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NOTATIONS 

Sets (Network features)  

𝑵 Set of nodes on the road network (𝑖 ∈ 𝑁) 

𝑨 Set of links on the road network ((𝑖, 𝑗) ∈ 𝐴) 

𝑨′ Set of AV-exclusive lanes ((𝑖, 𝑗) ∈ 𝐴′) 

𝑨̅ Set of general-purpose lanes ((𝑖, 𝑗) ∈ 𝐴̅) 

𝑽 Set of vehicle types (AVs: 𝑣 = 1, HDVs: 𝑣 = 2) 

𝑶 Set of trip origins (𝑟 ∈ 𝑂) 

𝑫 Set of trip destinations (𝑠 ∈ 𝐷) 

𝑲 Set of candidate nodes for charging station locations (𝑘 ∈ 𝐾) 

𝑲′ Set of candidate lanes for wireless charging (𝑘′ ∈ 𝐾′) 

𝑵𝑫 Set of dummy nodes on the road network 

𝑨𝑫 Set of dummy links on the road network 
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Parameters (Specified model inputs) 

𝑩 Construction budget, $ 

𝑾 Users’ average wage rate, $/hr. 

𝒀 Average vehicle longevity, years 

𝒕𝟎,𝒊𝒋 Free-flow travel time at link (𝑖, 𝑗), minutes 

𝝌𝒊𝒋 Capacity of link (𝑖, 𝑗), veh/hr 

𝑳𝒊,𝒋 Length of link (𝑖, 𝑗), mile  

𝑹𝒊,𝒋 Recharging rate of charging link (𝑖, 𝑗), kw/hr 

𝒅𝒓,𝒔 Travel demand of origin-destination (𝑟, 𝑠)  

𝜽𝒗 Value of time of EV type 𝑣 users, $/hr 

𝜸𝒌
𝟏 Capacity of Level 1 charging station at candidate node 𝑘, veh/hr 

𝜾𝟎 Variable-cost component of a charging station construction, $ 

𝜾𝟏 Fixed-cost component of a charging station construction, $ 

𝝅𝟎 Variable-cost component of wireless-charging facility construction, $/mile 

𝝅𝟏 Fixed-cost component of wireless-charging facility construction, $ 

𝝇 Capacity level category of station with maximum charging capacity level, veh/hr 

𝜷𝟎 Weight of vehicle purchasing price in the utility function  

𝜷𝟏 Weight of total travel cost in the utility function 

𝑹̅ Maximum driving range of vehicles, mile 

𝑹̅̅ Initial driving range of vehicles, mile 

𝑪𝒗 Purchasing price of EV type 𝑣, $ 

𝝃 Weight of agency (construction) cost relative to user (delay) cost  
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Variables  

𝒁𝑼 Objective function for the upper-level problem (the transportation agency’s 

decision maker) 

𝒁𝑳 Objective function for the lower-level problem (the travelers’ decision) 

𝝓𝟏 Cost of total system travel time, $ 

𝝓𝟐 Total construction cost of charging facilities, $ 

𝒕𝒊𝒋 Travel time of vehicles on link (𝑖, 𝑗), minutes  

𝒙𝒊𝒋 Aggregate traffic flow of vehicles on link (𝑖, 𝑗), veh/hr  

𝒛𝒌′ Binary variable, = 1 if the wireless-charging facility is available on candidate 

link 𝑘′; = 0 otherwise 

𝒚𝒌 Integer variable representing the capacity level of charging station located at 

candidate node 𝑘, 𝑦𝑘  ∈  {0,1, 2, … , 𝜍} 

𝝁𝒗
𝒓,𝒔

 Observed minimum travel time of EV type 𝑣 users travelling from origin 𝑟 to 

destination 𝑠  

𝒖𝒗
𝒓,𝒔

 Utility of EV type 𝑣 users travelling from origin 𝑟 to destination 𝑠 

𝑷𝒗
𝒓,𝒔

 Percentage of users travelling from origin 𝑟 to destination 𝑠 choose EV type 𝑣 

𝒅𝒗
𝒓,𝒔

 Travel demand of EV type 𝑣 users travelling from origin 𝑟 to destination 𝑠  

𝒆𝒊𝒋
𝒓,𝒔,𝒗

 Binary variable, = 1 if link (𝑖, 𝑗) is on the feasible path for EV type 𝑣 travelling 

from origin 𝑟 to destination 𝑠; = 0 otherwise 

𝒙𝒊𝒋
𝒓,𝒔,𝒗

 Flow of EV type 𝑣 on link (𝑖, 𝑗) travelling from origin 𝑟 to destination 𝑠 

𝝆𝒊𝒋
𝒓,𝒔,𝒗

 Perceived cost for travelers, = 0 if link (𝑖, 𝑗) is on the feasible path; > 0 

otherwise 

𝜼𝒊
𝒓,𝒔,𝒗

 Travel time of EV type 𝑣 travelling from origin 𝑟 to destination 𝑠 

𝒃𝒋
𝒓,𝒔,𝒗

 Driving range of EV type 𝑣 travelling from origin 𝑟 to destination 𝑠 

𝒓𝒊𝒋 = 𝑅𝑖𝑗, charging rate of charging link (𝑖, 𝑗), if charging facility is available on the 

link (𝑖, 𝑗); = 0 otherwise 
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AFV Alternative-fuel Vehicle 

AV Autonomous Vehicle 

AEV Autonomous Electric Vehicle 

BEV Battery Electric Vehicle 
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CAV Connected and Autonomous Vehicle 

CSP Constrained Shortest Path 
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GA Genetic Algorithm 

GHG Greenhouse Gas 

HDV Human-driven Vehicle 
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NOMENCLATURE  

AV-EV synergy  Interaction and cooperation of AV and EV to produce a 

combined effect greater than the sum of their separate 

effects 

Tradeoff  The exchange of something of value, especially as part 

of a compromise 

Transportation decision-maker  Planner/policy maker in conjunction with private sector 

investor 

Lane type  General-purpose lane and AV-exclusive lane 

General-purpose lane Regular lane for AV and HDV users 

AV-exclusive lane Dedicated lane for AV users  

EV driving range  Estimated distance EV can drive at a given quantity of 

battery level 

EV charging facility method Static and dynamic charging  

Static charging  Charging a parked EV  

Dynamic charging Charging an EV while moving 

Charging station Equipment that connects an EV with connector (cable) 

to a source of electricity to recharge it 

Wireless charging lane  Equipment that recharges an EV without a connector 

(cable) while moving  

Charging rate  Amount of range added to the EV battery per unit 

distance  

Charging station capacity  Number of travelers that can use the EV charging station 

per unit of time 

Market penetration  Measure of how much AV/HDV is being purchased by 

travelers 
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ABSTRACT 

The emergence of Autonomous Vehicles (AVs) provides a valuable opportunity to reduce 

greenhouse gas emissions by improving traffic mobility. Due to AV-EV synergies, AVs will be 

likely introduced into the market when the Electric Vehicle (EV) market share is high. Hence, 

future AVs are expected to be electric, and it is anticipated that Autonomous Electric Vehicles 

(AEVs) will help address climate change and environmental pollution. This is the expectation 

particularly during the transition phase where mixed AV-HDV fleet will require lane management 

policies such as AV-exclusive lane. The possibility of installing wireless charging facility at AV-

exclusive lanes is expected to motivate great patronage of AVs. This thesis proposes a planning 

framework for AEV charging. The framework is intended to help transportation decision-makers 

determine EV charging facility locations and capacities for the mixed fleet of AV and HDV. The 

bi-level nature of the framework captures the decision-making processes of the transportation 

agency decision-makers and travelers, thereby providing solid theoretical and practical 

foundations for the EV charging network design. At the upper level, the decision-makers seek to 

determine the locations and operating capacities of the EV charging facilities, in a manner that 

minimizes total travel time and construction costs subject to budgetary limitations. In addition, the 

transportation decision-makers provide AV-exclusive lanes to encourage AV users to reduce travel 

time, particularly at wireless-charging lanes, as well as other reasons, including safety. At the 

lower level, the travelers seek to minimize their travel time by selecting their preferred vehicle 

type (AV vs. HDV) and route. In measuring the users delay costs, the thesis considered network 

user equilibrium because the framework is designed for urban networks where travelers route 

choice affects their travel time. The bi-level model is solved using the Non-Dominated Sorting 

Genetic Algorithm (NSGA-II) algorithm. The results of the numerical experiments suggest that 

for a higher weight ratio of user cost dollar to agency cost dollar, the optimal deployment plan will 

include a greater number of wireless-charging facilities. Furthermore, the results suggest that, 

compared to the scenario where the transport decision-makers construct charging stations and 

where construct wireless-charging facilities, the scenario where the transport decision-makers 

construct both of them, the total costs decrease by 49% and 11%, respectively. It is shown that 

enabling wireless-charging facilities at both AV-exclusive and general-purpose lanes can reduce 
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total cost by 16% and 21% compared to plan where wireless-charging facilities are provided only 

at AV-exclusive and where are provided only at general-purpose lanes, respectively.  
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 INTRODUCTION 

1.1 Background and motivation 

(a) The problem of emissions  

The widespread use of fossil fuels (mainly, coal and petroleum) to meet energy requirements 

negatively impacts climate and the environment, such as global warming (Metz et al., 2007). 

Greenhouse gas (GHG) emissions resulting from fossil fuel use constitute a significant threat as 

they accelerate climate change (Metz et al., 2007). At the 21st conference of the parties held in 

Paris in 2015 (Paris Agreement) the 195 participating countries declared their intention to 

minimize greenhouse gas emissions (UNFCCC, 2019). The EU-28 and its member states have 

stated that they are committed to reducing at least 40% of GHG emissions by 2030 compared to 

1990 levels (Council, 2014). Due to the dominant use of internal combustion engine vehicles 

(ICEVs), the transportation sector remains the largest contributor of any sector, to GHG emissions 

(EPA, 2015). This sector, which consumes 49 percent of fossil fuels and produces 27 percent of 

total GHG emissions worldwide, is the sector with the fastest-growing energy consumption 

worldwide (Ghosh, 2020; IEA, 2017; Miralinaghi & Peeta, 2019; Riba et al., 2016; K. Sinha & 

Labi, 2007).  

(b) The promise of AVs and AV-exclusive lanes 

The emergence of autonomous vehicles (AVs) provides a valuable opportunity to reduce 

transportation-related GHG emissions (Kopelias et al., 2020) because the connectivity technology 

of AVs allow platooning with reduced headways and this increases road capacity, improves traffic 

mobility (Ha et al., 2020) and reduces emissions. Tientrakool et al. (2011) showed that with full 

adoption of AVs, the road capacity could be tripled. On the other hand, they showed that with low 

AV market penetration, the system-level travel impacts are small; however, this problem can be 

addressed by implementing AV-exclusive lanes. 

(c) The EV aspect of AEVs 

In recognition of the AV-EV synergy, it has been suggested that AVs will be introduced into the 

market when the EV market share is high (Lam et al., 2018). Furthermore, according to recent 

studies, electric vehicle (EV) consumers are also interested in purchasing AVs (Berliner et al., 



 

 

17 

2019; Hardman et al., 2019). As a result, future AVs are most likely to be electric (Lam et al., 

2018). AEVs do not emit greenhouse gases, and therefore represent a promising solution to climate 

change and environmental pollution (Jochem et al., 2015; Liang et al., 2016). EVs are expected to 

significantly reduce GHG emissions compared to ICEVs (Xu et al., 2020). Specifically, it has been 

shown that EVs can reduce GHG emissions by 80% (Bauer et al., 2015). In view of these 

environmental benefits of EVs, government and non-governmental agencies are greatly interested 

in the transition from ICEVs to EVs (ECE, 2015; Miralinaghi, Correia, et al., 2021). Also, 

automakers, spurred by government policy and regulation, are making specific efforts to increase 

the EV market share in order to realize these benefits. For example, the United Kingdom and 

France are planning to end sales of ICEV by 2040 (Racherla & Waight, 2018). Also, Volvo 

announced in 2017 that its ICEV production line would end in 2019 as subsequent vehicles 

produced will all be electric (Vaughan, 2017). 

However, despite these efforts, the adoption rate of EVs has lagged behind expectation, 

and the EV market share remains miniscule. For example, in the United States, the EV current 

market share is less than 2% (Chen et al., 2020; Smith et al., 2019). In 2017, very few countries, 

such as Sweden (3.8%) and Belgium (2.1%), had an EV market share of more than 2% (The World 

Database on Sales of Electric Vehicles, 2017). The Netherlands’ (3.87%) EV market share in 2014 

fell to 1.5% in 2017 (IEA, 2017). EVs currently face a number of adoption barriers, including 

those related to charging time, range anxiety (distance covered by a fully-charged vehicle), and 

insufficient availability of charging facilities compared to ICEVs gasoline stations (Ashkrof et al., 

2020; Biresselioglu et al., 2018).  

(d) AEV charging and the alternatives  

Charging facility technologies are crucial to EV market penetration. Therefore, investigations 

regarding EV charging facilities planning and design are expected to help resolve the barriers that 

restrict the EV market share. A good balance between investment and use should be achieved in 

improving the EV charging facilities: if a limited number of facilities are provided, this will cause 

delay and range anxiety for EV users. On the other hand, excessive EV charging facilities will lead 

to capacity underutilization and supply inefficiency. Appropriate and user-responsive types, 

locations, and capacities of charging infrastructure on the road network are essential for EV 

promotion.  
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Three specific EV charging modes are discussed in the literature: the static charging parked 

EV via cable and vehicle connector (e.g., charging station); wireless dynamic charging (e.g., 

wireless charging) where an in-pavement charger charges the battery as vehicle drives on the lane 

(Morris, 2015); battery swapping, where a depleted battery is replaced by a fully-charged one. 

Battery swapping requires significant space for the swapping supplies, equipment, and process 

(Adler & Mirchandani, 2014). More importantly, it requires fast and easy operations, which is 

facilitated if the battery is standardized and easily replaceable. However, as the core EV technology 

is its battery pack, it seems unlikely that EV companies will achieve such standardization unless 

they cooperate (Liu & Wang, 2017). 

Static charging is the most common charging method, and has three categories. In the first 

category, which is suitable for residential areas, the EV can be charged with AC 120 voltage outlet 

with 20-hr maximum charging time. In the second category, which is suitable for public parking, 

the EV can be charged with AC 280 voltage outlet with 7-hr maximum charging time. The third 

category uses 480 Volt AC/DC capacity, which charges the EV quickly (20 minutes). The third 

category allows EVs to be charged quickly, however, can hardly compete with the conventional 

ICEV that could usually be refilled in several minutes (Liu & Wang, 2017; Tabesh et al., 2019).  

Wireless dynamic charging (referred to as wireless charging in this thesis), is another EV 

charging technology. EVs that use this technology do not require charging cable and connector. 

Wireless charging increases the driving range and reduces the charging time for EVs. The battery 

power can be reduced because the EV can obtain the electrical energy from the pavement (Morris, 

2015), which can significantly reduce the EV initial cost (Ko & Jang, 2013). Due to the reduced 

battery weight, the EV propulsion power increases. Wireless charging offer EVs a potentially 

unlimited driving range as long as the vehicle is operating on the charging lane. Wireless-charging 

facilities can yield benefits in terms of simplicity, reliability, and ease-of-use compared to static 

charging (Barth et al., 2011; Haddad et al., 2019), and the efficient and reliable charging they 

provide can encourage patronage of EVs. However, a wireless charging facility is costly to 

construct, maintain, and operate (Gill et al., 2014) and has problems of electromagnetic 

compatibility, limited transfer of power, and lower efficiency due to the air-gap distance between 

the source and receiver (Grant Anthony Covic & Boys, 2013; Moon et al., 2014). In addition, 

wireless-charging lanes may end up as congested spots in the network as EVs may be attracted to 

them for recharging purposes. These lanes can reduce the capacity by 8%–17% because of the 
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different driving manner in wireless-charging lanes (He et al., 2018). He et al. (2018) used car-

following and lane-changing model to study the EV’s driving behavior, and found that the wireless 

charging lanes would reduce the road capacity and increase the travel time. For conductive 

(charging with direct electrical contact between the power-source and the battery) wireless 

charging facilities the wireless charging lanes need to be continuous, however, inductive (charging 

the battery through an air gap) wireless charging facilities, which are considered as the wireless 

charging facility in this thesis, do not need continuous wireless charging lanes (Covic & Boys, 

2013). Table 1-1 summarizes the merits and demerits of different EV-related infrastructure 

development options considered in this thesis.  

Table 1-1. Merits and demerits of different EV-related infrastructure development options 

EV-related infrastructure 

development options  

Merits  Demerits  

Constructing new static 

charging stations  

Addresses the current 

inadequacy of charging 

facilities 

Significant charging delay 

Helps reduce the range 

anxiety 

 

Installation of wireless-

charging facilities at general-

purpose and/or AV-exclusive 

lanes 

Addresses the current 

inadequacy of charging 

facilities 

High cost of construction, 

maintenance, and operations  

Helps reducing the range 

anxiety 

Absorbs high congestion on 

wireless-charging lanes 

Eliminates charging delay   

Reduces the initial EV cost 

through battery downsizing  

 

Conversion of general-

purpose lanes (EAV, EHDV, 

CHDV) to AV-exclusive 

lanes (EAV) 

Does not require ROW 

acquisition and construction 

Appropriates capacity 

available for HDVs 

Separates AVs from HDVs 

and increases road capacity 

for AVs 

 

Promotes AV ownership/use  
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(e) Providing charging facility for AEV: business model  

To bring the wireless charging facility to market, a business model must be developed, which 

includes determining the costs, revenue source and how it will be obtained. A basic business model 

related to the deployment of wireless charging lanes: wireless charging lane as a classic road 

network, is studied by Bernecker et al. (2020). This model provides a conceptual basis for 

understanding of the ownership of wireless charging lane. The difference between wireless 

charging lane as a classic road network and traditional road network is that the road subsystem is 

simultaneously an energy system: it is electrified as well as the wireless charging equipment that 

need to be installed in the road network. According to this model, the transportation agency funds 

the installation of the wireless charging facility, owns the road, and is in charge of road operations, 

while private sector investors provide the electric infrastructure. The actual construction, 

maintenance, and operation of wireless charging facilities could also be provided by contracted 

service providers, which are private sector investors. Access to the road is generally free in this 

model, so any vehicle that is technically compatible could use it and simply pay energy bill which 

will most likely be calculated based on the amount of energy used. Table 1-2 summarizes the 

ownership/finance for stakeholders in the wireless charging facility business model.  

Table 1-2. Ownership and finance for stakeholders  

Ownership/finance  
Stakeholders 

Public sector   Private sector  

Ownership  Wireless charging lanes  Electric infrastructure  

Costs  
Installing wireless charging 

facilities  

Construction, maintenance, 

and operation  

Revenue  System concession  energy bill 

1.2 Problem Statement  

Research is needed to promote EVs by providing models and results to help transport agencies 

understand the consequences of various EV infrastructure investment levels. This can be done by 

modeling and optimizing the types, locations, and capacities of the EV charging facilities while 

striking a balance between agency investment and travelers delay. It is needed to develop a 

framework for EV charging facility problem in the transition phase. During transition phase there 

are mixed fleet of AV and HDV. The EV charging facility location problem can be made subject 

to range constraints for both HDV and AV that are assumed to be EV. It is needed to develop an 
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optimal plan that minimizes the agency cost, including the installation cost for both static and 

wireless-charging facilities, and user cost, including the total travel time.  

1.3 Study Objectives  

The main objective of the thesis is to provide a comprehensive framework to determine the 

locations and capacities of charging facilities proposed to serve a mixed fleet of HDVs and AVs. 

To address this objective, the thesis uses a bi-level structure in which, at the upper level, the 

transportation agency decision-makers minimize construction cost and total system travel time 

cost, subject to the budgetary limitations, and at the lower level, travelers select the route and 

vehicle type (AV vs. HDV) considering the EV driving range and link travel times. The proposed 

framework enables the agency to understand the impacts of the investment budget on AV market 

penetration. Further, the methodology determines the impacts of installing wireless-charging 

facilities on general-purpose and AV-exclusive lanes on travel and vehicle type choice behavior 

of travelers. This thesis considers intracity trips and does not consider transit (bus) wireless 

charging facilities.  

1.4 Scope of the Study  

This thesis considers two types of decision-makers: the transport agency's planner or policy maker 

(who decides the recommended (optimal) locations and capacities of static and wireless-charging 

facilities for mixed fleet of AV and HDV) and the private sector investor, who provide the funding 

and undertake the construction of the EV charging facilities. If the private sector investor is 

regarded as the only decision maker, society will be unable to afford because the private sector 

typically considers the charging facilities' profitability. Therefore, in this thesis, these two decision 

makers are regarded as primary decision makers and collectively referred as “the transport 

decision-makers”. In the context of this thesis, AV-exclusive lane deployment will not increase 

the overall number of lanes as it converts at least one general-purpose lane to AV-exclusive lane. 

Hence, it does not require right-of-way (ROW) acquisition and new construction. 
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1.5 Organization of the Thesis 

This thesis has six chapters. Chapter 2 provides a literature review on EV charging facility planning, 

and the economic and operational impacts of EV infrastructure deployments. Chapter 0 presents 

the methodology, including the preliminary settings, assumptions, and the mathematical 

formulations. The solution algorithm used in this study, a metaheuristic, is explained in Chapter 4, 

and the numerical results and discussions are presented in Chapter 5. Chapter 6 concludes the study 

with a brief summary, conclusions and insights, recommendations for implementation, study 

limitations, and future research directions.   
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 LITERATURE REVIEW 

In this chapter, a review of existing literature was carried out in order to discuss the EV and AV 

synergy impacts, EV charging facility planning problem, and the economic and operational 

impacts of EV charging facility deployments. Also, past record on AV-exclusive lane impacts are 

discussed in this chapter.  

2.1 Literature on EV and AV Synergies  

There is a vast body of literature on the Electric Vehicles (EVs) (Jochem et al., 2015; Xu et al., 

2020), and Autonomous Vehicles (AVs) (Duarte & Ratti, 2018; González-González et al., 2019; 

Kopelias et al., 2020), however, only a few studies focused on Autonomous Electric Vehicles 

(AEVs) (Zhuge & Wang, 2021). Jochem et al. (2015) reviewed the literature on the environmental 

impacts of EVs, concluded that EVs represent a promising solution to climate change and 

environmental pollution challenges. Xu et al. (2020) demonstrated that EVs are expected to 

significantly reduce GHG emissions over a lifetime compared to ICEVs.  

Autonomous Vehicles (AVs) are another disruptive innovation in the transport sector, are 

likely to be introduced into the vehicle market in the near future (Duarte & Ratti, 2018; González-

González et al., 2019; Papa & Ferreira, 2018). A most recent study by Kopelias et al. (2020), 

demonstrated that AVs can help mitigate GHG emissions generated by improving traffic mobility. 

This is because AVs can travel without a driver and fully detect and respond to their surroundings 

with their sensor systems (Van Brummelen et al., 2018), and therefore ensure minimal headways 

(Ha, Chen, Dong, et al., 2020).  

As an AV and EV synergy, Autonomous Electric Vehicles (AEVs) offer a promising 

solution to climate change and environmental pollution (Zhuge & Wang, 2021), as they embody 

the advantages of vehicle autonomy and electric propulsion. With their equipped sensors, AVs 

would be able to move at reduced headways and consequently, improves the traffic mobility, 

which can help to save energy (Fagnant & Kockelman, 2015). EVs are expected to significantly 

reduce GHG emissions over a lifetime compared to ICEVs (Xu et al., 2020), as they can achieve 

the same performance with less energy (Chau & Chan, 2007). Therefore, AEVs are generally 

expected to significantly reduce GHG emissions compared to HDVs which are mostly ICEVs. 
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2.2 Literature on EV Charging Facility Planning 

AEV charging facility is an element that supplies electrical energy for charging autonomous EVs. 

It is important to address issues regarding the optimal locations, charging levels, and types of 

charging facility to help remove EV adoption barriers. Regarding the charging level of charging 

facilities, there are three levels of charging, levels 1 and 2 are referred to as slow charging and 

level 3 is referred to as fast charging. A few studies have studied slow charging (Frade et al., 2011; 

Jia et al., 2014). For example, Frade et al. (2011) introduced a model for slow-charging facility 

location to optimize demand coverage within an acceptable level of service. Various studies in 

recent years have focused on the optimal planning of fast-charging facilities (Amjad et al., 2018; 

Domínguez-Navarro et al., 2019; García-Villalobos et al., 2014; Miralinaghi, Keskin, et al., 2016; 

Sadeghi-Barzani et al., 2014). For example, Navarro et al. (2019) modeled the design of an EV 

fast-charging in order to improve the profitability by decreasing the energy consumption.  

In the context of charging facility types, most studies consider static charging stations 

(Arslan & Karaşan, 2016; Chen et al., 2013; Ghamami et al., 2020; Huang et al., 2015; Lee & Han, 

2017; Zheng et al., 2017; Zhu et al., 2016). In particular, only a few studies considered wireless-

charging facilities (Chen, 2016; He et al., 2013; Liu & Wang, 2017; Riemann et al., 2015). For 

example, He et al. (2013) presented a mathematical model to determine the optimum prices of 

electricity for wireless-charging lanes to maximize social welfare. Using a similar approach, 

Riemann et al. (2015) investigated the optimal location of wireless-charging facilities to capture 

the optimum flow of traffic on the network while considering the users’ route choice behavior. 

Chen et al. (2016) developed a wireless-charging lane deployment model with user equilibrium to 

optimize the location of wireless-charging lanes within a given budget. More recently, Liu et al. 

(2017) proposed a model for deciding the locations of static and dynamic charging facilities to 

maximize social welfare and minimizing total system travel time and the penalty for "failed" trips 

affected by insufficient remaining battery charge. Although they considered multiple types of 

charging facilities and EVs, Liu et al. (2017) assumed that vehicles can use only one not both of 

the charging facilities at a time. 
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2.3 Literature on EV Charging Facility Location 

There is a vast body of literature on the general problem of facility location in transportation 

(Abareshi & Zaferanieh, 2019; Lin & Lin, 2018; Melo et al., 2009). However, relatively few 

studies have explicitly addressed the facility location in the context of EV charging facilities. 

Based on the route choice behavior of the travelers (EV users), these studies can be classified into 

two groups.  

The first group addresses the location of EV charging facilities without consideration of 

network user equilibrium (UE). In other words, these studies do not consider travelers’ route 

choices, and link travel times. Also, these studies are more appropriate for intercity trips where 

travelers’ route choice do not significantly impact travel times (Arslan & Karaşan, 2016; Ghamami 

et al., 2016; Hosseini & MirHassani, 2015; Huang et al., 2015; Li et al., 2016; Wang et al., 2016; 

Wang & Wang, 2010; Wu & Sioshansi, 2017). Ghamami et al. (2016) designed the location of 

charging facilities, considered intercity trips, and did not consider the impact of congestion on the 

facility location problem. Yang et al. (2017) also considered long-distance travel routes. In their 

study, battery-swapping station locations were modeled to maximize the total benefit of battery 

leasing. Due to the long distances, they assumed travelers’ travel time as constant, and the impact 

of charging facility location on congestion was not considered. Using a similar approach, Wang et 

al. (2016) modeled the charging facility location problem for charging stations and developed the 

EV charging station construction schedules by assuming a constant path for each EV. All these 

studies broke new ground in the context of the EV charging facility location problem. However, 

assuming a constant path for each EV in the network can be considered rather too restrictive, and 

needs to be addressed.  

The second group discusses the location planning of charging facilities in metropolitan 

areas, considering the congestion effects and route choices of travelers (Chen et al., 2013; Chen, 

2016; Ghamami et al., 2020; Liu & Wang, 2017; Miralinaghi, Lou, et al., 2016). In this group, 

studies considered transportation network user equilibrium in the EV charging facility location 

problems. For example, Zheng et al. (2017) accounted for the network user equilibrium and the 

impact of charging station locations on traffic congestion.  
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2.4 Literature on Impacts of AV-Exclusive Lanes  

AVs are expected to have a beneficial effect on the transportation network capacity (Dong et al., 

2020; Ha, Chen, Du, et al., 2020). Tientrakool et al. (2011) demonstrated that a traffic stream with 

AV-exclusive lanes can operate with reduced headways, allowing a 43% increase in the road 

capacity. They also showed that a traffic stream consisting of connected AVs could increase the 

road capacity by up to 273%. In addition, with regard to the potential travel time benefits of AVs, 

several studies have shown that automation can improve the performance of intersections (Arvin 

et al., 2021). Hoogendoorn et al. (2014), in a review paper, suggested that AVs could reduce 

intersection congestion by 50%. AVs are considered one of those technologies that could engender 

significant changes in mobility (Dong et al., 2020) 

Many studies have investigated AV traffic impacts using simulations. Van Arem et al. 

(2006) simulated AVs to study the impact of the AV-exclusive lanes and found that the average 

road speed is influenced by AV market penetration. Also, Talebpour et al. (2017) explored CAV 

impacts by modeling CAVs (using the Cooperative Adaptive Cruise Control (CACC) algorithm) 

and HDVs (using the Intelligent Driver Model (IDM)), and confirmed that travel time is influenced 

by AV market penetration. They showed that with low AV market penetration, the system-level 

travel impacts are small; however, this problem can be addressed by implementing AV-exclusive 

lanes. Chen et al. (2016) studied the AV-exclusive lane location problem with the active set 

algorithm, with the objective of minimizing total system travel time. In their study, AV market 

penetration was estimated as a function of AV-exclusive lane deployment. In this context, Liu and 

Song (2019) stated that there could be uncertainty in the flow distributions due to AV impacts on 

road capacity. They used Genetic Algorithms (GA) methods to solve the problem of AV-exclusive 

lane location in the worst-case traffic flow distribution.  

It is also expected that AVs will have a beneficial effect in terms of reducing the value of 

time (VOT). Relatively few studies have examined the impact of AVs on the VOT of travelers 

(Correia et al., 2019; Cyganski et al., 2015). Cyganski et al. (2015) conducted a survey and 

confirmed that respondents that tend to work while commuting, were more likely to work while 

commuting in an AV. Most of the respondents agreed that while riding in the AV, the tasks they 

typically perform while driving the HDV will be important. In various AV growth scenarios in the 

Netherlands, Correia et al. (2019) reported a potential VOT decrease of between 1% and 31% for 

AV users (level 3 and higher).  
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2.5 Literature on Tradeoffs  

A vast body of literature have studied the tradeoff analysis in the context of transportation asset 

management (Bai et al., 2008, 2012, 2015; Gharaibeh et al., 2006; Mrawira & Amador, 2009). 

However, in the context of EV charging facility planning, only a few of studies have considered 

the tradeoff analysis (Nie & Ghamami, 2013; Woo et al., 2021). For example, Nie et al. (2013) 

considered the tradeoff between EV charging facility construction cost and manufacturing batteries. 

they also explicitly considered the level of services experienced by EV users in the form of 

recharging delay. Woo et al. (2021) considered tradeoff between the EV charging facility 

construction cost and quality of service. 

2.6 Literature Review on Wireless Charging Facility Investment Business Models 

Only a few studies have considered business models for wireless charging facilities. In the 

literature it is suggested that business model for wireless charging facility seems most likely to be 

in form of public-private partnership. According to Bateman et al. (2018), the capital cost and 

investment risk are too high for most private sector investors to be sole investors. Government 

funding is required because the government is more likely to accept longer payback times than 

private investors, and is more likely to invest in technologies that result in emissions savings. 

Bernecker et al. (2020) studied two models: (1) wireless charging facility as a classic highway and 

(2) wireless charging facility as a service. In the first model, according to Bernecker et al. (2020), 

access to the road is considered free, and any vehicle that is compatible could use it and simply 

pay the energy bill. According to this model, a transportation agency funds the installation of the 

wireless charging facilities, owns the road, and is responsible for road operations, while the electric 

infrastructure is provided by private sector investors. In the second model, access to the road is 

only available to customers who pay for access. In this case, road access is limited, as in the case 

of the toll ways. 

2.7 Summary  

This chapter reviewed the literature on EV and AV synergies, the EV charging facility location 

problem and studies that considered the impact of AV-exclusive lanes. In the literature, several 

studies have studied the EV charging facility problem. However, focusing on only locating one 
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type of EV charging facility for HDVs in the network can be considered rather too restrictive. 

Clearly, there is a need for a comprehensive decision framework for EV charging facility problem 

that considers locations, capacities, and multiple types of the EV charging facilities, for mixed 

fleet of AVs and HDVs. This thesis offers two contributions. Most notably, it develops a bi-level 

multi-objective framework where the transportation decision-makers seek to optimally design the 

EV charging facilities for mixed-fleet of AVs and HDVs. Further, this thesis determines the 

impacts of installing wireless-charging facilities on general-purpose and AV-exclusive lanes on 

route choice and vehicle type choice behavior of travelers. Table 2-1 summarizes the related 

studies, and highlights the contrast between past studies and this thesis.  

Table 2-1. Review of literature: a comparison of past studies  

Reference Vehicle type 
Charging 

mode 

Charging 

speed 
Study objective 

User 

equilibrium 

Ghamami 

et al. 

(2020) 

EV (HDV) Static  Fast 

charging  

Minimize infrastructure cost and 

users' detour, waiting, and 

charging delay. 

Yes 

Hayato et 

al. (2017) 

EV (HDV) Dynamic  N/A Minimize construction cost. Yes 

He et al. 

(2018) 

EV (HDV) Static  Fast 

charging  

Maximize path flows that 

patronize the charging stations.  

Yes 

Lee et al. 

(2017) 

EV (HDV) Static  Fast 

charging 

Maximize the total sum of flows 

covered while minimizing the 

number of recharging stations. 

Yes 

Liu and 

Wang 

(2017) 

EV (HDV) Static and 

dynamic  

Fast 

charging 

Maximize social welfare (by 

minimizing sum of total system 

travel time and penalty fee for 

"failed" trips). 

Yes 

Zheng et 

al. (2017) 

EV (HDV) Static  Fast 

charging 

Minimize total system travel time 

and energy use. 

Yes 

Chen et al. 

(2016) 

EV (HDV) Dynamic  N/A Minimize total system travel time. Yes 

Zhu et al. 

(2016) 

PHEV 

(HDV) 

Static  Fast 

charging 

Minimize the total charging 

station construction costs. Attain a 

desired traveler convenience. 

Yes 

Chen et al. 

(2013) 

EV (HDV) Static  Fast 

charging 

Minimize EV users' station access 

cost with penalizing unmet 

demand. 

Yes 

Yang et al. 

(2017) 

EV (HDV) Battery 

swapping 

N/A Maximize total benefit from the 

battery leasing/electric car-

sharing service business 

operational and construction 

costs. 

No 
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Ghamami 

et al. 

(2016) 

PHEV/EV 

(HDV) 

Static  Fast 

charging 

Minimize sum of infrastructure 

cost, total time spent on charging 

battery, queuing delay at each 

station and battery cost of PHEV. 

No 

Li et al. 

(2016) 

EV (HDV) Static  Fast 

charging 

Minimize total cost of new 

charging stations and relocations 

during planning horizon. 

No 

Wang et 

al. (2016) 

EV (HDV) Static  Fast 

charging 

Minimize total operational and 

construction costs. 

No 

Arslan and 

Karasan 

(2016) 

PHEV/EV 

(HDV) 

Static  Fast 

charging 

Minimize total traveled distance. No 

Cavadas et 

al. (2015) 

EV (HDV) Static  Fast 

charging 

Maximize EV charging demand 

satisfaction. 

No 

Huang et 

al. (2015) 

AFV (HDV) Static  Fast 

charging 

Minimize total construction cost. No 

Hosseini 

and 

Mirhassani 

(2015) 

AFV (HDV) Static and 

dynamic  

Fast 

charging 

Maximize total covered demand. No 

de 

Almeida 

Correia 

and Santos 

(2014) 

ICEV/EV 

(HDV) 

Static  Slow 

charging  

Maximize profit of rental car 

company. 

No 

Frade et 

al. (2011) 
EV (HDV) Static  Slow 

charging 

Maximize total covered demand. No 

Wang and 

Wang 

(2010) 

AFV (HDV) Static  Slow 

charging 

Minimize total construction cost 

and maximize total covered 

demand. 

No 

This 

thesis 

EV 

(AV/HDV) 

Static 

and 

dynamic  

Fast 

charging  

Minimize total system travel 

time and construction cost of 

EV charging infrastructure. 

Yes 
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 METHODOLOGY  

This chapter begins with an introduction that summarizes the bi-level framework proposed, 

followed by the preliminary settings and assumptions made in the study. Each level of the 

framework is then described in detail. 

3.1 Introduction  

The EV charging facility location problem is formulated as a bi-level program consisting of upper-

level and lower-level models (Figure 3-1). The bi-level framework is widely used in transportation 

planning literature to solve network design and facility location problems (Miralinaghi, Keskin, et 

al., 2016; Seilabi et al., 2020). At the upper-level, the transportation agency decision-makers seek 

to minimize construction cost and total system travel time cost. The control decision variables are 

the location and operating capacities of the EV charging facilities, subject to the budgetary 

limitations. As mentioned earlier, the transportation decision-makers provide AV-exclusive lanes 

to motivate AV patronage through reduction of AV travel time, particularly at wireless-charging 

lanes, as well as other reasons including safety. At the lower level, travelers seek to address their 

travel needs subject to EV driving ranges while minimizing their travel time. The control decisions 

for travelers are to select the route and vehicle type (AV/HDV). When the transport decision-

makers promote the construction of EV charging facilities, travelers respond by purchasing 

AV/HDV and changing their routes to reduce their travel times on trips subject to the driving range. 

Under user equilibrium condition, travelers are unable to further reduce their travel times by 

unilaterally changing their routes. Therefore, the route choice of AV/HDV travelers depend on 

their travel times and driving ranges. In other words, the routes selected by the travelers need to 

be consistent with the specified EV driving range or contain nodes/links with EV charging 

facilities.  
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Figure 3-1. Bi-level nature of the framework 

3.2 Preliminaries  

𝐺 = (𝑁, 𝐴) represents the urban road network where 𝑁 and 𝐴 denote the set of nodes and links, 

respectively. 𝐴′  and 𝐴̅  denote the set of AV-exclusive lanes and general-purpose lanes, 

respectively. Let 𝑉  indicate the type of vehicle set ( 𝑣 = 1, 2  for HDV and AV travelers, 

respectively). 𝐾 represents a set of candidates charging station nodes (𝑘 ∈ 𝐾), and 𝐾′ represents 

a set of candidate links for wireless charging (𝑘′ ∈ 𝐾′). In addition, 𝑂 and 𝐷 denote a set of origins, 

destinations with indices 𝑟 and 𝑠, respectively. Sets 𝑂, 𝐷, 𝐾, and 𝐾′ are a subset of 𝑁 and sets 𝐴′ 

and 𝐴̅ are a subset of 𝐴.  

In addition, 𝑡𝑖𝑗 and 𝑥𝑖𝑗 represent the travel time and the link flow of link (𝑖, 𝑗), respectively. 

The travel time of link (𝑖, 𝑗) follows the Bureau of Public Roads (BPR) function, which can be 

expressed as:  

𝑡𝑖𝑗(𝑥𝑖𝑗) = 𝑡0,𝑖𝑗 (1 + 0.15 (
𝑥𝑖𝑗

𝜒𝑖𝑗
)

4

)  ∀(𝑖, 𝑗) ∈ 𝐴 (1)   

where 𝑡0,𝑖𝑗 and 𝜒𝑖𝑗 denote the free-flow travel time and capacity of the link (𝑖, 𝑗), respectively.  

This thesis considers that charging stations have a certain level of operating capacity. The 

EV charging station operating capacity is discussed in the following section in detail. To capture 

the impact of charging delay and the operational capacity of stations, the traffic network 
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configuration is modified. For candidate nodes with charging stations, a dummy node and two 

dummy links are established. The set of dummy candidate nodes for charging stations is 

represented by 𝑁𝐷. 𝐴𝐷 denotes the set of dummy links. Sets 𝑁𝐷 and 𝐴𝐷 are a subset of 𝑁 and 𝐴, 

respectively. The network transformation is illustrated in Figure 3-2. Figure 3-2(a) represents the 

original network where the charging station is located on node 𝑖. To capture the impact of charging 

delay, we include dummy node 𝑖′ with the charging station (Figure 3-2(b)). Then two dummy links 

(𝑖’,𝑖) and (𝑖, 𝑖’) are introduced. The capacity and travel time of the dummy link (𝑖, 𝑖′) is equal to 

the capacity and charging delay of the charging station at candidate node 𝑖, respectively. The length 

of each dummy link is set to zero to ensure that it does not impact the driving range.  

 

Figure 3-2. Transformation of the traffic network at nodes with charging stations 

3.3 Assumptions  

A number of assumptions were made in this study. First, the mixed fleet of AV and HDV 

considered to be electric. This is an important assumption because in the literature it is suggested 

that AVs will be introduced into the market when the EV market share is high (Lam et al., 2018). 

Second, only AV travelers are expected to patronize AV-exclusive and general-purpose lanes, and 

HDV travelers can patronize general-purpose lanes only. This assumption is important because 

separating AVs and HDVs through the deployment of AV-exclusive lanes is considered as an 

effective method to amplify the benefits of AVs and promote their adoption (Liu & Song, 2019; 

Ha, 2019; Seilabi et al., 2020). 

Further, it is assumed that AVs are all private and personal vehicles not shared. This 

assumption is important because shared AVs' recharging needs are often different from private 

AVs. Third, it is assumed that the transportation decision-maker takes into account varying levels 
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of charging station capacity. 𝑦𝑘  is an integer variable representing the capacity level of the 

charging station on candidate node 𝑘. 𝑦𝑘 > 0 indicates the electric charging station of node 𝑘 

operates at level 𝑦𝑘 and =  0 indicates the electric charging station is not available at node 𝑘. For 

example, 𝑦𝑘 = 1 for level 1, 𝑦𝑘 = 2 for level 2, and so on. Let 𝛾𝑘  denote the given charging 

station capacity level 1 at candidate node 𝑘. Hence, the capacity and construction cost of level 𝑦𝑘 

charging station in node 𝑘  are 𝑦𝑘 ∙ 𝛾𝑘
1  and F(𝑦𝑘) respectively. F(𝑦𝑘) is assumed to be a linear 

function of 𝑦𝑘 and captures scale economics, as follows: 

F(𝑦𝑘) =  𝜄1 + 𝜄0 ∙ 𝑦𝑘 ∙ 𝛾𝑘
1  ∀𝑘 ∈ 𝐾1 (2)   

where 𝜄0  and 𝜄1  represent the variable and fixed cost, respectively, of constructing a charging 

station at level 𝑦𝑘.  

For wireless-charging lanes, it is assumed that the capacity is equal to the capacity of the 

corresponding lane. Let 𝑧𝑘′  equal to 1 if there exist a wireless-charging lane at candidate link 𝑘′ 

and 0 otherwise. As discussed earlier, 𝜒𝑘′  denotes the given traffic capacity of the corresponding 

lane. Hence the traffic capacity and installation cost of the wireless-charging lane at link 𝑘′ is equal 

to 𝑧𝑘′ ∙ 𝜒𝑘′  and 𝐹′(𝑧𝑘′) , respectively. 𝐹′(𝑧𝑘′)  is assumed to be a linear function of 𝑧𝑘′  and 

captures scale economics, as follows:  

F′(𝑧𝑘′) =  𝜋1 + 𝜋0 ∙ 𝑧𝑘′ ∙ 𝜒𝑘′  ∀𝑘′ ∈ 𝐾′ (3)   

where 𝜋0  and 𝜋1  represent the variable and fixed cost, respectively, of installing a wireless-

charging facility at link 𝑘′.  

Fifth, it is assumed that the AV-exclusive lane locations have already been established by 

the transportation agency prior to this analysis and therefore is not a variable in the model. To 

capture the impacts of increased capacity and decreased free-flow travel time (due to AV 

capabilities) at AV-exclusive lanes compared to general-purpose lanes, a dummy link is 

established. The network transformation is illustrated in Figure 3-3. Figure 3-3 (a) represents the 

original network where the AV-exclusive lane is located at link (𝑖, 𝑗). To capture the impact of 

AV-exclusive lane, we replace it conceptually with a dummy link (𝑖, 𝑖′, 𝑗) (Figure 3-3 (b)). The 

capacity and free-flow travel time of the dummy link (𝑖, 𝑖′, 𝑗) is equal to the capacity and free flow 

travel time of AV-exclusive lane, respectively. 
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Figure 3-3. Transformation of the traffic network at links with AV-exclusive lane 

 

Sixth, at the lower-level model, it is assumed that the equilibrium path/link flows can be 

interpreted as the average conditions representing the steady-state network (Miralinaghi et al., 

2020). As a result, possible temporal fluctuations (e.g., day-to-day or within-a-day) are not 

captured in the model developed in this thesis. Finally, it is assumed that the amount of electricity 

needed to complete the trip on a path is not a function of traffic flow because travelers cannot 

predict the relation between energy consumption and traffic flow (Chen, 2016; Liu & Wang, 2017). 

Hence, it is assumed that the electricity consumption of EVs is only function of travel distance. 

3.4 Upper-Level Model  

At the upper level, as stated earlier, by offering EV charging stations at nodes and wireless-

charging facilities at optimum link locations and operating levels, the transportation decision-

makers seek to minimize the total travel time costs (𝜙1) and construction costs (𝜙2). Relative 

weights are assigned to the agency cost (construction cost) and the user cost (travel time cost). 

Then the overall cost of upper-level objective (𝑍𝑈) can be calculated as the weighted sum of these 

costs. The upper-level model can be formulated as follows (Equations (4)-(8)):  

𝑍𝑈 = min [(1 − 𝜉)𝜙1 + 𝜉 ∙ 𝜙2]   (4)   

0 ≤ 𝜉 ≤ 1  (a)   

𝜙1 = ∑ 𝜃𝑣𝑡𝑖𝑗(𝑥𝑖𝑗
𝑣 )𝑥𝑖𝑗

𝑣  
(𝑖,𝑗)∈𝐴

  (b)   
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𝜙2 = ∑ F(𝑦𝑘)

𝑘∈𝐾

+ ∑ F′(𝑧𝑘′)

𝑘′∈𝐾′

  (c)   

∑ F(𝑦𝑘)

𝑘∈𝐾

+ ∑ F′(𝑧𝑘′)

𝑘′∈𝐾′

≤ 𝐵  (5)   

𝑥 ∈ 𝑥lower level, 𝑡 ∈ 𝑡lower level  (6)   

𝑦𝑘  ∈  {0,1, 2, … , 𝜍} ∀𝑘 ∈ 𝐾   (7)   

𝑧𝑘′  ∈  {0,1} ∀𝑘′ ∈ 𝐾′ (8)   

where 𝜉 denotes the weight of construction cost relative to total travel time cost, 𝜍 is the maximum 

capacity level of charging stations, and 𝐵 is the construction budget. The objective function 4 ((a)-

(c)) minimizes total system travel time cost and cost of constructing charging facilities. Constraint 

(5) ensures that the budget constraint for constructing the charging facilities is satisfied. Constraint 

(6) states that the link flows and travel times are derived from the lower-level model. Finally, 

constraints (7) and (8) specify the integer and binary domains of the upper-level decision variables, 

respectively. 

3.5 Lower-Level Model  

The lower-level model is related to the route and vehicle type (AV vs. HDV) choices of travelers 

in response to the policies and actions of the transport agency decision-maker in the upper level. 

To capture the vehicle type choice, a logit model with a utility function is applied to estimate the 

travel demand 𝑑𝑣
𝑟,𝑠

 of vehicle type 𝑣 (AV vs. HDV) between each origin 𝑟 and destination 𝑑. In 

the logit model, the AV market penetration depends on the travel time between each origin-

destination pair and purchasing price of the vehicles. This model is widely used in the literature to 

capture travelers’ vehicle type choices (Liu & Wang, 2017). Let 𝑢𝑣
𝑟,𝑠

, 𝑃𝑣
𝑟,𝑠

, and 𝜇𝑣
𝑟,𝑠

 represent the 
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utility, probability, and the minimum travel time of users traveling from origin 𝑟 to destination 𝑠 

choosing EV type 𝑣, respectively. The logit model can be formulated as follows:  

𝑢𝑣
𝑟,𝑠 =

𝛽0𝐶𝑣

𝑌𝑊
+ 𝛽1 ∙ 𝜇𝑣

𝑟,𝑠
 ∀(𝑟, 𝑠) ∈ 𝑂𝐷, 𝑣 ∈ 𝑉 (9)   

𝑃𝑣
𝑟,𝑠 =

exp (𝑢𝑣
𝑟,𝑠)

∑ exp (𝑢𝑣
𝑟,𝑠)𝑣∈𝑉

 ∀(𝑟, 𝑠) ∈ 𝑂𝐷, 𝑣 ∈ 𝑉 (10)   

𝑑𝑣
𝑟,𝑠 = 𝑑𝑟,𝑠𝑃𝑣

𝑟,𝑠
 ∀(𝑟, 𝑠) ∈ 𝑂𝐷, 𝑣 ∈ 𝑉 (11)   

where 𝛽0 and 𝛽1 denote the weights for vehicle purchasing price and travel time cost, respectively, 

𝑌 and 𝐶𝑣 represent the average life expectancy and purchasing price of the vehicles. 𝑊 represents 

the users’ average wage rate ($/hr). Equation (9) calculates the utility of users traveling from origin 

𝑟 to destination 𝑠 choosing EV type 𝑣. Then, Equation (10) calculates the probability of choosing 

EV type 𝑣 of users traveling from origin 𝑟 to destination 𝑠. Finally, Equation (11) calculates the 

travel demand for EV type 𝑣 users traveling from origin 𝑟 to destination 𝑠.  

To capture the driving range feasibility in terms of EV recharging needs, this thesis 

modifies the constraints proposed by Zheng et al. (2017) to capture multiple types of EV charging 

facilities. The equilibrium condition can be achieved using a feasible subnetwork defined by 𝑒𝑖𝑗
𝑟,𝑠,𝑣

 

which is a binary variable that indicates whether the link (𝑖, 𝑗) is on the feasible path based on the 

range constraint for EV of type 𝑣 traveling from origin 𝑟 to the destination 𝑠. Let 𝑏𝑖
𝑟,𝑠,𝑣

 denote the 

driving range of EV type 𝑣 at node 𝑖 traveling from origin 𝑟 to destination 𝑠, and let 𝑟𝑖𝑗 represent 

the charging rate of the charging link (𝑖, 𝑗). The EV driving range feasibility can be formulated as 

follows: 

𝑏𝑗
𝑟,𝑠,𝑣 ≤ 𝑏𝑖

𝑟,𝑠,𝑣 − 𝐿𝑖𝑗 + 𝑟𝑖𝑗 − 𝑀 ∙ (1 − 𝑒𝑖𝑗
𝑟,𝑠,𝑣) ∀(𝑖, 𝑗) ∈ 𝐴, ∀(𝑟, 𝑠) ∈ 𝑂𝐷, 𝑣 ∈ 𝑉 (12)   

𝑏𝑖
𝑟,𝑠,𝑣 ≤ 𝑅̅ ∀𝑖 ∈ 𝑁, ∀(𝑟, 𝑠) ∈ 𝑂𝐷, 𝑣 ∈ 𝑉 (13)   

𝑏𝑟
𝑟,𝑠,𝑣 = 𝑅̅̅ ∀(𝑟, 𝑠) ∈ 𝑂𝐷, 𝑣 ∈ 𝑉 (14)   

𝑟𝑖𝑗 = 𝑅𝑖𝑗 ∙ (𝑧𝑖𝑗 + 𝑦𝑖𝑗) ∀(𝑖, 𝑗) ∈ 𝐴 (15)   
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𝑏𝑖
𝑟,𝑠,𝑣 ≥ 0 ∀𝑖 ∈ 𝑁, ∀(𝑟, 𝑠) ∈ 𝑂𝐷, 𝑣 ∈ 𝑉 (16)   

𝑒𝑖𝑗
𝑟,𝑠,𝑣 ∈ {0,1} ∀(𝑖, 𝑗) ∈ 𝐴, ∀(𝑟, 𝑠) ∈ 𝑂𝐷, 𝑣 ∈ 𝑉 (17)   

𝑧 ∈ 𝑧upper level, 𝑦 ∈ 𝑦upper level  (18)   

where 𝑀  is a large positive constant. 𝐿𝑖𝑗  denotes the length of link (𝑖, 𝑗), and 𝑅𝑖𝑗  denotes the 

charging rate of the EV charging lane at link (𝑖, 𝑗). 𝑅̅ and 𝑅̅̅ denote the maximum and initial (pre-

trip) driving range of vehicles. Constraint (12) derives the residual range of EVs of type 𝑣 at node 

𝑖 traveling from origin 𝑟 to the destination 𝑠. Constraints (13) ensures that the residual range of 

EVs does not exceed the maximum range of the vehicle. Constraint (14) ensures that the driving 

range of EVs is equal to the initial (pre-trip) driving range of vehicle at the trip origin. Constraint 

(15) ensures that 𝑟𝑖𝑗 is equal to the charging rate of charging lane at link (𝑖, 𝑗) if charging facility 

is available at the link, and is = 0 otherwise. Constraint (16) guarantees the non-negativity of the 

driving range, and constraint (17) specifies the binary domain of the 𝑒𝑖𝑗
𝑟,𝑠,𝑣

. Finally, constraint (18) 

states that the decisions of the transport decision-makers are derived at the upper level.  

To capture the route choice behavior of travelers under the policies and actions of the 

transport agency decision-maker in the upper level, a multi-class traffic assignment is developed. 

Suppose that road users always choose the route with minimum travel costs to complete their trips. 

Therefore, we can define the user equilibrium according to the first principle of Wardrop (1952). 

In equilibrium, for travelers traveling from origin 𝑟 to destination 𝑠 on the same type of vehicle, 

the travel cost on all the paths used is equal to the minimum travel cost. The multi-class traffic 

assignment model can be formulated as follows:  

min 𝑍𝐿 = ∑ ∫ 𝑡𝑖𝑗(𝜔)𝑑𝜔
𝑥𝑖𝑗 

0(𝑖,𝑗)∈𝐴

 (19)   

∑ ∑ 𝑥𝑖𝑗
𝑟,𝑠,𝑣

(𝑟,𝑠)∈𝑂𝐷

= 𝑥𝑖𝑗

𝑣∈𝑉

 ∀(𝑖, 𝑗) ∈ 𝐴, 𝑣 ∈ 𝑉 (20)   

∑ 𝑥𝑗𝑖
𝑟,𝑠,𝑣

𝑗:(𝑗,𝑖)∈𝐴

− ∑ 𝑥𝑖𝑗
𝑟,𝑠,𝑣

𝑗:(𝑖,𝑗)∈𝐴

= 𝑞𝑖
𝑟,𝑠,𝑣

 ∀(𝑟, 𝑠) ∈ 𝑂𝐷, 𝑣 ∈ 𝑉, ∀𝑖 ∈ 𝑁 (21)   
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𝑥𝑖𝑗
𝑟,𝑠,𝑣 ≤ 𝑀 ∙ 𝑒𝑖𝑗

𝑟,𝑠,𝑣
 ∀(𝑖, 𝑗) ∈ 𝐴, ∀(𝑟, 𝑠) ∈ 𝑂𝐷, 𝑣 ∈ 𝑉 (22)   

𝑥𝑖𝑗
𝑟,𝑠,𝑣 ≥ 0 ∀(𝑖, 𝑗) ∈ 𝐴, ∀(𝑟, 𝑠) ∈ 𝑂𝐷, 𝑣 ∈ 𝑉 (23)   

𝜇𝑣
𝑟,𝑠 = ∑ 𝑒𝑖𝑗

𝑟,𝑠,𝑣

(𝑖,𝑗)∈𝐴

∙ 𝑡𝑖𝑗 ∀(𝑟, 𝑠) ∈ 𝑂𝐷, 𝑣 ∈ 𝑉 (24)   

𝑒𝑖𝑗
𝑟,𝑠,2 = 0 ∀(𝑖, 𝑗) ∈ 𝐴′, ∀(𝑟, 𝑠) ∈ 𝑂𝐷 (25)   

where 𝑞𝑖
𝑟,𝑠,𝑣

 is defined as follows:  

𝑞𝑖
𝑟,𝑠,𝑣 = {

−𝑑𝑣
𝑟,𝑠

0
𝑑𝑣

𝑟,𝑠 
 

if 𝑖 is the origin of OD pair 
∀𝑖 ∈ 𝑁, ∀(𝑟, 𝑠) ∈ 𝑂𝐷, 𝑣 ∈ 𝑉 (26)   if 𝑖 is an intermediate node 

if 𝑖 is the destination of OD pair 

The objective function (19) and constraints (20), (21), (23), and (26) represent the 

conventional traffic assignment function. Constraint (22) states that users can only use their 

corresponding feasible subnetworks. Constraint (24) calculates the travel time of EVs of type 𝑣 

traveling from origin 𝑟 to destination 𝑠. Constraint (25) ensures that the HDV travelers do not use 

AV-exclusive link. Finally, Constraint (23) guarantees the non-negativity of the link flows.  

To develop a tractable bi-level formulation, it is necessary to formulate the first-order 

conditions of the model (19)-(23) to eliminate objective function (19). Let 𝜂𝑖
𝑟,𝑠,𝑣

 denote a 

Lagrangian multiplier of travel demand conservation constraints (21) which is the minimum cost 

of EV type 𝑣  to travel to node 𝑖  traveling from origin 𝑟 to destination 𝑠. Let 𝜌𝑖𝑗
𝑟,𝑠,𝑣

 denote the 

Lagrangian multiplier of the constraints (22). The first-order conditions of conventional traffic 

assignment model can be written as follows: 

𝑥𝑖𝑗
𝑟,𝑠,𝑣 ∙ (𝑡𝑖𝑗(𝑥𝑖𝑗) + 𝜌𝑖𝑗

𝑟,𝑠,𝑣 + 𝜂𝑖
𝑟,𝑠,𝑣 − 𝜂𝑗

𝑟,𝑠,𝑣) = 0 ∀(𝑖, 𝑗) ∈ 𝐴, ∀(𝑟, 𝑠) ∈ 𝑂𝐷, 𝑣 ∈ 𝑉 (27)   

𝑡𝑖𝑗(𝑥𝑖𝑗) + 𝜌𝑖𝑗
𝑟,𝑠,𝑣 + 𝜂𝑖

𝑟,𝑠,𝑣 − 𝜂𝑗
𝑟,𝑠,𝑣 ≥ 0 ∀(𝑖, 𝑗) ∈ 𝐴, ∀(𝑟, 𝑠) ∈ 𝑂𝐷, 𝑣 ∈ 𝑉 (28)   

𝑥𝑖𝑗
𝑟,𝑠,𝑣 ≤ 𝑀 ∙ 𝑒𝑖𝑗

𝑟,𝑠,𝑣
 ∀(𝑖, 𝑗) ∈ 𝐴, ∀(𝑟, 𝑠) ∈ 𝑂𝐷, 𝑣 ∈ 𝑉 (29)   

𝜌𝑖𝑗
𝑟,𝑠,𝑣 ≤ 𝑀 ∙ (1 − 𝑒𝑖𝑗

𝑟,𝑠,𝑣) ∀(𝑖, 𝑗) ∈ 𝐴, ∀(𝑟, 𝑠) ∈ 𝑂𝐷, 𝑣 ∈ 𝑉 (30)   
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𝜂𝑟
𝑟,𝑠,𝑣 = 0 ∀(𝑖, 𝑗) ∈ 𝐴, ∀(𝑟, 𝑠) ∈ 𝑂𝐷, 𝑣 ∈ 𝑉 (31)   

𝑒𝑖𝑗
𝑟,𝑠,2 = 0 ∀(𝑖, 𝑗) ∈ 𝐴′ ∪ 𝐴′′, ∀(𝑟, 𝑠) ∈ 𝑂𝐷 (32)   

∑ 𝑥𝑗𝑖
𝑟,𝑠,𝑣

𝑗:(𝑗,𝑖)∈𝐴

− ∑ 𝑥𝑖𝑗
𝑟,𝑠,𝑣

𝑗:(𝑖,𝑗)∈𝐴

= 𝑞𝑖
𝑟,𝑠,𝑣

 ∀(𝑟, 𝑠) ∈ 𝑂𝐷, 𝑣 ∈ 𝑉, ∀𝑖 ∈ 𝑁 (33)   

𝜌𝑖𝑗
𝑟,𝑠,𝑣, 𝑥𝑖𝑗

𝑟,𝑠,𝑣, 𝜂𝑖
𝑟,𝑠,𝑣 ≥ 0  ∀(𝑖, 𝑗), ∀𝑤, ∀𝑡, ∀𝑚 (34)   

Constraints (27) and (28) are the user equilibrium conditions which ensure that if travelers 

of each OD pair use link (𝑖, 𝑗), it belongs to the feasible path. Otherwise, there is an extra perceived 

cost for travelers which discourages their patronage of this link. Constraints (30) state that if a link 

(𝑖, 𝑗) does not belong to the feasible subnetwork, then there is an extra perceived cost for using the 

link (𝑖, 𝑗).  

3.6 Tradeoffs  

A tradeoff, can be described as “sacrifice of a physical entity of quality in return for gaining another” 

(Bai et al., 2012). Many decision-making frameworks benefit from tradeoff analysis. In 

transportation asset management, the decision-makers often encounter a need to quantify the 

tradeoffs (Bai et al., 2012). In the context of this thesis, there are many types of tradeoff, as seen 

in the following cases:  

• The tradeoff between EV charging facility construction investment level and user travel 

time cost: if few EV charging facilities are constructed, this will cause EV user delay and 

higher travel time costs and, consequently, user dissatisfaction. On the other hand, if too 

many charging facilities are constructed, this will lead to excess idle time and, consequently, 

underutilization of capacity, and waste of cost resources. Therefore, a good balance should 

be achieved between agency savings and user benefits. 

• The tradeoff between EV charging facility construction investment level and AV/HDV 

market penetration. This tradeoff is difficult to analyze because, based on the logit model 

presented in Section 3.5, the AV/HDV market penetration depends on the user travel time 

and vehicle purchase price. With increasing the EV charging facility construction 

investment level, the user travel time decreases. As a result, the AV market penetration 
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decreases because the AV purchase price is typically higher compared to the HDV 

purchase price. On the other hand, in the literature, it is suggested that in the future, the AV 

purchase price will decrease because of technological advancements (Shabanpour et al., 

2018). Considering same value for AV and HDV purchase price, increasing the EV 

charging facility construction investment level decreases the user travel time. As a result, 

AV market penetration increases because the travel time for AV users is typically lower 

(due to AVs’ capabilities) compared to travel time for HDV users.  

• The tradeoff between AV and HDV user travel time costs: if the agency provides the EV 

charging facilities only for AV users (at AV-exclusive lanes), the travel time for AV users 

decreases, but the travel time for HDV users decreases. On the other hand, the provision of 

EV charging facilities at general-purpose lanes will increase the travel time for AV users 

because AV users will require to deviate from their optimal route (including AV-exclusive 

lanes) to recharge.  

3.7 Summary of the Chapter  

This chapter presented the methodology for the thesis. First, Section 3.1 introduced the bi-level 

framework of the problem, and Section 3.2 presented the preliminaries. The assumptions made in 

this study were discussed in detail in Section 3.3. The upper-level and lower-level models were 

represented in Sections 3.4 and 3.5, respectively. The transportation decision-makers' decisions 

are modeled using the upper-level model, and the travelers’ route choice and vehicle type choice 

are modeled using the lower-level models.  
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 SOLUTION ALGORITHM  

In this chapter, the solution algorithm for the proposed bi-level model is discussed. This chapter 

begins with an introduction to the solution algorithm. The following describes in detail solution 

approach for each level.  

4.1 Introduction  

The proposed bi-level model consists of the upper level and lower level, as discussed earlier. The 

bi-level model developed is inherently complicated to solve and is known to be NP-hard (Bazaraa 

et al., 2013). In this thesis, the Non-Dominated Sorting Genetic Algorithm (NSGA-II), a type of 

evolutionary optimization search technique, is used to solve the upper-level model. NSGA-II is a 

type of GA proposed by Deb et al. (2002) that has been widely used to solve multi-objective 

network design problems (Alavidoost et al., 2018; Bai et al., 2012; Ceylan & Bell, 2005; 

Hosseininasab et al., 2018; Hosseininasab & Shetab-Boushehri, 2015; Mazloumi et al., 2012; 

Miralinaghi, Davatgari, et al., 2021). At the lower level, for the travelers vehicle type choice (AV 

vs. HDV) the fixed-point method suggested by Liu et al. (2017) is used, and for travelers route 

choice the Frank-Wolfe algorithm (1956) is used to solve the proposed user equilibrium model. 

For each of the two levels, the rest of this section provides a detailed description of the solution 

approach. 

4.2 Upper-Level Solution Approach  

In this section, NSGA-II is used to solve the upper-level model. NSGA-II is an iterative search 

method in which two previous solutions are combined to generate new solutions. This approach 

begins with a viable set of solutions known as population. For each solution in the population, 

called a chromosome, the objective value at the upper level is determined. Based on the objective 

value, the algorithm then selects individual chromosomes and uses crossover and mutation to 

generate the next generation of the population. For the new generation, this process is repeated 

until a pre-specified stopping criterion is met. The steps of the NSGA-II are stated below and the 

algorithm flowchart is presented in Figure 4-2.  
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Step 1: The initial population of multiple chromosomes, where each chromosome is a 

feasible solution, is generated to initialize the NSGA-II algorithm. A sample of chromosomes is 

shown in Figure 4-1. Each chromosome is a set of 𝑛 candidate links for wireless charging and 𝑚 

candidate nodes for charging stations. Each cell of represented chromosome in Figure 4-1, called 

gene, indicates the charging facility's capacity level and, if it is zero, the candidate location of the 

charging facility is not selected for construction. The random initialization method is used, and it 

has been ensured that the upper-level model constraints are met for each solution. 

1 2 … 𝑛 𝑛 + 1 𝑛 + 2 … 𝑛 + 𝑚 

𝑧1 𝑧2 … 𝑧𝑛 𝑦𝑛+1 𝑦𝑛+2 … 𝑦𝑛+𝑚 

Figure 4-1. Representation of each chromosome  

Step 2: The objective value of the upper-level model (4 (a), 4 (b)) is determined for each 

chromosome. To do so, the construction cost calculated at the upper level and total travel cost is 

calculated at the lower level. 

Step 3: This algorithm updates the Pareto frontier in each iteration. If the number of 

iterations exceeds a threshold without improvement of the Pareto frontier, the algorithm will be 

terminated. Otherwise, the algorithm goes to the next step. 

Step 4: In this step, the non-dominated sorting technique is used to sort the chromosomes 

that establish Pareto ranks. Then, based on the objective values, some chromosomes are chosen as 

parents. To do so, the Tournament and Rolette Wheel selection methods (Yadav & Sohal, 2017) 

are applied.  

Step 5: As the leading genetic operator, crossover (Ono et al., 2003) combines parents to 

breed offspring where some of the parent chromosomes' characteristics are inherited in each 

offspring. The arithmetic crossover, which derives from the linear combination of chromosomes 

to generate new offspring, is used in this thesis. Then, the algorithm goes through a mutation 

mechanism in which the value of certain genes is changed in order to prevent them from being 

trapped in the local optima. The uniform integer mutation method is used to do this. Then the 

algorithm goes to Step 2. 
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Figure 4-2. Algorithm flowchart 
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4.3 Lower-Level Solution Approach  

Given charging facility locations and operating capacities from the upper level, the lower-level 

model can be solved. At the lower level, travelers’ decision variables are the vehicle type (AV vs. 

HDV) choice and route choice. Travelers’ vehicle type choice behavior model is solved using the 

fixed-point method. For travelers’ route choice behavior a traditional solution methods, the 

Franke-Wolfe algorithm (1956), is used to solve the user equilibrium model, which is a well-

known algorithm for solving traffic assignment problems. In the sections that follow, the solution 

approach for vehicle type and route choices of travelers is discussed in detail.  

4.3.1 Vehicle Type (AV vs. HDV) Choice Solution Approach  

The travelers’ vehicle type choice between AV and HDV is related to the charging facility's 

location and capacity derived from the upper level and the user equilibrium travel times. In Section 

4.3, the UE solution method is explained. This section seeks to predict the travel demand for AV 

and HDV users, taking into account the charging facility locations, and the users' route choice 

behavior. The method of fixed-point iteration is used in this section to capture travelers’ vehicle 

type choice. The basic principle of this method is to convert the equations into the form x = f(x) 

and then to use the iterative scheme (xiter+1 = f(xiter)) with an initialization of x0. Repeat this 

process until the stopping condition is satisfied. The AV and HDV user demands are treated as the 

fixed point (x) in this problem, while the user equilibrium is treated as the function (f(x)). The 

procedure for the fixed-point iteration method for the selection of AV and HDV is described in 

detail, as follows: 

Step 1: The algorithm sets iteration, iter = 0 , and starts with initialization of 𝑃𝑣
𝑟,𝑠

0
 

regarding the probability of using AV and HDV.  

Step 2: In this step, the travel demand for AV and HDV users is calculated by placing 

𝑃𝑣
𝑟,𝑠

iter
 in equation (11). Based on the calculated travel demand for AV and HDV, the user 

equilibrium model can be solved. Then, by substituting the minimum travel time of AV/HDV users 

traveling from origin 𝑟 to destination 𝑠 derived from the UE into Equation (9), the probability of 

choosing AV/HDV (𝑃𝑣
𝑟,𝑠

iter+1
) can be derived from Equation (10).  

Step 3: The algorithm checks the convergence of 𝑑𝑣
𝑟,𝑠

, if the gap between 𝑑𝑣
𝑟,𝑠

iter
 and 𝑑𝑣

𝑟,𝑠
iter+1

 is 

less than some tolerance limit, epsilon (𝜖), then the algorithm stops, otherwise, it returns to step 2. 
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Based on the current demand for AV and HDV, the user equilibrium link flows and the value of 

the upper-level objective can be calculated. 

4.3.2 User Equilibrium Solution Approach 

Travelers’ route choice is related to the charging facility locations and capacities derived from the 

upper level and the AV/HDV travel demand calculated in Section 4.3.1. In this section, UE model 

is solved using the Franke-Wolfe algorithm (1956). In each step of the Frank-Wolfe algorithm, a 

shortest path algorithm is needed to be solved in a way that the shortest path generated ensures the 

feasibility of the path in terms of EV charging needs. A shortest path algorithm proposed by 

Bahrami et al. (2017) is used in this study to ensure the path feasibility. In the sections that follow, 

first the constrained shortest path algorithm proposed by Bahrami et al. (2017) is first discussed in 

detail, and then, the Frank-Wolfe algorithm is described in a step-by-step manner.  

Constrained Shortest Path (CSP) Algorithm  

Bahrami et al. (2017) developed a Constrained Shortest Path (CSP) algorithm by modifying 

Bellman's algorithm (1958) to address the EV shortest path problem. Despite Bellman's algorithm, 

which records the path and the corresponding travel time from origin to the node, the CSP 

algorithm keeps all feasible non-dominated paths and the corresponding travel time (𝜂𝑖
𝑟,𝑠,𝑣

) and 

vehicle battery range (𝑏𝑖
𝑟,𝑠,𝑣

) from origin 𝑟 to node 𝑖 using EV type 𝑣. Since Bellman's algorithm 

solves the shortest path problem based only on travel time, it is referred to as a “single-label” 

algorithm. On the other hand, the CSP algorithm solves the shortest path problem based on both 

the travel time and the battery range of the vehicle and is referred to as a “multi-label” algorithm. 

In order to determine the shortest path, the CSP algorithm uses the non-dominated sorting 

technique and stores all feasible non-dominated paths. In addition, in Bellman's algorithm, a 

number of sub-paths are included in the optimum shortest path from a given origin to a given 

destination, where each sub-path connects the origin node to the nodes visited along the path. 

Bellman's optimality theory states that all sub-paths within a path are optimal in themselves. 

However, this theory does not apply to the shortest path for EVs. Bahrami et al. (2017) stated that 

the modification they made ensures that the shortest path generated is feasible and optimal.  
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As shown in the algorithm pseudocode (Figure 4-3), the CSP algorithm initializes the 

algorithm by creating a path list for each node. Each row of the path list consists of the path, travel 

cost, and vehicles battery range from origin to the node. The CSP algorithm enumerates all feasible 

paths from origin 𝑟 to other nodes in the network and stores non-dominated paths based on the 

travel time and vehicle battery range, then the algorithm selects the optimum shortest path based 

on travel time in the path list for each node.  

 

Step 1: Create a path-list for each node. Set 𝜂𝑖
𝑟,𝑠,𝑣 = ∞ (𝑖 ∈ 𝑁 − {𝑟}), 𝜂𝑟

𝑟,𝑠,𝑣 = 0, 𝑏𝑖
𝑟,𝑠,𝑣 = 0 (𝑖 ∈

𝑁 − {𝑟}), 𝑏𝑟
𝑟,𝑠,𝑣 = 𝑅̅, and iter = 1. 

Step 2: while iter ≤ |𝑁| − 1: 

for all links (𝑖, 𝑗) ∈ 𝐴: 

𝜂̅𝑗
𝑟,𝑠,𝑣 = 𝜂𝑖

𝑟,𝑠,𝑣 + 𝑡𝑖,𝑗 

if (zij + yij) > 0 

 𝑏̅𝑗
𝑟,𝑠,𝑣 = 𝑏𝑖

𝑟,𝑠,𝑣 − Lij + rij 

else 

 𝑏̅𝑗
𝑟,𝑠,𝑣 = 𝑏𝑖

𝑟,𝑠,𝑣 − Lij 

end 

   for each path 𝑝 of path list of node 𝑖: 

    if 𝑏̅𝑗
𝑟,𝑠,𝑣 ≥  0: 

     for each path 𝑝′ of path list of node 𝑗: 

      if [𝜂𝑗
𝑟,𝑠,𝑣, 𝑏𝑗

𝑟,𝑠,𝑣] dominates [𝜂̅𝑗
𝑟,𝑠,𝑣, 𝑏̅𝑗

𝑟,𝑠,𝑣]: 

       do nothing. 

      else: 

add [{𝑝, 𝑖}, 𝜂̅𝑗
𝑟,𝑠,𝑣, 𝑏̅𝑗

𝑟,𝑠,𝑣] to the path list of 𝑗. 

      end 

     end 

    end 

   end 

end 

  iter = iter + 1. 

end 

Step 3: for all nodes (𝑖 ∈ 𝑁):  

  sort the path list based on the 𝜂𝑖
𝑟,𝑠,𝑣

 and return the path with minimum travel cost 

as the shortest path.  

end

 
Figure 4-3. Constrained shortest path (CSP) algorithm pseudocode 
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Frank-Wolfe Algorithm Solution Approach  

The user equilibrium model is solved using the Frank-Wolfe algorithm, which is a well-known 

method for solving traffic assignment problems. Figure 4-4 illustrates the UE solution approach 

flowchart, and the rest of this section describes the algorithm in a step-by-step manner.  

Step 0: Algorithm starts setting iter = 0 and solves the CSP algorithm to determine the 

shortest paths between all origins and destinations for each type of vehicle, based on the free-flow 

travel times 𝑡0,𝑖,𝑗. Then it assigns travel demand of each origin-destination pair to the generated 

shortest path.  

Step 1: In this step, the algorithm sets iter = iter + 1, updates the link travel times, and 

assigns all travel demand on the shortest path, to obtain the feasible direction of link flows 𝛼iter.  

Step 2: The algorithm calculates link flow 𝑥𝑖,𝑗iter+1
= 𝛼iter𝑥𝑖,𝑗iter

+ (1 − 𝛼iter)𝑥𝑖,𝑗iter−1
 

for all links. 

Step 3: The algorithm checks the convergence of 𝑥𝑖,𝑗 , if the gap between 𝑥𝑖,𝑗iter
 and 

𝑥𝑖,𝑗iter+1
 is less than some tolerance limit, say epsilon (𝜖) the algorithm stops. Otherwise, goes to 

Step 1.  
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Figure 4-4. Lower-level solution flowchart  

4.4 Summary of the Chapter  

This chapter discussed the solution approach for each level. In order to solve the proposed bi-level 

model, a population of viable solutions was generated at the upper level. For each solution, at the 

lower level, the travel demand for AV and HDV users was derived solving the logit model using 

the solution algorithm presented in Section 4.3.1. Then the user equilibrium link flows were 

calculated using Frank-Wolfe algorithm presented in Section 4.3.2. In each step of the Frank-

Wolfe algorithm, a shortest path algorithm proposed by Bahrami et al. (2017) is solved in a way 

that the shortest path generated ensures the feasibility of the path in terms of EV charging needs. 

At the upper-level, objective values were calculated. Based on the objective value of each solution, 

parents were chosen to generate a new population. The new population was generated by crossover 

and mutation operators. The new population was merged with the previous population and sorted 
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travel times.  
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by non-dominated sorting techniques, and the best solutions were be left for the next iteration. This 

iterative scheme was repeated until the stopping criterion had been met.  
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 NUMERICAL EXPERIMENTS  

5.1 Introduction  

In this chapter, numerical experiments are carried out to demonstrate the applicability of the 

proposed model. This chapter tests the proposed bi-level model using the Sioux-Falls road network. 

The Sioux Falls, North Dakota road network (Figure 5-1) has 24 nodes and 76 links. The network 

characteristics and travel demands can be found in Leblanc et al. (1975). Although the Sioux-Falls 

network is small, it is a well-known network that is used in network design problems 

(Hosseininasab et al., 2018; Miralinaghi et al., 2020; Wang et al., 2016). Furthermore, the 

framework proposed in this study is applicable to larger networks. The solution algorithm is coded 

in MATLAB 2020. A Core i7 processor with a 2.6 GHz CPU and 8 GB RAM is used to obtain the 

results. This chapter first presents the computational settings. Then, the obtained Pareto-optimal 

solutions for the case study are presented in detail. Sensitivity analysis is then carried out in order 

to understand the impact of following factors on the planning of charging facilities: agency-user 

cost weight ratio, EV charging investment budget, multiplicity of EV charging facility type, lane 

type, EV driving range, and AV purchasing price.  

 

Figure 5-1. Sioux-Falls road network 

 

(a) North Dakota  
 

(b) Sioux Fall road network 
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5.2 Computational Setting  

As shown in Figure 5-2, the Sioux Falls road network has been associated with fourteen (14) 

potential AV-exclusive lanes (red arrows in Figure 5-2) by Chen et al. (2016). We have considered 

similar locations for the AV-exclusive lanes as Chen et al. (2019) proposed. According to 

Tientrakool et al. (2011), the capacity of AV-exclusive lanes are assumed to be 43% greater than 

that of general-purpose lanes at the same link. This is because capability of AVs enables them to 

move at reduced headways and consequently, increases the road capacity. In Figure 5-2, nodes 

shown with broken circles indicate specified candidate nodes for constructing charging stations, 

and broken arrows indicate specified candidate links to install wireless-charging facilities in the 

outskirts of the Sioux-Falls road network.  

 

Figure 5-2. Candidate nodes and links for EV charging facility 

 

The analysis also included assumed values of the charging facility capacities and 

construction costs. It is assumed that the transportation decision-makers consider two different 
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capacity levels for the charging station. In addition, the given capacity of the level 1 charging 

station is set as 300 veh/hr. The construction cost factors for charging stations are $200,000 and 

$800,000 dollars, respectively (Smith & Castellano, 2015). Therefore, the charging station 

constructing cost can be calculated using Equation (2). In other words, the construction cost of 

levels 1 and 2 charging stations with capacities of 300 and 600 veh/hr are equal to $1 and $1.8 

million, respectively (Table 5-1).  

Table 5-1. Cost of constructing charging stations at candidate nodes 

Charging station capacity level Capacity Construction Cost ($M) 

1 300 1 

2 600 1.8 

 

According to Fuller et al. (2016), the average installation, and the annual operations, and 

maintenance costs of a wireless-charging facility is $4 million per mile per lane. Based on this 

average cost of installing wireless-charging facility on the candidate links of the case study 

network can be calculated using equation (3), and results are provided in Table 5-2.  

Table 5-2. Cost of installing wireless-charging lanes at candidate links  

Candidate link Length (mile) Construction cost ($M) 

(4,5) 2 8 

(5,4) 2 8 

(6,8) 2 8 

(8,6) 2 8 

(5,9) 5 20 

(9,5) 5 20 

(10,15) 6 24 

(15,10) 6 24 

 

In the base analysis, based on the EV charging facility construction costs, the construction 

budget for constructing charging facilities (𝐵) is estimated to be $40 million. Sensitivity analysis 

is then carried out in order to understand the impact of EV charging facility investment budget 
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levels in Section 5.6. It is assumed that the average initial (pre-trip) battery range of EVs is 15 

miles. The VOT for HDV users is assumed to be equal to $20 per hour (FHWA, 2016). According 

to Correia et al. (2019), compare to HDV users, the VOT is almost 25% less for AV users (level 3 

and higher). Hence, the VOT for AV users is assumed to be equal to $15 per hour. The weights of 

travel time and purchasing price of the vehicle in the utility function (Equation (9)) are set as 

−0.0375 and −1, respectively, based on the suggested weights by Nie et al. (2016). Similar to the 

values used by Liu et al. (2017), the average annual income of travelers is assumed to be $80,000, 

the average purchasing price of AV and HDV are set as $40,000 and $20,000, respectively, and 

the average life expectancy of vehicles is assumed to be ten years. All costs are in 2020 US dollars. 

Also, the analysis period is only the first year of implementation, therefore the discount rate is not 

considered.  

5.3 Base Analysis 

The Pareto frontier obtained using the NSGA-II algorithm for the case study is illustrated 

in Figure 5-3. For the Pareto Optimal (PO) solution “A”, only one level 1 charging station is 

selected for construction, and this is at node 18, also one lane is selected for wireless-charging 

construction, and this is at the general-purpose lane (4,5), as shown in Figure 5-4 (a). For the PO 

solution “B”, one general-purpose lane (5,4) and also, one AV-exclusive lane (6,8) are selected for 

wireless-charging facility construction, and one level 1 charging station (at node 18) is selected 

for construction, as shown in Figure 5-4 (b). For the PO solution “C”, two general-purpose lanes 

(4,5) and (5,4) and one AV-exclusive lane (6,8) are selected for wireless-charging facility 

construction, and one level 1 charging station (at node 18) is selected for construction, as shown 

in Figure 5-4 (c). For the PO solution “D”, three general-purpose lanes (4,5), (5,4), and (6,8), one 

AV-exclusive lane (8,6) are selected for wireless-charging facility construction and one level 2 

charging station (at node 18) is selected for construction, as shown in Figure 5-4 (d). Table 5-3 

summarizes obtained PO solutions for the case study.  
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Table 5-3. PO solutions for EV charging facility locations, costs 

Pareto 

Optimal 

Solution  

Charging station 

locations and 

capacities 

Wirelesscharging 

facility locations 

Total Travel 

Time Cost ($M) 

Construction 

Cost ($M) 

A 
Level 1 at node 

18 

One general-purpose 

lane (4,5) 
16.9 9 

B 
Level 1 at node 

18 

One general-purpose 

lane (5,4), one AV-

exclusive link (4,5) 

7.9 17 

C 
Level 1 at node 

18 

Two general-purpose 

lanes (4,5) and (5,4), 

one AV-exclusive link 

(6,8) 

6.5 25 

D 
Level 2 at node 

18 

Three general-purpose 

lanes (4,5), (5,4), and 

(6,8), one AV-

exclusive link (8,6) 

5.6 33.8 

 

 

Figure 5-3. PO solutions for the case study  
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(a) Pareto optimal solution “A” 

 

(b) Pareto optimal solution “B” 

 

(c) Pareto optimal solution “C” 

 

(d) Pareto optimal solution “D” 

 

Figure 5-4. PO solutions for EV charging facility location, the Sioux Falls road network  
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Figure 5-5 illustrates the convergence of the upper-level objective function over the 

iterations for the case study. As can be seen in this figure, the algorithm converges after 35 

iterations. The average and maximum computation time for each run of the algorithm for this case 

study are 23.5 and 26.3 minutes, respectively. 

 

Figure 5-5. Convergence of the upper-level objective function over the iterations. 

5.4 Tradeoffs between Asset Investment Levels and Asset Levels of Service  

In transportation asset management, the decision-makers often encounter a need to quantify the 

tradeoffs between asset investment levels (incurred by the agency) and asset levels of service 

(enjoyed by the users) (Bai et al., 2008; Bai et al., 2012). In the context of this thesis, the tradeoffs 

involve EV charging facility construction and user costs of total travel time. For example, if few 

EV charging facilities are constructed, this will cause EV user delay and higher travel time costs 

and, consequently, user dissatisfaction. If too many charging facilities are constructed, this will 

lead to excess idle time and, consequently, waste of investment resources. Therefore, a good 

balance should be achieved between agency savings and user benefits.  

According to the PO solutions obtained for the case study, the total travel time cost 

decreases as the construction cost increases across PO solutions "A," "B," "C" and "D". This 

indicates that the transportation decision-makers can reduce total travel time costs by increasing 

the EV charging facility investment. Hence, if the transportation agency considers the costs of 
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travelers to be of significant importance, the strategy of PO solution "D" will be chosen. On the 

other hand, the relatively higher emphasis on the construction cost leads to the selection of the PO 

solution "A" in which fewer number of EV charging facilities will be constructed, and the fewer 

number of charging facilities will result in higher total travel time costs.  

It is clear that with increasing EV charging facility investment the number of EV charging 

facilities increases, and consequently, charging delay decreases. Interestingly, with increasing the 

EV charging facility investment, model decides to install more wireless-charging facilities rather 

than charging stations. This is because wireless-charging facilities have lower charging delay 

compared to charging stations.  

5.5 Sensitivity Analysis on the Impact of Weights on the Optimal Solution 

In making decisions based on multiple criteria, the transportation agency decision-maker often 

encounters the need to assign relative weights to each performance objective or metric to reflect 

its relative importance compared to other objectives or metrics (Patidar et al., 2007; Sinha et al., 

2009), for example, to what extent is the network investment cost savings more important than 

user delay? The methods often used to establish the weights include equal weighting, regression-

based observer-derived weighting, direct weighting, gamble method, analytical hierarchy process 

(AHP), and value swinging, and these are described in the literature (Hobbs & Meier, 2000; Sinha 

& Labi, 2007). In this thesis, the direct-weighting method was used. The relative weights may 

change from time to time and across locations to reflect different circumstances and policies of the 

agency (Labi, 2014). As such, it is often useful to assess the sensitivity of the optimal solution to 

changes in the weights. To analyze the sensitivity of the optimal solution to the relative importance 

between the agency dollar and the user dollar, the objective of the upper-level was formulated as 

a weighted sum of objectives by assigning weights to the travel time cost and construction cost, to 

reflect the importance of each criterion, as follows: 

𝑍𝑈 = min [(1 − 𝜉)𝜙1 + 𝜉 ∙ 𝜙2] (35)   

0 ≤ 𝜉 ≤ 1 (36)   
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where 𝜉  denotes the weight of construction cost relative to the user cost. Figure 5-6 

illustrates the impacts of changes in agency-user cost weight ratio (𝜉) on the total travel time costs 

and construction costs. With 0 ≤ 𝜉 ≤ 0.1 the transportation decision-makers consider user costs 

to be of significant importance; the strategy of PO solution "D" will be chosen. With increasing 

the importance of construction cost, the PO solution “C” and “B” will be chosen for 0.2 ≤ 𝜉 ≤

0.3  and 0.4 ≤ 𝜉 ≤ 0.7 , respectively. A higher importance attached to the agency cost dollar 

relative to the user cost dollar, that is, 0.8 ≤ 𝜉 ≤ 1. This yields to PO solution “A”. 

Based on the weights provided by Lamptey et al. (2005) and Patidar et al. (2007), the 

remaining analysis in this chapter is conducted using 0.65 and 0.35 as the weights for the agency 

and user costs, respectively, that is, 𝜉 = 0.65.  

 

Figure 5-6. Impact of weights on the optimal costs 

5.6 Sensitivity of the Optimal Solution to the EV Charging Construction Budget 

In this set of analyses, we seek to investigate the impact of the EV charging investment budget on 

the optimal solution. Table 5-4 presents the three scenarios (levels) of the construction budget and 

Table 5-5 presents the results.  
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Table 5-4. Different construction budget levels (in million dollars) 

Budget scenario Construction budget 

Scenario 1 10.00 

Scenario 2 20.00 

Scenario 3 40.00 

The outcomes of these scenarios are compared with a base scenario (referred to as scenario 

0). In Scenario 0, it is assumed that the EV driving range is very high and therefore there is no 

need for recharging, and therefore does not involve construction of any charging facility in the 

network. In this scenario's result (optimal solution), the total travel time cost for EVs is $5.65 

million, and the AV market penetration is equal to 49.8 percent. Figure 5-7 presents the impacts 

of different factors on travel time and AV/HDV market penetration. High EV driving range leads 

to lower travel time costs for both AV and HDV users because they experience lower recharging 

delay at charging facilities. And with a reduction in travel time costs, AV market penetration 

decreases due to higher purchasing price compared to HDV. In the rest of this chapter, the results 

of each scenario are compared with those of scenario 0.  

 

Figure 5-7. Impacts of factors on travel time and AV/HDV market penetration 
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As shown in Table 5-5, the total cost, which is unweighted sum of construction and travel 

time costs, reduces as the level of EV charging facility investment (construction budget) increases. 

This is anticipated theoretically as an increase in the construction budget (𝐵), i.e., the right-hand 

side of the equation (5) in the upper-level model, leads to an expansion of the feasible region, and 

consequently, identification of superior solutions. When budget is given at a low level of $10 

million which is referred to as “scenario 1” (Figure 5-8 (a)), the solution prescribes construction 

of a level 1 charging station at node 18 and installation of a wireless-charging facility at general-

purpose lane (4, 5). In this scenario, compared to scenario 0, the total travel time cost increases by 

$9.1 million. This additional cost is attributed to charging delay at the charging facilities and the 

added travel time because vehicles deviate from their optimal routes in order to recharge.  

When the budget is $20 million (scenario 2), the obtained solution (Figure 5-8 (b)), 

prescribes construction of a level 1 charging station at node 18 and installation of a wireless-

charging facilities at two general-purpose lanes (5, 4) and (6, 8). In this scenario, by providing 

more charging facilities, charging delay and added travel time cost (which are due to the EVs 

deviation from their respective optimal routes to recharge) decreases. In scenario 3, when the 

budget is $40 million (Figure 5-8 (c)), and the optimal solution prescribes construction of a level 

1 charging station at node 18 and installation of a three wireless-charging facilities at two general-

purpose lanes (4, 5), (5, 4), and one AV-exclusive lane (6, 8). The total travel time cost is very 

close to that of scenario 0. This is because a higher budget scenario has led to more charging 

facilities in the network and, consequently, lower recharging delays and lower added travel times 

caused by deviating from optimal routes to recharge. 

It is observed from the results that the model prioritizes the construction of wireless-

charging facilities over constructing charging stations. This is intuitive because road users prefer 

recharging at wireless-charging lanes to avoid the extra recharging delay associated with charging 

stations. The results demonstrate that the higher level of EV charging facility investment 

(construction budget) can significantly reduce the charging delays and added travel time costs due 

to recharging at stations. Therefore, the transport decision-makers need to consider the trade-off 

between the level of EV charging facility investment and the monetary costs associated with the 

higher travel times. It is critical that transport agencies are aware of the sensitivity of the 

recommended EV charging facility locations, to the key factors of the analysis. Such knowledge 
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will help them decide, at the planning stage, the appropriate investment budget levels of this 

infrastructure.  

Table 5-5. Numerical results for different construction budget levels ($M)  

Budget scenario 
Construction 

budget 

Construction 

cost 

Total travel 

time cost 

Total cost 

(unweighted sum) 

Scenario 0  0.00 0.00 5.65 5.65 

Scenario 1 10.00 9.00 14.75 23.75 

Scenario 2 20.00 17.00 9.95 26.95 

Scenario 3 40.00 25.00 5.72 30.72 

  



 

 

62 

 

(a) Scenario 1 (budget = $10 million) 

 

(b) Scenario 2 (budget = $20 million) 

 

(c) Scenario 3 (budget = $40 million) 

 

Figure 5-8. Optimal charging facility locations for different budget levels 
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Interestingly, as shown in Figure 5-9, it is observed that AV market share decreases slightly 

as the construction budget increases from scenario 1 to scenario 2. Then, there is an observed 

increase in the AV market share from scenario 2 to scenario 3. The initial decrease is because, as 

the budget increases from $10 million to $20 million, the model prescribe installation of wireless-

charging facilities on general-purpose lanes to satisfy both AV and HDV users’ recharging needs. 

Although this reduces travel time for both AVs and HDVs, AV market penetration decreases 

because it depends on purchase price and travel time. The purchasing price of AV is higher 

compared to purchasing price of HDV, therefore the market penetration rate of AVs decreases 

when wireless-charging facility is provided at general-purpose lanes. As the budget increases from 

$20 million to $40 million, the model prescribes installation of wireless-charging facilities at AV-

exclusive lane (6, 8), leading to an increase in AV market penetration.  

 

Figure 5-9. AV and HDV market penetration at different investment levels 
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1, the transportation decision-makers intend to only provide wireless-charging facilities. In 

scenario 2, transportation decision-makers intend to only provide charging stations. In scenario 3, 

transportation decision-makers intend to provide both charging stations and wireless-charging 

facilities. Table 5-6 presents the charging method considered in each scenario.  

Table 5-6. EV charging method scenarios 

EV charging method scenarios EV charging methods 

Scenario 1 Wireless charging facility 

Scenario 2 Charging station  

Scenario 3 Wireless charging facility and static charging 

Figure 5-10 presents a comparison of the results of the scenarios. Scenario 0 (presented in 

Figure 5-10) is the same as the scenario 0 presented in Section 5.6. For scenario 1, the result 

(optimal strategy) is to construct wireless-charging facilities at links (4, 5), (5, 4), (8, 6), and (5, 

9), as shown in Figure 5-11 (a). In this scenario, all candidates selected for wireless-charging 

facility installation are located at general-purpose lanes. This result is intuitive because addresses 

the recharging needs of HDV users as well as AV users. As explained above, this leads to lower 

AV market penetration (i.e., 50 percent) compared to Scenario 2 and 3. The charging delay for 

wireless-charging facilities is lower compared to charging stations; therefore, the increased travel 

time in this scenario compared to scenario 0 is primarily due to additional travel time spent by EVs 

in deviating from their optimal routes to recharge.  

For scenario 2, the result (optimal strategy) is to construct three level 1 charging stations 

at nodes 12, 18, and 22 (Figure 5-11 (b)). In this scenario, the charging delay for charging stations 

is very high and travelers deviate from their optimal route to recharge. Therefore, the AV and HDV 

travel times of this scenario are higher than that of scenario 0. Although the AV market penetration 

(i.e., 57 percent) resulting from this scenario is higher than that from scenario 0 (i.e., 49 percent), 

the total travel time cost has not improved. This might be because the charging delay in charging 

stations for both AVs and HDVs are equal. This implies that without wireless-charging facility 

deployment, particularly at AV-exclusive lane, the impacts of AV market share in the total travel 

time cost decreases.  

For scenario 3, as shown in Figure 5-11 (c), the result (optimal solution) recommends 

construction of one level 1 charging station at node 18, two wireless-charging facilities at two 
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general-purpose lanes (4, 5) and (5, 4), and one wireless-charging facilities at AV-exclusive lane 

(6, 8). In this scenario, compared to scenario 1 and 2, the total travel time cost is too close to that 

of scenario 0. This is due to two reasons: (i) the use of wireless-charging facilities in the network, 

and (ii) higher market penetration of AVs (i.e., 58 percent). Interestingly, the total travel time cost 

of HDV users in scenario 3 increases slightly compared to scenario 1. This is because, in scenario 

1, the model decides to install all wireless-charging facilities at general-purpose lanes, which leads 

to lower travel time cost for HDV users.  

 

Figure 5-10. Comparison of the travel time cost of charging facility type scenarios 
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(a) Scenario 1 (wireless charging 

facilities only) 

 

(b) Scenario 2 (charging stations only) 

 

(c) Scenario 3 (wireless charging 

facilities and charging stations) 

 

Figure 5-11. Optimal charging facility locations for charging facility type scenarios 
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5.8 Impacts of Lane Type Selection for Wireless-charging Facility Installation  

In this section, we investigate the impacts of selecting general-purpose and AV-exclusive lanes for 

wireless-charging facility installation on the optimal location and associated costs. Consider three 

scenarios, which in scenario 1, transportation decision-makers intend to install wireless-charging 

facilities only at AV-exclusive lanes. In scenario 2, transportation decision-makers seek to install 

wireless-charging facilities only at general-purpose lanes, and in scenario 3, seek to install 

wireless-charging facilities at both AV-exclusive and general-purpose lanes. Table 5-7 presents 

lane type (AV-exclusive lane and/or general-purpose lane) considered for wireless charging 

facility installation for each scenario.  

Table 5-7. Lane types for wireless charging facility installation scenarios  

Scenarios Lane types  

Scenario 1 AV-exclusive lane  

Scenario 2 General-purpose lane  

Scenario 3 General-purpose lane and AV-exclusive lane   

 

Figure 5-12 compares the results of these scenarios. Scenario 0 presented in Figure 5-12 is 

the same as the scenario 0 presented in Section 5.6. For scenario 1, the result (optimal strategy) is 

to construct one wireless-charging facility at AV-exclusive lane (5, 4) and three level 1 charging 

stations at nodes 12, 18, and 22 (Figure 5-13 (a)). In this scenario, the model prescribes the 

construction of more charging stations compared to scenario 2 and 3, to meet the recharging needs 

of HDV users who cannot use wireless-charging facilities at AV-exclusive lanes. Therefore, a 

higher number of charging stations, as discussed earlier in Section 5.7, results in higher total travel 

time cost compared to scenarios 2 and 3. Specifically, the travel time cost for HDV users is 

observed to be significantly higher compared to scenarios 2 and 3. Again, this is because HDV 

users use charging stations and do not have a wireless charging option, leading to higher charging 

delays for this class of EV users. Furthermore, this scenario could raise concerns related to social 

inequity due to the fact that the wireless-charging facilities are only provided for AV users. 

For scenario 2, the result (optimal strategy) is to construct wireless-charging facilities at 

two general-purpose lanes (4, 5), (5, 4), and a level 1 charging station at nodes 18 (Figure 5-13 

(b)). In this scenario, the total travel time cost is higher than that of scenarios 1 and 3. This is 



 

 

68 

because the provision of charging facilities only for general-purpose lanes leads to lower AV 

market penetration (i.e., 54 percent) and therefore higher travel time costs compared to those of 

scenario 1 and 3. Compared to scenario 1, travel time cost for HDV users decreased slightly. This 

result is intuitive because both charging stations and wireless-charging facilities are available for 

HDV users.  

For scenario 3, as shown in Figure 5-13 (c), the result (optimal solution) prescribes one 

level 1 charging station at node 18 and installs two wireless-charging facility at two general-

purpose lanes (4, 5) and (5, 4), and one wireless-charging facility at one AV-exclusive lane (6, 8). 

Compared to scenario 1, the total travel time cost for AV users is slightly higher. This is because, 

unlike scenario 1, the model considers the availability of wireless-charging facilities for both AV 

and HDV users. In this scenario, the travel time cost is significantly lower compared to scenario 1 

and 2. This result is due to (i) high investment in charging facilities, which result in lower 

recharging delays and added travel times (which is due to deviation from optimal routes to 

recharge), and (ii) high AV market penetration. Overall, the total travel time cost of this scenario 

is lower than those of scenarios 1 and 2 indicating that the provision of wireless-charging facilities 

for both AV and HDV users not only addresses the social equity concerns but also significantly 

reduces the total travel time cost.  

 

Figure 5-12. Comparison of results for lane type scenarios 
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(a) Scenario 1 (wireless charging at 

AV-exclusive lane) 

 

(b) Scenario 2 (wireless charging at 

general-purpose lane) 

 

(c) Scenario 3 (wireless charging at 

AV-exclusive and general-purpose 

lane) 

 

Figure 5-13. Optimal charging facility locations for lane type scenarios 
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5.9 Sensitivity Analysis on the AV Purchase Price  

In this section, we investigate the impacts of AV purchasing price on AV market penetration. 

Consider three scenarios with different AV purchasing prices: scenario 1 with high AV purchasing 

price ($40,000), scenario 1 with medium AV purchasing price ($30,000), and scenario 1 with low 

AV purchasing price ($20,000). Table 5-8 presents the AV purchasing prices scenarios.  

Table 5-8. AV purchasing price scenarios  

AV purchasing price scenarios AV purchasing price 

Scenario 1 $40,000 

Scenario 2 $30,000 

Scenario 3 $20,000 

Figure 5-14 illustrates the AV market penetration for different AV purchasing prices. In 

scenario 3, AV and HDV purchasing prices are assumed to be equal. In this scenario, the AV 

market penetration rate is 100%. This is an intuitive result because AV users’ travel time is lower 

than that of HDV users and with same purchasing price, travelers prefer to purchase AVs rather 

than HDV. It is clear that by increasing the AV purchasing price the AV market penetration 

decreases, as shown in Figure 5-14.  

 

Figure 5-14. AV and HDV market penetration for the different AV purchase prices 
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Figure 5-15 compares the AV and HDV users’ travel time cost for different AV purchasing 

price scenarios. The obtained results indicate that by decreasing the AV purchasing price, the total 

travel times cost decreases. This is because by decreasing AV purchasing price, as discussed above, 

the AV market penetration increases and consequently, the total travel time cost decreases. In 

scenario 3, the total travel time cost is close to that of scenario 0. This is due to the high AV market 

penetration, which improves network mobility and, as a result, decreases total travel time cost. As 

the AV purchasing price decreases, the AV market share increases, results in total system travel 

time cost be mostly attributed to AVs rather than HDVs, which explains why AV users' travel time 

increases as AV purchasing price decreases. 

 

Figure 5-15. AV and HDV user travel time costs for different AV purchase prices 
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EV driving range is expected to increase due to technological advancements (Zakaria et al., 2019). 

It is assumed that the EV driving range increases from 10 miles to 20 miles over the planning 

phase. Figure 5-16 presents the numerical results for different EV driving ranges. The results 

suggest that construction cost and total travel time cost are reduced by increasing the driving range. 

This is because the driving range increases lead to reduced patronage of charging facilities. This 

reduces the need for investments charging facilities construction. On the other hand, the reduced 

patronage of charging facilities contributes to lower charging delay at charging facilities. Also, as 

the need for recharging is reduced due to increased driving range, travelers can meet their travel 

needs without deviating from their optimal routes, which reduces the total travel time cost.  

 

Figure 5-16. Impact of EV initial driving range on costs 
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result, difference of travel time for AV and HDV decreases. Since the purchasing price of AV is 

higher than that of HDV, travelers prefer to purchase HDV rather than AV, and consequently, the 

AV market penetration decreases to the lowest level that EVs do not need to recharge (referred to 

as scenario 0 discussed in section 5.6).  

 

Figure 5-17. Impact of EV initial driving range on AVs market penetration. 
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installation reduces the total cost significantly. Finally, the impacts of EV driving range and AV 

purchasing price on AV market share is discussed in detail.   
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 CONCLUDING REMARKS  

This chapter summarizes the thesis and highlights its findings and concluding remarks. Based on 

limitations of this thesis, the chapter then presents a variety of possible directions for future 

research. 

6.1 Summary 

The main objective of the thesis is to provide a comprehensive framework to determine the 

locations and capacities of charging facilities to serve a mixed fleet of human-driven vehicles 

(HDVs) and autonomous vehicles (AVs). This problem is formulated as a bi-level program with 

multi-objective optimization. The transportation decision-makers at the upper-level model seek to 

minimize the total travel time cost and construction cost. The transportation decision-makers’ 

decision-making variables are the location of EV charging facilities and operating capacity. These 

decision variables are subject to the budgetary limitations. In the lower-level model, travelers 

vehicle type (AV vs. HDV) choice is modeled using a utility-based logit model. The utility 

function consists of a weighted sum of travel time for each origin-destination pair and the 

purchasing price of the vehicles. Travelers seek to minimize their travel time. It is assumed that 

the transportation decision-makers provide AV-exclusive lanes to promote AV usage and, 

ultimately, to reduce the total travel time cost.  

6.2 Findings and Conclusions 

The proposed framework was tested using the Sioux-Falls road network. The numerical 

experiments suggested that if the transport decision-makers set a higher value for a dollar of user’s 

travel time compared to a dollar of agency’s construction costs, the optimal plan will prescribe 

more wireless-charging facilities compared to the case where the agency dollar has a higher weight. 

As such, the increase in the construction budget generally motivates the optimal solution to include 

wireless-charging facility installation rather than the construction of charging stations. It is also 

found that the market penetration of AVs increases with higher budget levels. It is observed that 

providing more wireless-charging facilities reduces total travel time cost and, therefore, total 

weighted cost.  
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Further, the results suggest that, compared to the scenario where the transport decision-

makers construct charging stations and where construct wireless-charging facilities, the scenario 

where the transport decision-makers construct both of them, the total travel time cost decreases by 

82% and 3%, respectively. It is also shown that emerging technologies such as AV, which is 

expected to reduce the value of travel time and improve road capacity (Correia et al., 2019; 

Tientrakool et al., 2011), can lead to cost savings. It is shown that enabling wireless-charging 

facilities at both AV-exclusive and general-purpose lanes can reduce total travel time cost by 25% 

and 36% compared to plan where wireless-charging facilities are provided only at AV-exclusive 

and where are provided only at general-purpose lanes, respectively. Finally, analyses of the 

vehicles' driving range confirmed that travelers need to recharge more in the scenario of low 

driving range. As a result, travelers experience more charging delay and also, they need to deviate 

often from their optimal routes leading to higher travel times. This leads to higher market 

penetration of AVs because AVs typically have lower travel times compared to HDVs and as a 

result, travelers prefer purchasing AV rather than HDV. On the other hand, with increasing the EV 

driving range, the recharging need decreases, and as a result, recharging delay and total travel time 

cost decrease. This decreases the AV market penetration because the AV purchase price is higher 

than HDV purchase price and travelers prefer to purchase HDV rather than AV. 

6.3 Limitations of the Study 

One limitation of this thesis is that the mixed fleet of AV and HDV is considered to be electric. 

Although the literature suggests that future AVs will most likely be electric (Lam et al., 2018), 

AVs can also be Alternative Fuel Vehicle (AFV). Another limitation of this thesis is that AV-

exclusive lane locations are considered to be established as a part of the problem setting and 

therefore is not variable. Although the optimal locations for AV-exclusive lane on the Sioux Falls 

road network identified by Chen et al. (2019) is used in the analysis, the proposed model does not 

capture the effect of the AV-exclusive lanes’ optimal locations on the EV charging facility location 

problem. Moreover, this study did not consider that commuting AVs could be recharged at parking 

facilities after dropping their passengers. This could impact the planning of EV charging facility 

locations. Another limitation of this thesis is that it did not consider different performance 

attributes of AVs and HDVs in the vehicle type purchase model, such as the safety benefits of AVs. 
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Furthermore, this study did not consider shared AVs. Although some researchers believe 

that most AVs will be private in the future (Correia & van Arem, 2016; Saeed et al., 2020), shared 

AVs will also represent a significant proportion of AVs (Overtoom et al., 2020), and their charging 

needs may differ from those of private AVs. Another limitation of this thesis is that it did not 

consider the scheduling of the EV charging facilities over time. Future work could consider a 

transition horizon consisting of multiple periods with a particular duration to capture the 

scheduling in planning for the EV charging facility problem. Finally, although the proposed 

framework attempted to incorporate social equity concerns by considering charging facility 

patronage by both AV and HDV users, it is generally agreed that the advent of AVs will impact 

social equity in several ways besides availability of charging stations. For example, AVs can 

negatively impact social equity, due to their higher prices, as they will be relatively more accessible 

to higher-income earners, at least at earlier stages of their availability (Correia et al., 2019). On the 

other hand, in the context of AV-exclusive lane deployment, social equity concerns arise from the 

differences between AV and HDV purchase price. In the early phases of AV operations, AV-

exclusive lane deployment benefits will most likely be earned by wealthier segments of the 

population.  

6.4 Suggestions for Future Work 

The findings of this study provide some directions for future research. First, considering the multi-

period planning horizon is a natural extension of this thesis. As a result, agencies will be better 

equipped to assess and monitor the transition from current EV market penetration to full EV 

adoption. Considering a multi-period planning horizon not only addresses the thesis's limitation of 

considering full EV adoption, but it also allows agencies to be better equipped to assess the 

scheduling of constructing EV charging facilities over the planning horizon. Second, while we 

investigated the effects of AV-exclusive links, the location of AV-exclusive links is assumed to be 

fixed in this thesis. Future research could develop a model that considers the location of AV-

exclusive lanes to be variable. Third, more research on shared AVs is needed to understand the 

comprehensive impact of AVs on transportation network. Fourth, the Sioux-Falls road network, 

which is a small network, is used to test the proposed framework. Larger networks may be 

considered in future studies to test the proposed framework. Finally, battery swapping (Gao et al., 
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2020) can be considered as a third option for EV charging modes, and could possibly contribute 

to solving the wider problem of the EV charging facility planning.  
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