𝑁̌,∀𝑡∈𝛤 
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	𝜃𝑖𝑡≥𝜃𝑖𝑡−1 
	𝜃𝑖𝑡≥𝜃𝑖𝑡−1 
	𝜃𝑖𝑡≥𝜃𝑖𝑡−1 

	∀𝑖∈𝑁̅,∀𝑡∈𝛤 
	∀𝑖∈𝑁̅,∀𝑡∈𝛤 
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	ℎ̅𝑗∙𝜑𝑗𝑡≤𝑣𝑖,𝑗𝑡 
	ℎ̅𝑗∙𝜑𝑗𝑡≤𝑣𝑖,𝑗𝑡 
	ℎ̅𝑗∙𝜑𝑗𝑡≤𝑣𝑖,𝑗𝑡 

	∀𝑖∈𝑁,∀𝑗∈𝑁̿,∀(𝑖,𝑗)∈𝐴̌,∀𝑡∈𝛤 
	∀𝑖∈𝑁,∀𝑗∈𝑁̿,∀(𝑖,𝑗)∈𝐴̌,∀𝑡∈𝛤 
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	𝜈𝑖,𝑗𝑡≤𝑛𝑗∙𝜑𝑗𝑡 
	𝜈𝑖,𝑗𝑡≤𝑛𝑗∙𝜑𝑗𝑡 
	𝜈𝑖,𝑗𝑡≤𝑛𝑗∙𝜑𝑗𝑡 

	∀𝑖∈𝑁,∀𝑗∈𝑁̿,∀(𝑖,𝑗)∈𝐴̌,∀𝑡∈𝛤 
	∀𝑖∈𝑁,∀𝑗∈𝑁̿,∀(𝑖,𝑗)∈𝐴̌,∀𝑡∈𝛤 
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	𝜈𝑖,𝑗𝑡≤𝑛𝑗∙𝜃𝑗𝑡 
	𝜈𝑖,𝑗𝑡≤𝑛𝑗∙𝜃𝑗𝑡 
	𝜈𝑖,𝑗𝑡≤𝑛𝑗∙𝜃𝑗𝑡 
	𝜈𝑖,𝑗𝑡≤𝑛𝑗∙𝜃𝑗𝑡 

	∀𝑖∈𝑁,∀𝑗∈𝑁̅,∀(𝑖,𝑗)∈𝐴̌,∀𝑡∈𝛤 
	∀𝑖∈𝑁,∀𝑗∈𝑁̅,∀(𝑖,𝑗)∈𝐴̌,∀𝑡∈𝛤 
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	𝜃𝑖𝑡∈{0,1} 
	𝜃𝑖𝑡∈{0,1} 
	𝜃𝑖𝑡∈{0,1} 

	∀𝑖∈𝑁̅,∀𝑡∈𝛤 
	∀𝑖∈𝑁̅,∀𝑡∈𝛤 
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	𝜑𝑖𝑡∈{0,1} 
	𝜑𝑖𝑡∈{0,1} 
	𝜑𝑖𝑡∈{0,1} 

	∀𝑖∈𝑁̿,∀𝑡∈𝛤 
	∀𝑖∈𝑁̿,∀𝑡∈𝛤 
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	Lower-level model 
	𝑓𝑖𝑗𝑤,𝑡,1∙(𝑐𝑖𝑗𝑡+𝜇𝑖𝑤,𝑡,1−𝜇𝑗𝑤,𝑡,1)=0 
	𝑓𝑖𝑗𝑤,𝑡,1∙(𝑐𝑖𝑗𝑡+𝜇𝑖𝑤,𝑡,1−𝜇𝑗𝑤,𝑡,1)=0 
	𝑓𝑖𝑗𝑤,𝑡,1∙(𝑐𝑖𝑗𝑡+𝜇𝑖𝑤,𝑡,1−𝜇𝑗𝑤,𝑡,1)=0 
	𝑓𝑖𝑗𝑤,𝑡,1∙(𝑐𝑖𝑗𝑡+𝜇𝑖𝑤,𝑡,1−𝜇𝑗𝑤,𝑡,1)=0 

	∀(𝑖,𝑗)∈𝐴,∀𝑤,∀𝑡 
	∀(𝑖,𝑗)∈𝐴,∀𝑤,∀𝑡 

	(16)
	(16)
	(16)
	(16)
	   




	𝑐𝑖𝑗𝑡+𝜇𝑖𝑤,𝑡,1−𝜇𝑗𝑤,𝑡,1≥0 
	𝑐𝑖𝑗𝑡+𝜇𝑖𝑤,𝑡,1−𝜇𝑗𝑤,𝑡,1≥0 
	𝑐𝑖𝑗𝑡+𝜇𝑖𝑤,𝑡,1−𝜇𝑗𝑤,𝑡,1≥0 

	∀(𝑖,𝑗)∈𝐴,∀𝑤,∀𝑡 
	∀(𝑖,𝑗)∈𝐴,∀𝑤,∀𝑡 

	(17)
	(17)
	(17)
	(17)
	   




	𝑓𝑖𝑗𝑤,𝑡,𝑚∙(𝑐𝑖𝑗𝑡+𝜁𝑖𝑗𝑤,𝑡,𝑚+𝜇𝑖𝑤,𝑡,𝑚−𝜇𝑗𝑤,𝑡,𝑚)=0 
	𝑓𝑖𝑗𝑤,𝑡,𝑚∙(𝑐𝑖𝑗𝑡+𝜁𝑖𝑗𝑤,𝑡,𝑚+𝜇𝑖𝑤,𝑡,𝑚−𝜇𝑗𝑤,𝑡,𝑚)=0 
	𝑓𝑖𝑗𝑤,𝑡,𝑚∙(𝑐𝑖𝑗𝑡+𝜁𝑖𝑗𝑤,𝑡,𝑚+𝜇𝑖𝑤,𝑡,𝑚−𝜇𝑗𝑤,𝑡,𝑚)=0 

	∀(𝑖,𝑗)∈𝐴,∀𝑤,∀𝑡,𝑚>1 
	∀(𝑖,𝑗)∈𝐴,∀𝑤,∀𝑡,𝑚>1 

	(18)
	(18)
	(18)
	(18)
	   




	𝑐𝑖𝑗𝑡+𝜁𝑖𝑗𝑤,𝑡,𝑚+𝜇𝑖𝑤,𝑡,𝑚−𝜇𝑗𝑤,𝑡,𝑚≥0 
	𝑐𝑖𝑗𝑡+𝜁𝑖𝑗𝑤,𝑡,𝑚+𝜇𝑖𝑤,𝑡,𝑚−𝜇𝑗𝑤,𝑡,𝑚≥0 
	𝑐𝑖𝑗𝑡+𝜁𝑖𝑗𝑤,𝑡,𝑚+𝜇𝑖𝑤,𝑡,𝑚−𝜇𝑗𝑤,𝑡,𝑚≥0 

	∀(𝑖,𝑗)∈𝐴,∀𝑤,∀𝑡,𝑚>1 
	∀(𝑖,𝑗)∈𝐴,∀𝑤,∀𝑡,𝑚>1 

	(19)
	(19)
	(19)
	(19)
	   




	𝑓𝑖𝑗𝑤,𝑡,𝑚≤Λ 𝑒𝑖𝑗𝑤,𝑡,𝑚 
	𝑓𝑖𝑗𝑤,𝑡,𝑚≤Λ 𝑒𝑖𝑗𝑤,𝑡,𝑚 
	𝑓𝑖𝑗𝑤,𝑡,𝑚≤Λ 𝑒𝑖𝑗𝑤,𝑡,𝑚 

	∀(𝑖,𝑗)∈𝐴,∀𝑤,∀𝑡,𝑚>1 
	∀(𝑖,𝑗)∈𝐴,∀𝑤,∀𝑡,𝑚>1 

	(20)
	(20)
	(20)
	(20)
	   




	𝜁𝑖𝑗𝑤,𝑡,𝑚≤Λ (1−𝑒𝑖𝑗𝑤,𝑡,𝑚) 
	𝜁𝑖𝑗𝑤,𝑡,𝑚≤Λ (1−𝑒𝑖𝑗𝑤,𝑡,𝑚) 
	𝜁𝑖𝑗𝑤,𝑡,𝑚≤Λ (1−𝑒𝑖𝑗𝑤,𝑡,𝑚) 

	∀(𝑖,𝑗)∈𝐴,∀𝑤,∀𝑡,𝑚>1 
	∀(𝑖,𝑗)∈𝐴,∀𝑤,∀𝑡,𝑚>1 

	(21)
	(21)
	(21)
	(21)
	   




	𝜇𝑠𝑤,𝑡,𝑚=0 
	𝜇𝑠𝑤,𝑡,𝑚=0 
	𝜇𝑠𝑤,𝑡,𝑚=0 

	∀𝑤,∀𝑠,∀𝑡,∀𝑚 
	∀𝑤,∀𝑠,∀𝑡,∀𝑚 

	(22)
	(22)
	(22)
	(22)
	   




	𝑣𝑖,𝑗𝑡=∑∑𝑓𝑖𝑗𝑤,𝑡,𝑚𝑚∈𝑀𝑤∈𝑊 
	𝑣𝑖,𝑗𝑡=∑∑𝑓𝑖𝑗𝑤,𝑡,𝑚𝑚∈𝑀𝑤∈𝑊 
	𝑣𝑖,𝑗𝑡=∑∑𝑓𝑖𝑗𝑤,𝑡,𝑚𝑚∈𝑀𝑤∈𝑊 

	∀𝑡 
	∀𝑡 

	(23)
	(23)
	(23)
	(23)
	   




	∑𝑓𝑗𝑖𝑤,𝑡,𝑚𝑗:(𝑗,𝑖)∈𝐴−∑𝑓𝑖𝑗𝑤,𝑡,𝑚𝑗:(𝑖,𝑗)∈𝐴=𝑞𝑖𝑤,𝑡,𝑚 
	∑𝑓𝑗𝑖𝑤,𝑡,𝑚𝑗:(𝑗,𝑖)∈𝐴−∑𝑓𝑖𝑗𝑤,𝑡,𝑚𝑗:(𝑖,𝑗)∈𝐴=𝑞𝑖𝑤,𝑡,𝑚 
	∑𝑓𝑗𝑖𝑤,𝑡,𝑚𝑗:(𝑗,𝑖)∈𝐴−∑𝑓𝑖𝑗𝑤,𝑡,𝑚𝑗:(𝑖,𝑗)∈𝐴=𝑞𝑖𝑤,𝑡,𝑚 

	∀𝑤,∀𝑖,∀𝑡,∀𝑚 
	∀𝑤,∀𝑖,∀𝑡,∀𝑚 

	(24)
	(24)
	(24)
	(24)
	   




	𝜁𝑖𝑗𝑤,𝑡,𝑚 and 𝑓𝑖𝑗𝑤,𝑡,𝑚≥0  
	𝜁𝑖𝑗𝑤,𝑡,𝑚 and 𝑓𝑖𝑗𝑤,𝑡,𝑚≥0  
	𝜁𝑖𝑗𝑤,𝑡,𝑚 and 𝑓𝑖𝑗𝑤,𝑡,𝑚≥0  

	∀(𝑖,𝑗),∀𝑤,∀𝑡,∀𝑚 
	∀(𝑖,𝑗),∀𝑤,∀𝑡,∀𝑚 

	(25)
	(25)
	(25)
	(25)
	   





	The goal of the presented model is to minimize the worst-case sum of system travel time (Η1) and the total penalty due to unused charging station capacity (Η2; Equation ). Equation (3) calculates the total travel delay of ICEV and EV travelers. Equation (4) calculates the total unused electric charging stations and refueling stations. Constraints  ensure that refueling stations exist in the first period and can be used by ICEVs. Constraints  state that if the refueling station of node 𝑖 stops working in pe
	(2)
	(2)

	(5)
	(5)

	(6)
	(6)

	(7)
	(7)

	(8)
	(8)

	(9)
	(9)


	stations are available for charging throughout the entire planning horizon. Constraints  ensure that once a charging station is constructed in a period, it remains available for charging in subsequent periods. Constraints  ensure that the refueling station of node 𝑗 works in period 𝑡 if its demand is greater than or equal to ℎ̅𝑗. Constraints  are the capacity constraints of refueling stations, which state that the number of vehicles that refuel at node 𝑗 in period 𝑡 (i.e., traverse through the dummy li
	(10)
	(10)

	(11)
	(11)

	(12)
	(12)

	(13)
	(13)

	(12)
	(12)

	(14)
	(14)

	(15)
	(15)


	The second body of the model (–) addresses the route choice behavior of travelers. Constraints – are the UE conditions for ICEV users, which ensure that if ICEV users of each O-D pair use link (𝑖,𝑗), it belongs to the path between that O-D pair with minimum travel cost. Similarly, constraints – are the UE conditions for EV users. Constraint  ensures that if link (𝑖,𝑗) does not belong to the feasible path between an O-D pair, the flow of EVs is zero. Similarly, constraint  imposes an excessive travel cos
	(16)
	(16)

	(25)
	(25)

	(16)
	(16)

	(17)
	(17)

	(18)
	(18)

	(19)
	(19)

	(20)
	(20)

	(21)
	(21)

	(22)
	(22)

	(23)
	(23)

	(24)
	(24)

	(25)
	(25)


	An important component of the above formulation (–) is the feasible path of EVs (𝑒𝑖𝑗𝑤,𝑚,𝑡). Considering the heterogeneous driving range of ICEVs and EVs, the feasible paths of EVs (𝑒𝑖𝑗𝑤,𝑚,𝑡) are derived as a set of mixed-integer linear programs (equations –).  
	(2)
	(2)

	(25)
	(25)

	(26)
	(26)

	(39)
	(39)


	𝑢𝑗𝑤,𝑚,𝑡≥𝑢′𝑖𝑤,𝑚,𝑡+𝐿𝑖𝑗−Λ (1−𝑒𝑖𝑗𝑤,𝑚,𝑡) 
	𝑢𝑗𝑤,𝑚,𝑡≥𝑢′𝑖𝑤,𝑚,𝑡+𝐿𝑖𝑗−Λ (1−𝑒𝑖𝑗𝑤,𝑚,𝑡) 
	𝑢𝑗𝑤,𝑚,𝑡≥𝑢′𝑖𝑤,𝑚,𝑡+𝐿𝑖𝑗−Λ (1−𝑒𝑖𝑗𝑤,𝑚,𝑡) 
	𝑢𝑗𝑤,𝑚,𝑡≥𝑢′𝑖𝑤,𝑚,𝑡+𝐿𝑖𝑗−Λ (1−𝑒𝑖𝑗𝑤,𝑚,𝑡) 

	∀(𝑖,𝑗)∈𝐴,∀𝑤,∀𝑚,∀𝑡,∀𝑖,𝑗 
	∀(𝑖,𝑗)∈𝐴,∀𝑤,∀𝑚,∀𝑡,∀𝑖,𝑗 

	(26)
	(26)
	(26)
	(26)
	   




	𝑢𝑗𝑤,𝑚,𝑡≤𝑢′𝑖𝑤,𝑚,𝑡+𝐿𝑖𝑗+Λ (1−𝑒𝑖𝑗𝑤,𝑚,𝑡) 
	𝑢𝑗𝑤,𝑚,𝑡≤𝑢′𝑖𝑤,𝑚,𝑡+𝐿𝑖𝑗+Λ (1−𝑒𝑖𝑗𝑤,𝑚,𝑡) 
	𝑢𝑗𝑤,𝑚,𝑡≤𝑢′𝑖𝑤,𝑚,𝑡+𝐿𝑖𝑗+Λ (1−𝑒𝑖𝑗𝑤,𝑚,𝑡) 

	∀(𝑖,𝑗)∈𝐴,∀𝑤,∀𝑚,∀𝑡,∀𝑖,𝑗 
	∀(𝑖,𝑗)∈𝐴,∀𝑤,∀𝑚,∀𝑡,∀𝑖,𝑗 

	(27)
	(27)
	(27)
	(27)
	   




	𝑢𝑖𝑤,𝑚,𝑡≤𝑅𝑚,𝑡 
	𝑢𝑖𝑤,𝑚,𝑡≤𝑅𝑚,𝑡 
	𝑢𝑖𝑤,𝑚,𝑡≤𝑅𝑚,𝑡 

	∀𝑡,∀𝑤,∀𝑚,∀𝑖 
	∀𝑡,∀𝑤,∀𝑚,∀𝑖 

	(28)
	(28)
	(28)
	(28)
	   





	𝑢′𝑖𝑤,𝑚,𝑡≥𝑢𝑖𝑤,𝑚,𝑡−Λ 𝜃𝑖𝑡 
	𝑢′𝑖𝑤,𝑚,𝑡≥𝑢𝑖𝑤,𝑚,𝑡−Λ 𝜃𝑖𝑡 
	𝑢′𝑖𝑤,𝑚,𝑡≥𝑢𝑖𝑤,𝑚,𝑡−Λ 𝜃𝑖𝑡 
	𝑢′𝑖𝑤,𝑚,𝑡≥𝑢𝑖𝑤,𝑚,𝑡−Λ 𝜃𝑖𝑡 

	∀𝑡,∀𝑤,∀𝑚>1,∀𝑖∈𝑁−(𝑁̌∪𝑁̿) 
	∀𝑡,∀𝑤,∀𝑚>1,∀𝑖∈𝑁−(𝑁̌∪𝑁̿) 

	(29)
	(29)
	(29)
	(29)
	   




	𝑢′𝑖𝑤,𝑚,𝑡≤𝑢𝑖𝑤,𝑚,𝑡+Λ 𝜃𝑖𝑡 
	𝑢′𝑖𝑤,𝑚,𝑡≤𝑢𝑖𝑤,𝑚,𝑡+Λ 𝜃𝑖𝑡 
	𝑢′𝑖𝑤,𝑚,𝑡≤𝑢𝑖𝑤,𝑚,𝑡+Λ 𝜃𝑖𝑡 

	∀𝑡,∀𝑤,∀𝑚>1,∀𝑖∈𝑁−(𝑁̌∪𝑁̿) 
	∀𝑡,∀𝑤,∀𝑚>1,∀𝑖∈𝑁−(𝑁̌∪𝑁̿) 

	(30)
	(30)
	(30)
	(30)
	   




	𝑢′𝑖𝑤,𝑚,𝑡≤Λ (1−𝜃𝑖𝑡) 
	𝑢′𝑖𝑤,𝑚,𝑡≤Λ (1−𝜃𝑖𝑡) 
	𝑢′𝑖𝑤,𝑚,𝑡≤Λ (1−𝜃𝑖𝑡) 

	∀𝑡,∀𝑤,∀𝑚>1,∀𝑖∈𝑁̅ 
	∀𝑡,∀𝑤,∀𝑚>1,∀𝑖∈𝑁̅ 

	(31)
	(31)
	(31)
	(31)
	   




	𝑢′𝑖𝑤,𝑚,𝑡=0 
	𝑢′𝑖𝑤,𝑚,𝑡=0 
	𝑢′𝑖𝑤,𝑚,𝑡=0 

	∀𝑖∈𝑁̌,∀𝑚>1,∀𝑡,∀𝑤 
	∀𝑖∈𝑁̌,∀𝑚>1,∀𝑡,∀𝑤 

	(32)
	(32)
	(32)
	(32)
	   




	𝑢′𝑖𝑤,𝑚,𝑡≤Λ (1−𝜑𝑗𝑡) 
	𝑢′𝑖𝑤,𝑚,𝑡≤Λ (1−𝜑𝑗𝑡) 
	𝑢′𝑖𝑤,𝑚,𝑡≤Λ (1−𝜑𝑗𝑡) 

	∀𝑖∈𝑁̿,∀𝑚=1,∀𝑡,∀𝑤 
	∀𝑖∈𝑁̿,∀𝑚=1,∀𝑡,∀𝑤 

	(33)
	(33)
	(33)
	(33)
	  




	𝑢′𝑠𝑤,𝑚,𝑡=0 
	𝑢′𝑠𝑤,𝑚,𝑡=0 
	𝑢′𝑠𝑤,𝑚,𝑡=0 

	∀𝑠|(𝑠,𝑟)∈𝑊,∀𝑚,∀𝑡,∀𝑤 
	∀𝑠|(𝑠,𝑟)∈𝑊,∀𝑚,∀𝑡,∀𝑤 

	(34)
	(34)
	(34)
	(34)
	   




	𝑢𝑠𝑤,𝑚,𝑡=0 
	𝑢𝑠𝑤,𝑚,𝑡=0 
	𝑢𝑠𝑤,𝑚,𝑡=0 

	∀𝑠|(𝑠,𝑟)∈𝑊,∀𝑚,∀𝑡,∀𝑤 
	∀𝑠|(𝑠,𝑟)∈𝑊,∀𝑚,∀𝑡,∀𝑤 

	(35)
	(35)
	(35)
	(35)
	   




	∑𝑓𝑗𝑖𝑤,𝑡,𝑚𝑤,𝑚>1,𝑗:(𝑗,𝑖)∈𝐴≤𝑛̅𝑗 𝜃𝑖𝑡 
	∑𝑓𝑗𝑖𝑤,𝑡,𝑚𝑤,𝑚>1,𝑗:(𝑗,𝑖)∈𝐴≤𝑛̅𝑗 𝜃𝑖𝑡 
	∑𝑓𝑗𝑖𝑤,𝑡,𝑚𝑤,𝑚>1,𝑗:(𝑗,𝑖)∈𝐴≤𝑛̅𝑗 𝜃𝑖𝑡 

	∀𝑡,∀𝑖∈𝑁̅∪𝑁̌ 
	∀𝑡,∀𝑖∈𝑁̅∪𝑁̌ 

	(36)
	(36)
	(36)
	(36)
	   




	∑𝑓𝑗𝑖𝑤,𝑡,1≤𝑛̿𝑖𝜑𝑖𝑡𝑗,𝑤 
	∑𝑓𝑗𝑖𝑤,𝑡,1≤𝑛̿𝑖𝜑𝑖𝑡𝑗,𝑤 
	∑𝑓𝑗𝑖𝑤,𝑡,1≤𝑛̿𝑖𝜑𝑖𝑡𝑗,𝑤 

	∀𝑡,∀𝑖∈𝑁̿ 
	∀𝑡,∀𝑖∈𝑁̿ 

	(37)
	(37)
	(37)
	(37)
	   




	𝑢′𝑖𝑤,𝑡,𝑢𝑖𝑤,𝑡,𝑔𝑖𝑤,𝑡,𝑚,ℎ𝑖𝑡≥0 
	𝑢′𝑖𝑤,𝑡,𝑢𝑖𝑤,𝑡,𝑔𝑖𝑤,𝑡,𝑚,ℎ𝑖𝑡≥0 
	𝑢′𝑖𝑤,𝑡,𝑢𝑖𝑤,𝑡,𝑔𝑖𝑤,𝑡,𝑚,ℎ𝑖𝑡≥0 

	∀𝑡,∀𝑤,∀𝑖 
	∀𝑡,∀𝑤,∀𝑖 

	(38)
	(38)
	(38)
	(38)
	   




	𝑒𝑖𝑗𝑤,𝑡,𝑚∈{0,1} 
	𝑒𝑖𝑗𝑤,𝑡,𝑚∈{0,1} 
	𝑒𝑖𝑗𝑤,𝑡,𝑚∈{0,1} 

	∀𝑡,∀𝑤,∀(𝑖,𝑗)∈𝐴 
	∀𝑡,∀𝑤,∀(𝑖,𝑗)∈𝐴 

	(39)
	(39)
	(39)
	(39)
	   





	Constraints  and  calculate the distance that travelers traveled from the last-visited refueling stations (for 𝑚=1) or charging station (for 𝑚>1) after visiting node 𝑗 and just before visiting node 𝑖. Constraints  ensure that the traveled distance of vehicles (𝑢𝑗𝑤,𝑚,𝑡) is less than the driving range in period 𝑡 (𝑅𝑚,𝑡). Constraints  and  ensure that if a charging station is not located at node 𝑖, the traveled distances from the last-visited charging station just before visiting node 𝑖 (𝑢𝑖𝑤,
	(26)
	(26)

	(27)
	(27)

	(28)
	(28)

	(29)
	(29)

	(30)
	(30)

	(31)
	(31)

	(32)
	(32)


	operates at node 𝑖, then 𝑢′𝑖𝑤,𝑡 is equal to zero (constraint (33)). Constraints  and  ensure that (𝑢𝑖𝑤,𝑡) and (𝑢′𝑖𝑤,𝑡) are zero at the origin of the trips. Constraint  calculates the total volume of EVs that recharge at station 𝑖 and ensures that this not exceed the capacity of that charging station. Constraint  ensures that the served ICEVs do not exceed the capacity of the refueling stations. Especially, it ensures that when a refueling station is decommissioned, it does not serve ICEVs anym
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	3.3 Solution Algorithm 
	The proposed MMP1 (equations –) contains two types of binary variables and is classified as a mixed-integer problem. It cannot be solved in polynomial time and, therefore, is described as non-deterministic polynomial hard (NP-hard). Many solution algorithms are used to solve NO-hard problems in the literature (Miralinaghi, et al., 2017a; Miralinaghi, et al., 2017b; Pourgholamali et al., 2023; Labi et al., 2023; Seilabi et al., 2022a; Seilabi et al., 2022b). This study uses the cutting-plane scheme to solve 
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	𝜔≥𝜙1∙∑∆𝑡∙𝛽𝑡∙𝜅∙(∑𝑣𝑖,𝑗𝑡,𝑞∙𝑐𝑖,𝑗𝑡(𝑖,𝑗)∈𝐴+∑∑𝑣𝑖,𝑗𝑡,𝑞∙𝑐̂𝑖,𝑗𝑡(𝑖,𝑗)∈𝐴̌𝑚∈𝑀)𝑡∈𝜏+ 𝜙2∙∑∆𝑡∙Ψ∙𝜅∙(∑∑(𝑛𝑗−𝑣𝑖,𝑗𝑡,𝑞)𝑖:(𝑖,𝑗)∈𝐴̌𝑗:(𝑖,𝑗)∈𝐴̌|𝑗∈𝑁̅)𝑡∈𝜏 
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	∀𝑞∈𝑄 
	∀𝑞∈𝑄 

	TD
	L
	LI
	Lbl
	(41)   




	𝜈𝑞∈Ω(𝒒) 
	𝜈𝑞∈Ω(𝒒) 
	𝜈𝑞∈Ω(𝒒) 

	∀𝑞∈𝑄 
	∀𝑞∈𝑄 

	TD
	L
	LI
	Lbl
	(42)   





	where the superscript (∙)𝑞 denotes the variables that are associated with a specific travel demand uncertainty vector 𝑞∈𝑄. Although the number of feasible scenarios for the travel demand of each vehicle class 𝑚 of O-D pair (𝑟,𝑠) in period 𝑡 is particularly small, the number of vectors in the travel demand uncertainty set (𝑄) is generally very large. In MMP2, equations –, which present the UE conditions, need to be written for each 𝑞∈𝑄. To prevent presenting repetitive equations, equation  represen
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	 Based on the developed subproblems, a solution algorithm consists of eight main steps. To begin, the feasible paths of ICEVs and EVs are found based on the available refueling and charging stations (Step 1). The feasible paths are used to capture the route choice of travelers. In Step 2, the uncertain travel demand set is initialized by selecting a travel demand set (or vector). In this step, the nominal travel demand is selected and added to the uncertain travel demand set. Next, an optimal plan for const
	(Step 8). If not, it goes to Step 7 and adds the solution of MMP3 to the worst-case travel demand scenario. Figure 3.2 presents a simplified flowchart of the implemented solution algorithm.  
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	Step 7: Include the derived travel demand scenario in the travel demand uncertainty subset 
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	Step 3: Generate the robust refueling/charging station locations design 
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	Step 5: Generate the worst-case travel demand scenario 
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	Figure 3.2. Flowchart of the implemented solution algorithm  
	 NUMERICAL EXPERIMENTS 
	4.1 Case Study 
	This section presents the results of numerical experiments using the well-known Sioux Falls city road network (Figure 4.1), which has 24 nodes and 76 links. The road agency seeks the optimal timeline for constructing new EV charging stations and decommissioning existing refueling stations over the planning horizon.  
	 
	 
	Figure
	Figure 4.1. Sioux Falls network of refueling and charging stations 
	The horizon is assumed to be equal to 18 years, with 6 time periods of 3-year duration each. The characteristics of this network have been modified to better mimic intercity travel compared to the characteristics proposed by LeBlanc et al. (1975). The link characteristics (travel times and lengths) and the aggregate peak-hour travel demand of each origin-destination (O-D) pair in period 1 are listed in Table 4.1 and Figure 4.2, respectively.  
	 
	Figure
	Figure 4.2. Aggregate travel demand for each origin-destination (O-D) pair in period 1 
	4.2 Problem Setting 
	The travel demand uncertainty set for O-D pair 𝑤 and vehicle class 𝑚 in time period 𝑡 consists of four demand sets: (1) travel demand scenario at peak hour, (2) low travel demand scenario, (3) medium travel demand scenario, and (4) high travel demand scenario. Travel demand scenarios 2 to 4 are derived by multiplying travel demand scenario 1, as the benchmark, with random parameters that are generated based on the uniform distribution. The domain of the low travel demand scenario is [0.95, 1] in period 1
	  
	 
	Table 4.1. Link characteristics of Sioux Falls network 
	Link No. 
	Link No. 
	Link No. 
	Link No. 

	From 
	From 

	To 
	To 

	Travel Time (min) 
	Travel Time (min) 

	Length (mile) 
	Length (mile) 

	 
	 

	Link No. 
	Link No. 

	From 
	From 

	To 
	To 

	Travel Time (min) 
	Travel Time (min) 

	Length (mile) 
	Length (mile) 


	1 
	1 
	1 

	1 
	1 

	2 
	2 

	60.34 
	60.34 

	71.52 
	71.52 

	 
	 

	39 
	39 

	13 
	13 

	24 
	24 

	37.67 
	37.67 

	44.64 
	44.64 


	2 
	2 
	2 

	1 
	1 

	3 
	3 

	43.94 
	43.94 

	52.08 
	52.08 

	 
	 

	40 
	40 

	14 
	14 

	11 
	11 

	44.75 
	44.75 

	53.04 
	53.04 


	3 
	3 
	3 

	2 
	2 

	1 
	1 

	60.34 
	60.34 

	71.52 
	71.52 

	 
	 

	41 
	41 

	14 
	14 

	15 
	15 

	45.77 
	45.77 

	54.24 
	54.24 


	4 
	4 
	4 

	2 
	2 

	6 
	6 

	52.35 
	52.35 

	62.04 
	62.04 

	 
	 

	42 
	42 

	14 
	14 

	23 
	23 

	43.03 
	43.03 

	51.00 
	51.00 


	5 
	5 
	5 

	3 
	3 

	1 
	1 

	43.94 
	43.94 

	52.08 
	52.08 

	 
	 

	43 
	43 

	15 
	15 

	10 
	10 

	59.43 
	59.43 

	70.44 
	70.44 


	6 
	6 
	6 

	3 
	3 

	4 
	4 

	43.64 
	43.64 

	51.72 
	51.72 

	 
	 

	44 
	44 

	15 
	15 

	14 
	14 

	45.77 
	45.77 

	54.24 
	54.24 


	7 
	7 
	7 

	3 
	3 

	12 
	12 

	41.92 
	41.92 

	49.68 
	49.68 

	 
	 

	45 
	45 

	15 
	15 

	19 
	19 

	35.44 
	35.44 

	42.00 
	42.00 


	8 
	8 
	8 

	4 
	4 

	3 
	3 

	43.64 
	43.64 

	51.72 
	51.72 

	 
	 

	46 
	46 

	15 
	15 

	22 
	22 

	35.44 
	35.44 

	42.00 
	42.00 


	9 
	9 
	9 

	4 
	4 

	5 
	5 

	21.87 
	21.87 

	25.92 
	25.92 

	 
	 

	47 
	47 

	16 
	16 

	8 
	8 

	48.80 
	48.80 

	57.84 
	57.84 


	10 
	10 
	10 

	4 
	4 

	11 
	11 

	65.41 
	65.41 

	77.52 
	77.52 

	 
	 

	48 
	48 

	16 
	16 

	10 
	10 

	45.56 
	45.56 

	54.00 
	54.00 


	11 
	11 
	11 

	5 
	5 

	4 
	4 

	21.87 
	21.87 

	25.92 
	25.92 

	 
	 

	49 
	49 

	16 
	16 

	17 
	17 

	16.91 
	16.91 

	20.04 
	20.04 


	12 
	12 
	12 

	5 
	5 

	6 
	6 

	42.22 
	42.22 

	50.04 
	50.04 
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	18 

	27.24 
	27.24 

	32.28 
	32.28 
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	13 
	13 
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	5 

	9 
	9 
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	60.36 
	60.36 
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	81.41 
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	16.91 
	16.91 

	20.04 
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	5 
	5 

	42.22 
	42.22 

	50.04 
	50.04 
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	19 
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	23.39 
	23.39 

	27.72 
	27.72 
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	21.97 
	21.97 
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	115.32 
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	11 
	11 
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	65.41 
	65.41 

	77.52 
	77.52 
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	22 
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	16.91 
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	20.04 
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	11 
	11 

	10 
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	50.62 
	50.62 

	60.00 
	60.00 

	 
	 

	70 
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	22 
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	23 
	23 

	40.50 
	40.50 

	48.00 
	48.00 
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	33 
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	11 
	11 

	12 
	12 

	65.41 
	65.41 

	77.52 
	77.52 

	 
	 

	71 
	71 

	23 
	23 

	14 
	14 

	43.03 
	43.03 

	51.00 
	51.00 
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	34 
	34 

	11 
	11 

	14 
	14 

	44.75 
	44.75 

	53.04 
	53.04 

	 
	 

	72 
	72 

	23 
	23 

	22 
	22 

	40.50 
	40.50 

	48.00 
	48.00 


	35 
	35 
	35 

	12 
	12 

	3 
	3 

	41.92 
	41.92 

	49.68 
	49.68 

	 
	 

	73 
	73 

	23 
	23 

	24 
	24 

	19.04 
	19.04 

	22.56 
	22.56 


	36 
	36 
	36 

	12 
	12 

	11 
	11 

	65.41 
	65.41 

	77.52 
	77.52 

	 
	 

	74 
	74 

	24 
	24 

	13 
	13 

	37.67 
	37.67 

	44.64 
	44.64 


	37 
	37 
	37 

	12 
	12 

	13 
	13 

	30.17 
	30.17 

	35.76 
	35.76 

	 
	 

	75 
	75 

	24 
	24 

	21 
	21 

	33.31 
	33.31 

	39.48 
	39.48 


	38 
	38 
	38 

	13 
	13 

	12 
	12 

	30.17 
	30.17 

	35.76 
	35.76 

	 
	 

	76 
	76 

	24 
	24 

	23 
	23 

	19.04 
	19.04 

	22.56 
	22.56 



	 
	 
	It is assumed that the network has 10 existing refueling stations located at nodes 3, 5, 7, 12, 17, 21, and 23 and at links (1,2), (10,11), and (18,20). There are also 5 existing charging stations at nodes 5, 12, 19, and 21 and at link (1,2). Figure 4.1 illustrates 13 candidate locations for constructing new charging stations, which are nodes 2, 3, 4, 7, 9, 13, 14, 15, 17, 18, and 23 and links (10,11) and (18,20). The construction costs of new charging stations are assumed to be identical for all candidate 
	In this case study, equal weights for the two considered objective criteria in the objective function (i.e., 𝜙1=𝜙2=1) are assumed. The constant interest rate (𝜋) for each period during the entire planning horizon is assumed to be equal to 5 percent. Hence, 𝛥𝑡 is equal to 11.05𝑡−1. Furthermore, 𝜅 equals 26,280 (that is, 24×365×3) to convert the hourly-based costs to the basis of each period duration (i.e., 3 years). The conversion factor presents the system costs in a way that is more representative o
	4.3
	4.3

	4.4
	4.4


	4.3 Comparison of the Robust and Deterministic Schemes 
	In this section, the performance of robust planning is investigated. To do this, the optimal long-term plan of the proposed robust framework, which is called the “robust scheme,” is compared to its counterpart, the “deterministic scheme.” The deterministic scheme is the optimal long-term plan of the proposed framework, except the only deterministic values of demand are assumed to be travel demand (therefore, the travel demand uncertainty set contains only one travel demand set, which is the deterministic tr
	First, the obtained locations and decommissioning timelines under deterministic and robust schemes are compared. Figure 4.3 shows the optimal location of constructed charging stations and decommissioned refueling stations. Under the robust scheme, there are three additional charging stations compared to the deterministic scheme during the planning horizon. This is due to the higher conservatism of the road agencies, who consider the worst-case travel demand scenario in the optimal design, in robust scheme. 
	Furthermore, both schemes suggest almost identical designs for decommissioning the existing refueling stations, except for period 5 (). Both schemes suggest decommissioning refueling stations located at node 23, link (10,11), node 3, and node 17 in periods 2, 3, 4, and 6. Under the deterministic scheme, the refueling station on node 12 must be decommissioned in period 5, while the robust scheme suggests decommissioning the refueling station located at link (18,20) in period 5. This similarity is due to the 
	Table 4.2
	Table 4.2


	 
	Figure
	Figure4.3. Optimal locations of constructed charging and decommissioned refueling stations
	 

	Table 4.2. Optimal decommissioning plan 
	(a) Robust scheme 
	Refueling station 
	Refueling station 
	Refueling station 
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	(b) Deterministic scheme 
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	Next, the performance of the deterministic and robust schemes under uncertainty in the long-term travel demand forecasts is investigated. To do this, three Monte Carlo simulations are implemented. In these analyses, 1,000 travel demand vectors for each simulation are generated based on the different distributions that use travel demand scenarios (1)–(4). The distributions for simulations 1 to 3 include (1) optimistically asymmetric distribution with higher occurrence probability (that is, 0.4) for low and p
	The relative performances of the robust and deterministic schemes in each of the three simulations are compared based on the three measures: (i) travelers’ costs, (ii) charging costs of 
	EVs, and (iii) standard deviation of travelers’ costs (). “Travelers’ costs” refers to the monetized travel time experienced by travelers. The induced delay for EV travelers due to charging their EVs at charging stations is called the “charging cost of EVs.” Overall, travelers’ costs increase from simulation 1 to simulation 3 under both robust and deterministic schemes. This is due to the increase in travel demand from simulation 1 to simulation 3. Under simulations 1–3, the robust scheme reduces average tr
	Additionally, the standard deviation of the travelers’ cost under a robust scheme is also less than or equal to that under the deterministic scheme in simulations 1–3, which demonstrates the less volatile performance of the robust scheme compared to the deterministic scheme. This is due to the more conservative approach of the road infrastructure agency under the robust scheme to plan for the worst-case travel demand scenario. A similar discussion applies to the differences between robust and deterministic 
	 
	Table 4.3. Performance of the robust and deterministic schemes in the Monte Carlo simulation 
	Simulation 
	Simulation 
	Simulation 
	Simulation 

	Measures (in million dollars) 
	Measures (in million dollars) 

	Robust Scheme 
	Robust Scheme 

	Deterministic Scheme 
	Deterministic Scheme 


	1 
	1 
	1 

	Average travelers’ cost 
	Average travelers’ cost 

	$70,760 
	$70,760 

	$70,803 
	$70,803 


	TR
	Average charging cost of EVs 
	Average charging cost of EVs 

	$5,115 
	$5,115 

	$5,159 
	$5,159 


	TR
	Standard deviation of travelers’ cost 
	Standard deviation of travelers’ cost 

	101 
	101 

	102 
	102 


	 
	 
	 

	 
	 

	 
	 

	 
	 


	2 
	2 
	2 

	Average travelers’ cost 
	Average travelers’ cost 

	$75,135 
	$75,135 

	$75,160 
	$75,160 


	TR
	Average charging cost of EVs 
	Average charging cost of EVs 

	$5,474 
	$5,474 

	$5,498 
	$5,498 


	TR
	Standard deviation of travelers’ cost 
	Standard deviation of travelers’ cost 

	145 
	145 

	146 
	146 


	3 
	3 
	3 

	Average travelers’ cost 
	Average travelers’ cost 

	$78,821 
	$78,821 

	$78,839 
	$78,839 


	TR
	Average charging cost of EVs 
	Average charging cost of EVs 

	$5,776 
	$5,776 

	$5,795 
	$5,795 


	TR
	Standard deviation of travelers cost 
	Standard deviation of travelers cost 

	119 
	119 

	120 
	120 


	Sim1 
	Sim1 
	Sim1 

	tends to have relatively lower demand levels on average 
	tends to have relatively lower demand levels on average 

	 
	 


	Sim2 
	Sim2 
	Sim2 

	tends to have relatively medium demand levels on average 
	tends to have relatively medium demand levels on average 

	 
	 


	Sim3 
	Sim3 
	Sim3 

	tends to have relatively higher demand levels on average 
	tends to have relatively higher demand levels on average 

	 
	 


	Details of simulations are provided on pages 52 and 53. 
	Details of simulations are provided on pages 52 and 53. 
	Details of simulations are provided on pages 52 and 53. 

	 
	 



	4.4 Impacts of Construction Budget 
	Next, the impacts of the construction budget on the optimal design of electric charging infrastructure are investigated using four cases. The construction budget used in the previous analysis (Section ) is referred to as case 1, which is a base case in this analysis. The construction budget in each period for cases 2 to 4 is derived by multiplying the construction budget of case 1 by 1.5, 2, and 2.5 for each period, respectively. Therefore, the corresponding budgets for cases 2–4 are as follows: 12, 16, and
	4.3
	4.3


	 
	 
	 
	 
	 

	 
	 


	(a) Savings in total travel time 
	(a) Savings in total travel time 
	(a) Savings in total travel time 

	(b) Marginal travel time savings 
	(b) Marginal travel time savings 



	Figure
	Figure
	Figure 4.4. Effects of budget on travel time and travelers’ cost 
	 
	Besides the savings in total travel time of travelers, the effects of construction budgets on the total savings in charging costs of EVs are investigated (Figure 4.5). The effects of the construction budget on the total charging costs of EVs are similar to the discussed effects on the total travel cost of travelers. Similarly, Figure 4.5a shows that increasing the construction budget increases the saved charging costs of EVs (defined as the difference between the charging costs of EVs in a budget case and b
	 
	 
	 
	 
	 
	 

	 
	 


	(a) Total savings in charging cost 
	(a) Total savings in charging cost 
	(a) Total savings in charging cost 

	(b) Marginal savings in charging cost 
	(b) Marginal savings in charging cost 



	Figure
	Figure
	Figure 4.5. Effects of budget on charging cost of EVs 
	 
	Next, the effects of the construction budget on the unused charging station capacity are discussed. As expected, increasing the construction budget results in more charging stations in the network and, therefore, more unused charging station capacity (Figure 4.6). Although there is a penalty for the unused capacity, the number of constructed charging stations increases with the increase in the budget. This is because the decrease in travelers' costs caused by constructing more charging stations prevails ove
	 
	Figure
	Figure 4.6. Effects of budget on unused electric charging capacity 
	 
	The comparison of robust schemes under different budget cases is summarized in Table 4.4. Besides the total travel time and charging costs of EVs, the actual expenditures under the budget cases are shown in Table 4.4. Under budget cases 2 and 3, the construction expenditure increases by $3 million compared to case 1 due to the higher number of charging stations constructed. However, it decreases by $1 million under budget case 4 compared to cases 2 and 3, since more charging stations are constructed in the 
	 
	Table 4.4. Relative performance of the robust schemes with different construction budget levels  
	Sim # 
	Sim # 
	Sim # 
	Sim # 

	Measures (in million dollars) 
	Measures (in million dollars) 

	Construction Budget Case 
	Construction Budget Case 


	TR
	 
	 

	2 
	2 

	3 
	3 

	4 
	4 


	1 
	1 
	1 

	Relative construction expenditure 
	Relative construction expenditure 

	+$3 
	+$3 

	+$3 
	+$3 

	+$2 
	+$2 


	TR
	Relative travelers’ cost 
	Relative travelers’ cost 

	–$12 
	–$12 

	–$17 
	–$17 

	–$20 
	–$20 


	TR
	Relative penalty of unused charging station capacity 
	Relative penalty of unused charging station capacity 

	+$0.12 
	+$0.12 

	+$4.38 
	+$4.38 

	+$4.68 
	+$4.68 


	TR
	Relative charging cost of EVs 
	Relative charging cost of EVs 

	–$18 
	–$18 

	–$23 
	–$23 

	–$27 
	–$27 


	2 
	2 
	2 

	Relative construction expenditure 
	Relative construction expenditure 

	+$3 
	+$3 

	+$3 
	+$3 

	+$2 
	+$2 


	TR
	Relative travelers’ cost 
	Relative travelers’ cost 

	–$14 
	–$14 

	–$19 
	–$19 

	–$23 
	–$23 


	TR
	Relative penalty of unused charging station capacity  
	Relative penalty of unused charging station capacity  

	+$0.16 
	+$0.16 

	+$4.67 
	+$4.67 

	+$4.97 
	+$4.97 


	TR
	Relative charging cost of EVs 
	Relative charging cost of EVs 

	–$22 
	–$22 

	–$28 
	–$28 

	–$31 
	–$31 


	3 
	3 
	3 

	Relative construction expenditure 
	Relative construction expenditure 

	+$3 
	+$3 

	+$3 
	+$3 

	+$2 
	+$2 


	TR
	Relative travelers’ cost 
	Relative travelers’ cost 

	–$19 
	–$19 

	–$24 
	–$24 

	–$28 
	–$28 


	TR
	Relative penalty of unused capacity of charging stations 
	Relative penalty of unused capacity of charging stations 

	+$0.21 
	+$0.21 

	+$4.83 
	+$4.83 

	+$5.14 
	+$5.14 


	TR
	Relative charging cost of EVs 
	Relative charging cost of EVs 

	–$27 
	–$27 

	–$32 
	–$32 

	–$36 
	–$36 


	Sim1 
	Sim1 
	Sim1 

	tends to have relatively lower demand levels on average;  
	tends to have relatively lower demand levels on average;  


	Sim2  
	Sim2  
	Sim2  

	tends to have relatively medium demand levels on average 
	tends to have relatively medium demand levels on average 


	Sim3 
	Sim3 
	Sim3 

	tends to have relatively higher demand levels on average 
	tends to have relatively higher demand levels on average 

	 
	 

	 
	 


	Details of simulations are provided on pages 52 and 53. 
	Details of simulations are provided on pages 52 and 53. 
	Details of simulations are provided on pages 52 and 53. 

	 
	 

	 
	 



	 CONCLUDING REMARKS 
	5.1 Study Conclusion 
	This study investigated the optimal location of electric charging stations and the decommissioning of existing refueling stations in the context of intercity trips over a long-term planning horizon. The uncertainties in refueling and electric charging demand are taken into account by considering uncertainties in travel demand forecasts over a long-term planning horizon. Then, the research accounts for uncertainty in travel demand forecasts using a travel demand uncertainty set for each period. Furthermore, 
	The problem is formulated as a min-max mathematical program where the weighted sum of the worst-case (maximum) total system travel cost and the total penalty for unused charging station capacity during the planning horizon is minimized. The formulated min-max problem is considered an NP-hard problem; therefore, a cutting-plane scheme is adopted to solve the problem efficiently, where two subproblems are solved in each iteration. The first subproblem yields the optimal timeline and location for constructing 
	The problem is applied to the Sioux Falls network. It is assumed that for this network, the road infrastructure agency seeks to determine the optimal location and timeline for constructing new electric charging stations and decommissioning existing refueling stations. It is shown that, due to the higher conservatism of the road infrastructure agency under the robust scheme, a higher number of charging stations needs to be constructed compared to the deterministic scheme. Further, under the robust scheme, ne
	Three sets of Monte Carlo simulations were carried out to assess the performance of a robust scheme compared to its deterministic counterpart. The results of the computational experiments illustrate that the proposed robust scheme outperforms the deterministic scheme based on various criteria such as travelers’ costs, charging cost of EVs, construction cost, and total cost. In particular, while the deterministic scheme cannot satisfy any of the simulation instances generated based on the uniform and pessimi
	The framework presented for constructing electric charging stations over a long-term planning horizon can provide guidance to road agencies in their long-term planning and budgeting functions. This is important in the current era where these agencies continue to seek knowledge on how they can best prepare the existing roadway infrastructure to support a new era of transformative transportation technologies, including automated, connected, and electric vehicles. Such guidance can also help mitigate the inher
	5.2 Study Limitations and Future Work 
	This research can be extended in several directions. First, although our study considers the uncertainty in travel demand, there are other sources of uncertainty that should be considered in electric charging station planning, especially in long-term planning. For example, the uncertainty in the market penetration of different classes of EVs has not been assessed. An interesting research direction would be to investigate the market penetration rate of EVs as a stochastic function of charging station availab
	Third, the emergence of connected and autonomous vehicles (CAVs), which are expected to serve as EVs, could impose high levels of uncertainty on the charging behavior of EV-using travelers. Hence, another future research direction is to incorporate the charging behavior of CAVs into the robust design of charging stations. Seilabi et al. (2022c) and Pourgholamali et al. (2023) discussed the sibling relationships including the synergies between CAVs and EVs. Fourth, this thesis assumes fast-charging stations 
	Other prospective directions for future research on EV charging infrastructure investment planning include consideration of emissions (McLaren et al., 2016; Miralinaghi et al., 2020), which can be further reduced with enhanced planning that promotes EV market growth and ICEV market decline; alternative charging fee revenue impacts from EV charging fee policies and associated revenues (Konstantinou et al., 2022); regional-scale location planning of EV charging stations (Chen et al., 2023); and the synergies 
	In addition, the present study focuses on intercity trips; the link travel times are assumed to be constant, and thus, prospective future studies could address intracity trips and duly consider urban traffic congestion. Finally, this study did not consider the time EV users spend waiting at charging stations when there is no available charging spot, and it assumed that EV users simply pass that charging station and drive to another one. However, EV users may wait at charging stations until a charging spot b
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