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Abstract: This paper proposes a decision-making framework for a multiple-period
planning of electric vehicle (EV) charging station development. In this proposed framework,
transportation planners seek to implement a phased provision of electric charging stations
as well as repurposing gas stations at selected locations. The developed framework is
presented as a bi-level optimization problem that determines the optimal electric charging
network design while capturing the practical constraints and travelers’ decisions. The
upper level minimizes overall vehicle CO emissions by selecting optimal charging stations
and their capacities, while the lower-level models travelers’ choices of vehicle class
(EV or conventional) and travel routes. A genetic algorithm is developed to solve this
problem. The results of the numerical experiments describe the sensitive nature of EV
market penetration rates in the urban traffic stream and overall vehicle CO emissions
to EV charging station availability and capacity. The findings can assist transportation
agencies in designing effective EV charging infrastructure by identifying optimal locations
and capacities, as well as in creating policies to encourage EV use over time. This study
supports broader efforts to reduce air pollution and promote sustainable transportation by
promoting EV adoption in the long term.

Keywords: electric vehicles; electric charging stations; air pollution reduction; sustainable
transportation; facility location problem

1. Introduction
Greenhouse gas (GHG) is the main contributor to climate change. As a global effort

to reduce GHG emissions, an international strategic long-term plan, called the 2017 Paris
Agreement, was signed by 195 countries at the UN Climate Change Conference [1,2].
At present, the transportation sector heavily relies on internal combustion vehicles (ICVs)
for passenger travel and goods shipments by highways and highway vehicle air emissions.
According to [3–5], more than two-thirds of fossil fuels in the United States are consumed
by the transportation sector. Transportation planners and engineers are therefore tasked
with developing strategies and measures to cut back GHG emissions by ICVs. One of the
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consensuses reached by governments, organizations, and vehicle manufacturers around
the globe is to gradually replace ICVs by introducing electric vehicles (EVs).

Essential to the success of this initiative is to promote technological advancements
in manufacturing EVs and incentivize market share dominance in EV conservation and
usage around the globe. In response to this initiative, automakers have invested billions of
dollars to increase the production of EVs, which include battery electric vehicles (BEVs) or
all-electric and plug-in hybrid electric vehicles (PHEVs). France and the U.K. have pledged
to end ICV sales by 2040 to achieve the target emissions of the Paris Agreement [6]. EVs
account for 12.1% of the total vehicles sold in EU markets in 2022 and around 20% of the
new vehicle market in China [7,8]. Although the growth of the EV sales market is promising,
the overall share of EVs is still comparatively low in the total vehicle sales market. This
is particularly true in the U.S., even after implementing various EV-promotive programs.
For instance, the Alternative Fuels Data Center (AFDC) and the 2022 U.S. Department of
Transportation’s Highway Statistics reveal that the U.S. EV market share still struggles to
go above 2% [9,10]. The overall low adoption of EVs is due to several barriers, including
high purchasing prices, the low driving range of a fully charged EV, and a scarcity of power
replenishment infrastructure compared to ICVs. Another barrier to EV usage is the lack
of enough charging infrastructure, as in the states of Indiana, Michigan, New York, and
Texas [11–15]. There were just 56,000 public electric charging stations in the United States
as of 2017, which, compared to the number of existing gas stations (which is reported
at 115,000), is significantly low [16–18]. Because of the importance of electric charging
infrastructures, the U.S. government granted a USD 5 billion budget for developing EV
charging stations and infrastructure across the United States recently [19].

The development of charging stations helps to promote EVs and achieve the zero-
emissions goal in the near future. Recent advancements in fast-charging technologies,
coupled with improvements in battery storage capacity and the integration of Vehicle-to-
Grid (V2G) systems, have accelerated the adoption of EVs globally [20–23]. These studies
have explored the efficiency of charging station networks under these technologies and
they discussed key benefits and limitations of electric vehicle charging technologies. How-
ever, despite these advancements, challenges in the widespread deployment of charging
infrastructure in congested urban environments remain unresolved. As EVs dominate
the automotive market and ICVs (and their refueling demand) decrease, gas stations will
become economically less profitable. For example, recently, a gas station owner in Tahoma
Park, Maryland, replaced the station’s gas pumps with electric charging points [24]. This
trend indicates that instead of purchasing a new right of way to install EV charging stations,
investors can take advantage of the land areas currently occupied by existing gas stations.
In this regard, if the existing gas station spaces are reused for EV charging stations, then
major land acquisition investments could be avoided. At the ICV refueling stations, the
existing gas pumps and new electric charging points can coexist until there is no demand
for the pumps. At those points, the pumps would be removed.

Despite considerable progress in expanding EV infrastructure, the lack of adequate
grid capacity to support widespread charging, uneven distribution of charging stations,
and inefficiencies in managing demand during peak times continue to impede the seamless
transition to EVs [25–28]. This paper addresses these challenges by presenting a long-
term congestion-aware facility location model that optimizes both charging infrastructure
placement and resource allocation. The presented decision-making framework can facilitate
the infrastructure planning during the transition era, from ICVs to EVs. This supports
the transport planner to develop and implement policies that promote sustainable and
environmentally friendly transportation systems to reduce vehicular emissions. Specifically,
a gradual transition and infrastructure preparation is needed by transport planners to make
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sure that travelers shift smoothly toward full adoption of EVs in a long-term horizon (for
example, a 20-year planning horizon is aimed at France and the UK to achieve full adoption
of EVs).

The remainder of this paper is structured as follows. The next section presents a
literature review of the relative studies. Then, in Section 3, the problem statement and
objectives of this paper are discussed. Section 4 introduces the preliminaries, and then
the developed bi-level framework is presented. Section 5 discusses the solution algorithm.
Next, the numerical results and discussion are presented, and some insights derived from
numerical analyses and experiments are discussed. Lastly, some concluding remarks
are provided.

2. Literature Review
The problem of facility locations in a traffic network has been widely investigated over

the past decades. Some recent studies in the literature particularly focused on determining
the optimal locations of EV charging stations (e.g., [29–31]) or alternative fuels such as
hydrogen replenishing stations (e.g., [32–40]). Calandra et al. provide a thorough review
of the management and challenges of hydrogen mobility [41]. The studies on electric
charging station location problems can be divided into two main categories. The first
category focuses on the electric charging station location problem, where the impacts
of traffic congestion on the travelers’ route choices are ignored and travel times of links
are assumed to be constant (e.g., [28,42–46]). These studies can generally be considered
more applicable for intercity trips. This is because in intercity trip contexts, route choices
of travelers have a minimal impact on road network travel times. The next category,
however, focuses on locating electric charging stations within metropolitan areas, taking
into account the effects of traffic congestion on travelers’ route choices (e.g., [30,47–50]).
The studies that capture the travel time as a function of traffic flow are more appropriate
for intracity trips, as traffic congestion is an important factor in travelers’ route decision
making. Table 1 presents a summary of the studies that captured the route choice behavior
of travelers in their planning frameworks. As this paper considers traffic congestion, it
falls into the second category. It should be noted, however, that the presented framework
of this study can be applied to intercity trip applications. This can be achieved simply by
removing the congestion effect and assuming that travel times are constant. This paper
seeks to bridge the gap in the literature by incorporating a gradual transition toward fully
electric charging infrastructure and removing the current gasoline stations. By considering
congestion effects, the proposed framework provides a more realistic approach for planning
urban EV infrastructure that can facilitate the gradual transition from internal combustion
engine vehicles to EVs, ensuring long-term sustainability in urban transport systems.

Table 1. Electric charging station facility location studies that capture the route choice decision.

Reference Charging Facility Type Objective

[47] Static charging Minimizing EV users’ station access cost with penalizing
unmet demand

[48] Wireless charging Minimizing total system travel time
[49] Static charging Minimizing total system travel time and energy

[50] Static, plug-in and
dynamic wireless charging

Minimizing total system travel time and penalty fee for
“failed” trips

[29] Static charging Maximizing the number of served EVs
[30] Static charging Minimizing the total infrastructure setup cost

[51] Wireless charging total cost of deploying all wireless charging stations
in the network

[31] Wireless charging Maximizing the total outflow or total system travel time
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Table 1. Cont.

Reference Charging Facility Type Objective

[28] Static charging Minimizing the unused charging capacity and travelers’ costs
[52] Static charging Minimizing total service time
[53] Static charging Maximizing Distance coverage
[53] Static charging Maximizing Distance coverage
[54] Static charging Minimizing total cost
[55] Static charging Minimizing total cost

This study Static charging Minimizing vehicular emissions

3. Problem Statement, Objectives, Scope and Contribution
This study focuses on designing an optimal EV charging infrastructure network

(including its locations and capacities) added to an existing urban roadway network. In this
problem, the transportation planner seeks to determine an optimal network of EV charging
stations over a multi-year planning period. For each planning phase, the best locations
and capacities for constructing new charging stations are determined. In this regard, a
bi-level optimization problem is developed. At the upper level, the planner aims to reduce
total vehicle emissions by making decisions on the optimal capacities and locations of EV
charging stations, forming the primary components of the new EV infrastructure network
over the planning horizon. This network will involve converting selected refueling stations
to electric charging stations, along with building electric charging stations at additional sites,
with specific capacities assigned to each. The lower-level model captures the reactions of the
travelers to the transport planners’ decisions. More specifically, travelers aim to minimize
their travel times by selecting travel paths and vehicle classes (EV or ICV) based on the
established EV network from the upper-level decisions. EV travelers’ route choice decisions
are constrained by the limited driving range of EVs. Also, this study assumes that a certain
proportion of ICVs needs to stop at a refueling station once to refuel during their trips.
This portion of ICVs remains fixed within each planning period but varies across different
periods within the overall planning horizon. At present, the driving ranges of EVs vary
significantly by vehicle class and pre-trip charging level. In practice, partially charged EVs
for long-distance commuting in large metropolitan areas are likely to visit fast-charging
stations during the trips. Similar to some existing studies by [38,41,42], the current study
also set the driving range of an EV to be lower than that of a fully charged EV. Further, the
estimation of reductions in vehicle air emissions caused by EVs added to the traffic stream
has not accounted for emissions from the power supply to the EV charging stations.

The contributions of this paper are threefold. The first is to incorporate EV choice into
the traveler’s route choice model for a given electric charging infrastructure network over a
long-term planning horizon. The EV choice is made based on the gradual EV technological
advancements that affect EV ownership costs and driving ranges over time. As a practical
matter, the added costs of EVs relative to ICVs over time are considered to reduce. In
consideration of differences in EV charging levels, varying driving ranges are considered
for different classes of EVs over the planning horizon. The second is to consider a phased-
transition plan from ICV use to full EV adoption over planning periods with a gradual
replacement of the existing ICV gas stations by EV stations. The third is to introduce the
objective of minimizing vehicular air emissions in conjunction with minimizing travelers’
travel times in the route choice model to develop an optimal plan for deploying the EV
charging infrastructure network composed of EV charging stations converted from the
existing ICV gas stations and built at prioritized new locations over a planning horizon.
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4. Methodology
4.1. Preliminaries

This subsection introduces the notations and the background of the developed mathe-
matical model in this study. Let G = (N, A) represent the roadway network, and N and A
denote the nodes and the links within the network, respectively. The sets of origins and
origin–destination (O-D) pairs are identified as S and W, respectively. Here, s and r indicate
the origin and destination for O-D pair w, respectively. The multiple-period planning hori-
zon is segmented into T periods, each encompassing multiple years. This study considers
two vehicle classes, EVs and ICVs. ICVEs are further divided into two subcategories with
respect to their refueling requirements. The user classes are shown by M and include three
classifications. (1) Class 1 represents ICVs that do not require refueling (m = 1); (2) Class 2
denotes ICVs that need to refuel during their trips (m = 2); and (3) Class 3 signifies EVs
that need to recharge if needed (m = 3). Additionally, the nodes in N are divided into three
subsets. (i) N̂ includes potential locations for new electric charging station construction;
(ii) N consists of nodes that have operating refueling stations; and (iii) the remaining
nodes are represented by
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Table 2. Summary of notations.

Sets

N Set of nodes
A Set of links
O Set of origins
W Set of O-D pairs
M Set of user classes (EV, ICV)
N̂ Set of candidate locations for new electric charging station construction
N Set of nodes with operating refueling stations
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𝑑௧
∗
  Potential EV market size for period  𝑡 

Varia‐

bles 
 

𝜈
௪,௧,  Flow for user class 𝑚  of O‐D pair 𝑤  during period  𝑡 
𝜈
௧   Total traffic flow on link  ሺ𝑖, 𝑗ሻ  during period  𝑡 

𝑑௪,௧,  Travel demand of O‐D pair 𝑤  during period  𝑡  of user class 𝑚 

Parameters

χt
ij Capacity of link (i, j) during period t

Bt EV charging station construction budget during period t
Rt EV driving range during period t
η value of time for travelers
θt

ij Base free-flow travel time of link (i, j) during period t
dt∗ Potential EV market size for period t

Variables

νw,t,m
ij Flow for user class m of O-D pair w during period t
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Table 2. Cont.

Sets

νt
ij Total traffic flow on link (i, j) during period t

dw,t,m Travel demand of O-D pair w during period t of user class m
σt

ij Travel time for link (i, j) during period t

yk,t
i

Binary variable that indicates charging infrastructure investment in
each period

ew,t,2
ij

Binary variable that indicates if link (i, j) is part of the feasible
subnetwork of ICVs traveling from origin sin period t.

Figure 1 illustrates the structure of the bi-level problem. In the upper level (detailed
in Section 4.2), transportation planners collaborate with private-sector investors to deter-
mine the optimal sites and operational capacities for EV charging stations within the
roadway network, aiming to minimize vehicle CO emissions. The deployment of EV
charging stations is planned through a smooth conversion of existing gas stations, along
with the construction of new charging stations at prioritized locations. These decisions
must adhere to the budget constraints set for each planning period. This study assumes
that the operational capacities of both ICV refueling stations and electric charging stations
are adequate to meet the operational needs of travelers. At the lower level (explored
in Section 4.3), travelers seek to choose their vehicle classes (EVs, which incur purchasing
costs, and ICVs, which may or may not require refueling) and routes that minimize the
travel times for O-D paths, in accordance with the user equilibrium principle. The models
for the lower and upper levels are executed iteratively, continuing until they fulfill the
termination criteria established for both models.

Sustainability 2024, 17, x FOR PEER REVIEW  6  of  24 
 

𝜎
௧   Travel time for link  ሺ𝑖, 𝑗ሻ during period 𝑡 

𝑦
,௧  Binary variable that indicates charging infrastructure investment in each period 

𝑒
௪,௧,ଶ 

Binary variable that indicates if link  ሺ𝑖, 𝑗ሻ  is part of the feasible subnetwork of 

ICVs traveling from origin  𝑠  in period  𝑡. 

Figure 1 illustrates the structure of the bi-level problem. In the upper level (detailed in 

Section 4.2), transportation planners collaborate with private-sector investors to determine the 

optimal sites and operational capacities for EV charging stations within the roadway network, 

aiming to minimize vehicle CO emissions. The deployment of EV charging stations is planned 

through a smooth conversion of existing gas stations, along with  the construction of new 

charging  stations at prioritized  locations. These decisions must adhere  to  the budget con-

straints set for each planning period. This study assumes that the operational capacities of both 

ICV  refueling  stations and electric charging stations are adequate  to meet  the operational 

needs of travelers. At the lower level (explored in Section 4.3), travelers seek to choose their 

vehicle classes (EVs, which incur purchasing costs, and ICVs, which may or may not re-

quire refueling) and routes that minimize the travel times for O-D paths, in accordance 

with the user equilibrium principle. The models for the lower and upper levels are exe-

cuted iteratively, continuing until they fulfill the termination criteria established for both 

models. 

 

Figure 1. The bi-level structure of the developed framework. 

   

Figure 1. The bi-level structure of the developed framework.

4.2. Upper-Level Model

In this subsection, the developed upper-level optimization model is presented. As
presented in the previous subsection, the upper-level problem captures the decisions
of the transport planners and private sector investors. The upper-level model has the
following specifications:

min
φ,y,ζ,β

ZU = ∑
t

∑
(i,j)∈A

∑
m<3

νw,t,m
ij Yt

ij

(
νt

ij

)
(2)



Sustainability 2025, 17, 1 7 of 23

Yt
ij

(
νt

ij

)
= 0.2038σt

ij

(
νt

ij

)
·exp

0.7962Lt
ij

σt
ij

(
νt

ij

)
 ∀(i, j) ∈ A, ∀ (3)

∑
(i,k)

ck,1
i yk,1

i ≤B1 (4)

∑
(i,k)

ck,t
i ·
(

yk,t
i − yk,t−1

i

)
≤Bt ∀t > 1 (5)

φt
i ≤ M·ζt,2

i ∀t, ∀i ∈ N (6)

φ1
i = 1 ∀i ∈ N (7)

φt
i ≤ φt−1

i ∀t, ∀i ∈ N (8)

βk,t
i ≤

(
pk

i − pk−1
i

)
·yk,t

i ∀t, ∀k, ∀i ∈ N̂ (9)

∑
k

βk,t
i = ζt,3

i ∀t, ∀i ∈ N̂ (10)

yk,t−1
i ≤ yk,t

i ∀t, ∀k > 1, ∀i ∈ N̂ (11)

yk,t
i , φt

i ∈ {0, 1} ∀t, ∀i, ∀k, ∀(i, j) ∈ A (12)

ζt,m
i , βk,t

i ≥ 0 ∀m, ∀k, ∀t, ∀i (13)

Equation (2) represents the upper-level model’s objective function. The objective
function minimizes the total vehicular emissions caused by ICVs over the planning horizon.
Equation (3) calculates the CO emissions of ICVs on link (i, j) in period t. This paper only
uses CO as a vehicular emissions indicator, as it is shown that ICVs are the primary source of
both CO and other similar pollutant emissions [56]. Many studies in the literature used this
function to determine the vehicular emissions (e.g., [57–59]). As this study assumes the con-
struction budget is limited, Constraints (4) and (5) ensure that the construction cost is held
under the available budget at each period. Specifically, Constraints (4) and (5) focus on the
construction budget at period 1 and any other period t, respectively. Constraint (5) states
that, if in period (t− 1), an electric charging station of operation level k does not exist
at node i (yk,t

i = 0), an investmen of ck
i is needed in the next period, period t, for the

charging station construction. However, if in period (t− 1), an electric charging station
at node i exists (yk,t

i = 1), then the construction cost is zero. Constraints (6) state that the
refueling stations at node i are considered to be decommissioned in period t if no ICVs use
that refueling station in that time period. Constraints (7) ensure that the initial existing
refueling stations in the network operate and serve ICVs in the first period. If at any period
t − 1, a refueling station stops operating and serving ICVs, Constraints (8) ensure that
the mentioned refueling station does not operate in the following planning periods either.
Constraints (9) and (10) derive the electric charging stations’ operating levels at any time
period t. Next, Constraints (11) make sure that the operation level of an electric charging
station at node i does not decline over the planning horizon. Equations (12) and (13) show
the domains for the decision variables.

4.3. Lower-Level Model

This subsection presents the developed lower-level model of this study. The lower-
level model of the developed framework captures the reactions of travelers to the trans-
portation planners and private-sector investors’ actions and policies. More specifically, the
route choice behavior and vehicle class decisions of travelers are captured by the lower-
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level model. To capture the vehicle class choice behavior of travelers and, therefore, the
adoption rate of EVs, this paper utilizes a diffusion model to predict the evolution of the
travel demand of EVs (dw,t,3, for any O-D pair w at period t). In line with the diffusion
model, the EV market penetration rate in each time period t depends on both the prior
period’s adoption rate and the net benefit gained by EVs in the prior period. This diffusion
model is commonly employed in previous studies to model the adoption rate of advanced
vehicles such as hydrogen fuel vehicles [60] and automated vehicle technology [48,61].
Based on this model, this study formulates the EV adoption rate over planning period t
as follows:

dw,t,3 = dw,t−1,3 + hw,t·
(

dw,t−1,3
)
·
(

1− dw,t−1,3

dt∗

)
∀t, ∀w (14)

where dt∗ represents the potential EV market size for period t, achievable under ideal condi-
tions, such as the availability of multiple refueling stations and competitive vehicle pricing.

Let η denote the value of time for travelers, and this study assumes the value of time
is constant throughout the planning periods. As the purchase cost of EVs is higher than
ICVs, an extra cost is imposed on EV users per trip compared to ICVs. This imposed cost is
denoted by xt. Let hw,t represent the growth variable for any O-D pair w. hw,t is presented
as follows:

hw,t = ς̂eϖ·
(

η
(

πw,t−1,2
r −πw,t−1,3

r

)
−xt−1

)
∀t, ∀w (15)

where ς̂ and ϖ represent the parameters of the diffusion model. Moreover, πw,t−1,m
r denotes

the travel time of travelers that travel between O-D pair w in period (t− 1) and belong
to class m. Therefore, η

(
πw,t−1,2

r − πw,t−1,3
r

)
− xt−1 can be interpreted as the net benefit

gained by EV travelers based on their travel time compared to the class of ICV travelers
that refuels.

To take the limited driving range of EVs into route choice consideration, this paper
extends the single-period constraints proposed by [49] to a multi-period context. This study
assumes a linear function to calculate the EVs’ electricity consumption based on travel
distance. Also, in this paper, it is assumed that the limited driving range of EVs, denoted
by Rt, increases over planning periods due to the expected technological advances. Let uw,t

i
and u′w,t

i represent the distance that EVs of O-D pair w traveled since the latest recharging
at an electric charging station at each time period t. Once an EV visits a charging station,
u′w,t

i is set to zero. At each node i, uw,t
i does not exceed the driving range limit Rt. The

feasible driving range of EVs at each period is formulated as follows:

uw,t
j ≥ u′w,t

i + Lt
ij −M·

(
1− ew,t,3

ij

)
∀(i, j) ∈ A, ∀w, ∀t (16)

uw,t
j ≤ Rt ∀t, ∀w, ∀j (17)

u′w,t
i ≥ uw,t

i −My1,t
i ∀t, ∀w, ∀i ∈ N̂ (18)

u′w,t
i ≤ uw,t

i + My1,t
i ∀t, ∀w, ∀i ∈ N̂ (19)

u′w,t
s = 0 ∀s, ∀t, ∀w (20)

u′w,t
i ≤ M·

(
1− y1,t

i

)
∀t, ∀w, ∀i ∈ N̂ (21)

−M
(

1− u′w,t
i

)
+ ∑

j:(j,i)∈A

νw,t,3
ji ≤ ϕw,t,3

i ∀t, ∀w, ∀i ∈ N̂ (22)

M
(

1− u′w,t
i

)
+ ∑

j:(j,i)∈A

νw,t,3
ji ≥ ϕw,t,3

i ∀t, ∀s, ∀i ∈ N̂ (23)
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ϕw,t,3
i ≤ M·y1,t

i ∀i, ∀w, ∀t (24)

∑
w

ϕw,t,3
i = ζt,3

i ∀t, ∀i ∈ N̂ (25)

∀t, ∀i ∈ N̂ ∀t, ∀w, ∀i (26)

ew,t,3
ij ∈ {0, 1} ∀w, ∀t, ∀(i, j) ∈ A (27)

where M is a large positive constant, and ew,t,3
ij is a binary variable showing if link (i, j) lies

on a feasible path for EVs of O-D pair w in time period t, based on the range constraint.
Constraint (16) determines the distance that travelers from origin s have traveled since
their most recent stop at a charging station. Constraint (17) verifies that this distance
remains within the limited driving range during period t. Constraints (18) and (19) ensure
that if a charging station exists at node i, then u′w,t

i = uw,t
i , and Constraints (21) re-

set u′w,t
i to zero, indicating that the travel distance is reset after stopping at charging

station i. Constraint (20) ensures that the traveled distance is zero at the trip origin.
Constraints (22)–(25) determine the total flow of ICVs originating from node s and refuel
at the refueling station of node i in period t. For additional details, refer to [49].

Similar to what is discussed about the limited range of EVs and their route choice
decisions to recharge during their trips, this study captures the refueling needs of class 2
of ICVs during their trips. In this regard, this study models the route choice of this class
during intracity trips. In this context, this study assumes that a certain ratio of ICV travelers
(who are called class 2) needs to make one stop at a refueling station during their trips. In
this paper, the considered ratio is assumed to be predetermined and known. In practical
applications, this ratio should be estimated based on available data. At a time period t,
if ICVs of O-D pair w refuel at node i, then αw,t

i is equal to 1. Let γw,t
i denote the number

of refueling stops of ICVs of O-D pair w until node i in period t. Let ϕw,t,2
i represent the

total flow of ICVs of O-D pair w that stop at node i to refuel in period t. Based on the
mentioned assumptions and introduced notations, the following represents the driving
range feasibility of ICVs:

γw,t
j ≥ αw,t

j + γw,t
i −M·

(
1− ew,t,2

ij

)
∀t, ∀w, ∀(i, j) ∈ A (28)

γw,t
j ≤ αw,t

j + γw,t
i + M·

(
1− ew,t,2

ij

)
∀t, ∀w, ∀(i, j) ∈ A (29)

γw,t
s = 0 ∀t, ∀w, ∀s ∈

(
N − N

)
(30)

γw,t
s ≤ 1 ∀t, ∀w, ∀s ∈ N (31)

γw,t
r = 1 ∀t, ∀w, ∀r (32)

−M
(

1− αw,t
i

)
+ ∑

j:(j,i)∈A

νw,t,2
ji ≤ ϕw,t,2

i ∀t, ∀w, ∀i ∈ N (33)

M
(

1− αw,t
i

)
+ ∑

j:(j,i)∈A

νw,t,2
ji ≥ ϕw,t,2

i ∀t, ∀s, ∀i ∈ N (34)

ϕw,t,2
i ≤ M·αw,t

i ∀i, ∀w, ∀t (35)

∑
w

ϕw,t,2
i = ζt,2

i ∀t, ∀i ∈ N (36)

αw,t
i ≤ φt

i ∀t, ∀w, ∀i ∈ N (37)

ζt,2
i + ζt,3

i ≤ f t
i ∀t, ∀i ∈ N (38)
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αw,t
i , γw,t

i , ew,t,2
ij ∈ {0, 1} ∀t, ∀w, ∀i, ∀(i, j) ∈ A (39)

ϕw,t,2
i , ζt,2

i ≥ 0 ∀t, ∀w, ∀i ∈ N (40)

where ew,t,2
ij indicates whether link (i, j) is part of the feasible subnetwork of ICVs trav-

eling from origin s in period t. Specifically, ew,t,2
ij equals 1 when link (i, j) is a part of a

feasible subnetwork of the ICVs of O-D pair w. Otherwise, it is 0. Equations (28) and (29)
determine the total number of stops made by ICVs of O-D pair w to refuel in period t.
Constraint (30) ensures that γw,t

s , the total number of refueling stops for ICVs, is zero if the
trip originates from a location without an operating refueling station in period t. Moreover,
if a refueling station exists at the origin of O-D pair w (node s), Constraint (31) allows
ICVs to refuel at their starting point in period t. Constraint (32) requires ICVs of O-D pair
w to make at least one stop at refueling stations during their trips and before reaching
their destination node r in period t. Next, Constraints (33)–(35) determine the total refu-
eling flow for ICVs originating from node s at a station located at node i during period t.
Constraint (36) determines the total refueling demand at a refueling station of node i in
period t. Constraint (37) specifies that ICVs cannot stop at node i unless a refueling station
is present there in period t. Finally, Constraint (38) ensures that the combined refueling and
electric charging flows remain within the capacity limits of the station at node i in period t.

We now develop a multi-class traffic assignment model, which incorporates the upper-
level decisions and actions made by the transportation planner and private-sector investors.
This assignment accounts for the limited driving range of EVs and the refueling needs
of ICVs. Thus, the user equilibrium condition is achieved through a feasible subnetwork
defined by ew,t,m

ij . The lower-level optimization problem is structured as follows:

minZL = ∑
(i,j)∈A

∫ νt
ij

0
σt

ij(ω)dω (41)

∑
(w,m)

νw,t,m
ij = νt

ij ∀(i, j) ∈ A, ∀t (42)

∑
j:(j,i)∈A

νw,t,m
ji − ∑

j:(i,j)∈A

νw,t,m
ij = qw,t,m

i ∀m, ∀w, ∀i, ∀t (43)

νw,t,m
ij ≤ M·ew,t,m

ij ∀m > 1, ∀(i, j) ∈ A, ∀w, ∀t (44)

νw,t,m
ij ≥ 0 ∀(i, j) ∈ A, ∀w, ∀t, ∀m (45)

where qw,t,m
i for any O-D pair w is determined as follows:

qw,t,m
i =


−dw,t,m if i is the trip origin
dw,t,m if i is the trip destination ∀m, ∀i, ∀t

0 otherwise
(46)

Models (41)–(45) represent the static traffic assignment model, with Constraint (44)
specifying that user classes 2 and 3 are restricted to their corresponding feasible routes.
To solve the developed lower-level problem, the first-order condition of Model (41)–(45)
is formulated to replace the objective function (41). This reformulation helps develop a
tractable optimization that can be solved by commercial optimization solvers.
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5. Solution Algorithm
This section describes the developed solution algorithm to solve the proposed bi-

level optimization problem. The formulated bi-level optimization problem is classified as a
typical discrete network design problem (DNDP), which is of the nature of nondeterministic
polynomial-time (NP) hard in that it takes polynomial time to verify a candidate solution
with no guarantee of being the global solution [62]. To ensure computational efficiency,
heuristic algorithms using support functions, branch-and-bound, and active-set techniques
are often sought to derive near-optimal solutions [63]. In the current study, a Genetic
Algorithm (GA) is developed to solve the upper-level program at near-optimality with high
computational efficiency. The GA-based solution technique was first introduced by [64],
which is inspired by natural selection and belongs to the larger class of evolutionary
algorithms. Over the last three decades, it has been employed for solving a wide range of
NP-hard problems, particularly mixed-integer nonlinear problems (MINLPs) and DNDP
problems. Some notable studies can be found in [58,65–67]. Algorithm 1 shows the GA
used in this study. First, the GA’s parameters are initialized, and in step 2, a set of random
solutions is generated (pop1). Next, the solutions in pop1 are evaluated, and the best
solution is stored in Xbest (step 4). In step 5, an iterative process starts. In steps 5.1 and 5.2,
crossover and mutation operators are applied to pop1 to generate new solutions (pop2).
Next, solutions in pop2 are evaluated based on the objective function of the problem (step
5.3). The best solution of pop2 is stored in Xnew and the number of iterations without a
better solution found (γ) is increased by 1. If Xnew is better than X, X updates to Xnew and
γ is set to zero. Next, some solutions from pop1 and pop2 are selected through tournament
and roulette wheel selection methods to generate new solutions in the next iteration (step
5.9). If the current solution is not improved after γmax trials, the solution algorithm stops
and returns the current best solution (Xbest). The lower-level optimization problem is
formulated as a typical UE-based traffic assignment model readily solvable by the Frank–
Wolfe algorithm for optimality. Specifically, the solution algorithm proposed by [68] is
adopted for the current study to derive a solution.

Algorithm 1. GA for solving the upper-level model.

1
2

Initialization GA’s parameters
pop1 ←− Random solution generation ()

3 Ω← Evaluation (pop1)
4 Xbest ←− argmin

pop1
Ω

5 While γ < γmax

5.1
5.2
5.3
5.4

pop2 ← Crossover (pop1)
pop2 ←Mutation (pop2)
Ω← Evaluation (pop2)
Xnew ←− argmin

pop2
Ω

5.5 γ←− γ + 1
5.6 If ΩXnew < ΩXbest :
5.7 Xbest ← Xnew

5.8 γ←− 0
5.9 pop1 ← Roulette wheel (pop1 ∪ pop2)
6 Return Xbest



Sustainability 2025, 17, 1 12 of 23

6. Computational Experiment
6.1. Problem Setting
6.1.1. Roadway Network

For the computational experiments, this study applies the proposed EV charging
infrastructure network design model on the Sioux Falls roadway network, initially in-
troduced by [69]. The Sioux Falls roadway network contains 24 nodes and 76 links. As
depicted in Figure 2, Nodes 4, 10, 12, 14, 18, 20 and 22 marked in yellow have ICV refueling
stations, and their refueling stations are candidates to be converted to EV charging stations.
Nodes 16 and 17, marked in red, are candidates for locating new EV charging stations. In
the computational experiments, the driving range of EVs is limited to 12 miles, unless
stated otherwise. This value is comparable with a value used in some experimental studies
using roadway networks comparable to the Sioux Falls roadway network [49,70,71].
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Figure 2. Schematic Sioux Falls roadway network and candidate nodes for new electric charging
station construction.

6.1.2. Travel Demand Characteristics

On the travel demand side, 360,600 person-trips per hour are expected to utilize the
network for a typical weekday in the first year. The planning horizon for deploying the EV
charging infrastructure network is 20 years, which is divided into five periods. The annual
growth rate of daily travel demand is 5% throughout the planning horizon.

6.1.3. EV Charging Station Capacities

Two operational levels are considered for each charging station: a first-level operation
with a capacity of p1

i = 300 and a second-level operation with a capacity of p2
i = 400. The

construction cost of a charging station depends on the operation level and if the electric
charging station is constructed by converting a refueling station or not. If a refueling
station is converted to a charging station, the construction costs are USD 100,000 and
USD 200,000 for the first-level and second-level operations, respectively. For new EV
charging stations to be built at candidate nodes without refueling stations (nodes 16 and 17),
the construction costs are comparatively higher, at USD 200,000 and USD 400,000 for
operational levels 1 and 2, with operational capacities of 300 and 400 vehicles per hour,
respectively. Each refueling station operates at a capacity of 600 vehicles per hour ( f t

i = 600).
The initial market penetration rate of EVs is assumed to be 5%, and the market potential

is expected to be 75%. The two parameters in the demand diffusion model (Equation (15)),
ϖ and ς̂, are assumed to be 0.03 and 0.5 [72]. The value of time for the travelers is assumed
to be 20 (USD/h) [73]. Further, 15% of the ICVs are assumed to require refueling in each
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hour. For the five-period planning horizon, the available budget is set at USD 100,000 per
period. Without the construction of new EV charging stations, the vehicular CO emission
rate at the user equilibrium condition of the traffic network is 3.14 tons/h during the
planning horizon.

6.2. Model Execution

Given the roadway network for the computational experiment, the enumeration
technique that provides a truly optimal solution is utilized to assess the efficiency of the
proposed GA for solving the upper-level model. In the model execution process, it took
8.4 min within 100 iterations for the GA to reach convergence. However, 36 h were used
by the enumeration technique to generate the final solution. As seen in Figure 3, the gap
to optimality (achieved by the enumeration technique) for the GA is 0.57%. This suggests
that the proposed GA could help solve the proposed upper-level model with good solution
quality while maintaining computational efficiency.

Sustainability 2024, 17, x FOR PEER REVIEW  13  of  24 
 

electric charging station is constructed by converting a refueling station or not. If a refu-

eling station is converted to a charging station, the construction costs are USD 100,000 and 

USD  200,000  for  the first-level  and  second-level  operations,  respectively.  For new EV 

charging stations to be built at candidate nodes without refueling stations (nodes 16 and 

17), the construction costs are comparatively higher, at USD 200,000 and USD 400,000 for 

operational levels 1 and 2, with operational capacities of 300 and 400 vehicles per hour, 

respectively. Each refueling station operates at a capacity of 600 vehicles per hour (𝑓
௧ ൌ

600). 
The initial market penetration rate of EVs is assumed to be 5%, and the market po-

tential is expected to be 75%. The two parameters in the demand diffusion model (Equa-

tion (15)), 𝜛  and  𝜍̂, are assumed to be 0.03 and 0.5 [72]. The value of time for the travelers 

is assumed to be 20 (USD/h) [73]. Further, 15% of the ICVs are assumed to require refuel-

ing in each hour. For the five-period planning horizon, the available budget is set at USD 

100,000 per period. Without the construction of new EV charging stations, the vehicular 

CO emission rate at the user equilibrium condition of the traffic network  is 3.14 tons/h 

during the planning horizon. 

6.2. Model Execution 

Given  the  roadway  network  for  the  computational  experiment,  the  enumeration 

technique that provides a truly optimal solution is utilized to assess the efficiency of the 

proposed GA for solving the upper-level model. In the model execution process, it took 

8.4 min within 100 iterations for the GA to reach convergence. However, 36 h were used 

by the enumeration technique to generate the final solution. As seen in Figure 3, the gap 

to optimality (achieved by the enumeration technique) for the GA is 0.57%. This suggests 

that the proposed GA could help solve the proposed upper-level model with good solu-

tion quality while maintaining computational efficiency. 

 

Figure 3. Convergence of solution algorithm. 

6.3. Findings 

6.3.1. Impacts of Construction Budget 

This section examines how  the construction budget affects EV market penetration 

throughout the planning horizon, assuming a vehicle range of 12 miles. Tables 3–5 show 

the outcomes for three different budget scenarios, with the blue bars indicating EV station 

construction. In  the first scenario  (Table 3),  termed  the “medium-budget scenario”,  the 

construction budget is set at USD 100,000 per period for periods 1–5. In the second sce-

nario (Table 3), the “high-budget scenario”, the budget is increased to USD 200,000 per 

period.  In  the  third  scenario  (Table  4),  the  “low-budget  scenario”,  the budget  is USD 

100,000 in periods 1, 3, and 5, and zero for periods 2 and 4. Figure 4 illustrates the con-

struction nodes selected for electric charging stations under each budget scenario. Under 

Figure 3. Convergence of solution algorithm.

6.3. Findings
6.3.1. Impacts of Construction Budget

This section examines how the construction budget affects EV market penetration
throughout the planning horizon, assuming a vehicle range of 12 miles. Tables 3–5 show
the outcomes for three different budget scenarios, with the blue bars indicating EV sta-
tion construction. In the first scenario (Table 3), termed the “medium-budget scenario”,
the construction budget is set at USD 100,000 per period for periods 1–5. In the second
scenario (Table 3), the “high-budget scenario”, the budget is increased to USD 200,000
per period. In the third scenario (Table 4), the “low-budget scenario”, the budget is USD
100,000 in periods 1, 3, and 5, and zero for periods 2 and 4. Figure 4 illustrates the construc-
tion nodes selected for electric charging stations under each budget scenario. Under the
medium-budget scenario, stations operating at level 1 are planned for construction at nodes
10, 18, 12, 22 and 20 in periods 1 through 5, respectively. This results in a vehicular emissions
rate of 1.76 ton/h across the planning horizon, which yields a significant CO emissions re-
duction compared to scenarios without any electric charging station construction (Figure 5).
Consequently, establishing new electric charging stations can substantially boost EV market
penetration rate, although at a gradually decreasing rate, as shown by the convex trend
in Figure 6. This is due to the improvements in the travel costs of EV users. By construct-
ing more electric charging stations in the network, the electric charging stations become
more accessible to EV users, and therefore, EV users deviate less from the shortest paths
to fulfill their charging needs. This improves EV users’ travel costs. Moreover, based
on Equation (15), lower travel costs of EV users contribute to higher EV market share in
the network. This underscores the impacts of investments in electric charging stations to
promote the market share of EVs in the network.
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Figure 5. Emissions rates under the budget scenarios.
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Table 3. EV charging station location scheduling for the medium-budget scenario.

Candidate Node for EV Charging Station Construction

Time Period 4 10 12 14 16 17 18 20 22
1

2

3

4

5
Electric charging station construction: charging station level 1 (blue color).

Table 4. EV charging station location scheduling for the high-budget scenario.

Candidate Node for EV Charging Station Construction

Time Period 4 10 12 14 16 17 18 20 22
1

2

3

4

5
Electric charging station construction: charging station level 1 (blue color) and level 2 (red color).

Table 5. EV charging station location scheduling for the low-budget scenario.

Candidate Node for EV Charging Station Construction

Time Period 4 10 12 14 16 17 18 20 22
1

2

3

4

5
Electric charging station construction: charging station level 1 (blue color).

In the high-budget scenario, some new electric charging stations are determined to
be constructed in the network. All of the new electric charging stations operate at level 1,
and they are located at nodes 10 and 18 (constructed in the first period), at nodes 12 and 22
(constructed in the second period), and at nodes 20 and 14 (constructed in the third period).
Additionally, the solution specifies upgrades for stations at nodes 10 and 18 to level 2
in periods 4 and 5, respectively. Notably, nodes 16 and 17 are excluded from station
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construction due to the higher construction costs of charging stations at those nodes
compared to nodes that have operating refueling stations. The high-budget scenario
achieves a vehicular emissions rate of 1.68 ton/h across the planning horizon (Figure 5),
indicating that a larger construction budget enables a reduction in emissions and a higher
EV market share by expanding EV access to charging stations.

In the low-budget scenario, the new charging stations are prescribed at nodes 10,
18, and 12 in periods 1, 3 and 5, respectively, resulting in a vehicle emissions rate of
1.79 ton/h over the planning horizon (Figure 5). This solution shows that the EV market
penetration rate is substantially lower under the low-budget scenario, leading to a higher
emissions rate than in the high-budget scenario. This highlights the need for transportation
planners to weigh the benefits of increased investment in charging infrastructure against the
societal and environmental costs associated with elevated vehicular emissions. To support
the Paris Agreement’s goals of reducing GHG emissions to specified levels, conducting
sensitivity analyses to determine the necessary budget allocations over the planning horizon
is essential for achieving these emission standards.

6.3.2. Impact of Driving Range

Next, we examine how different levels of driving range affect EV market penetration
rate evolution and emission rates of vehicular CO. In this analysis, three different driv-
ing ranges are considered: 12 miles (range 1), 15 miles (range 2) and 25 miles (range 3).
Also, it is assumed that per construction period, a budget of USD 100,000 is allocated by
transportation agency policies and private sector support for building electric charging
stations. Figures 7 and 8 depict how different driving ranges of EVs influence both the
EV market penetration rates and the selected locations for electric charging station con-
struction. The findings indicate that the number of charging stations remains consistent
across all three driving range scenarios. Although it might seem intuitive that a greater
driving range would reduce the need for charging stations, the results suggest that fully
utilizing the construction budget contributes to emission reduction. The emissions rates
corresponding to driving range scenarios of 1, 2, and 3 are 1.76 ton/h, 1.71 ton/h, and
1.67 ton/h, respectively (Figure 9).

Comparing vehicular emissions across the specified driving ranges with those under
the high-budget scenario (1.68 ton/h), it becomes evident that technological advancements
in EVs, leading to longer driving ranges, allow for lower emissions with reduced investment
in charging infrastructure. Additionally, as the EV driving range extends, the need for EVs
to recharge during their trips decreases, and travelers are able to finish their trips with
much less deviation from their shortest routes for charging. This contributes to reducing
vehicular emissions. Furthermore, increasing EV driving range has a positive effect on
market penetration. Numerical results indicate that extending the EV driving range from
12 miles (range 1) to 25 miles (range 2) can boost EV market penetration by as much as 70%.

6.3.3. Impacts on ICV Travel Cost

Figure 10 shows how the transition from ICV toward EV adoption affects the travel
costs of travelers in Class 3 (ICV users that require refueling during their trips). This analysis
examines two budget scenarios. In the first scenario, a construction budget of USD 100,000
is allocated for each of periods 1–5. In the second scenario, a construction budget of USD
800,000 is considered for each of the planning periods. To evaluate the impact, the study
compares the travel costs for ICVs with refueling needs across three cases: (1) without
EVs (case 1), (2) with EVs under the first budget scenario (case 2), and (3) with EVs under
the second budget scenario (case 3). The average travel costs for ICVs are highest in case 3
compared to cases 1 and 2. In both simulation cases of driving range 1 and driving range 2,
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the average travel time of ICV users increases over the planning period as a result of rising
travel demand. However, in simulation case 3, this average travel time escalates sharply
during periods 2–4 for ICV travelers. This occurs because a larger budget allocation for
emission reduction and EV adoption, through the conversion of existing refueling stations,
limits ICV access to these stations, resulting in considerably higher travel costs for ICVs
than in the other cases. In period 5, however, the average travel cost in case 3 drops relative
to period 4, thanks to the installation of upgraded charging stations at nodes 10 and 18.
Unlike in earlier periods, these refueling stations were not removed in periods 4 and 5,
easing demand on available stations and thereby lowering ICV travel costs. This experiment
highlights the need for a phased and gradual approach to EV station investment for a
smooth EV transition. A rapid reduction in gas stations would drastically increase ICV
travel costs, potentially creating unintended challenges for the agency.
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7. Conclusions
This paper presents a strategic framework for long-term EV charging station infras-

tructure planning within an allocated budget, with the goal of reducing urban vehicular
emissions. The framework is structured as a bi-level model. In the upper level, trans-
portation agencies and private stakeholders determine the optimal number, placement,
and capacities of charging stations to minimize system-wide emissions over the planning
period. In response to these decisions, travelers at the lower level choose their shortest
routes and their vehicle classes (EV or ICV) based on travel time, traffic conditions, and
refueling or charging needs. The diffusion model captures how vehicle choices are influ-
enced by travel time and the costs of EVs and ICVs. A genetic algorithm is applied to solve
this bi-level model. Numerical results show that as budgets increase, access to charging
stations improves, promoting EV adoption and reducing emissions over time. Additionally,
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findings suggest that advances in EV range allow planners to meet charging needs with
lower investments than would be required without battery improvements.

The strategic framework given in this research is scalable to a variety of city sizes
and network topologies. In large cities with high traffic congestion and charging demand,
planners should prioritize the deployment of a dense network of charging stations in core,
high-traffic locations to optimize access and boost EV adoption. Smaller cities or suburbs, on
the other hand, can benefit from a more distributed approach, requiring fewer stations due
to lower traffic numbers and greater EV ranges. Furthermore, cities with limited funds can
concentrate their first investments on critical corridors or high-demand locations, gradually
expanding the network as EV usage grows. This framework provides scalable solutions
that can be tailored to the needs of varied urban contexts by adjusting station density,
location, and capacity to accommodate local travel patterns and infrastructural constraints.

The strategy framework outlined in this paper is flexible for various city sizes and
network structures. In large cities characterized by significant traffic congestion and
high charging demand, planners should focus on the construction of a broad network
of charging stations in center, high-traffic locations to enhance accessibility and promote
electric vehicle adoption. Conversely, smaller cities or suburban regions may benefit from a
more decentralized strategy, necessitating fewer stations, owing to lower traffic counts and
extended EV ranges. Moreover, municipalities with limited budgets can prioritize initial
investments in critical corridors or high-demand regions and progressively extend the
network as electric vehicle use increases. This framework offers scalable solutions that can
be tailored to accommodate varying urban contexts by modifying station density, location,
and capacity to align with local travel patterns and infrastructural limitations.

This research offers several directions for further study. First, this paper assumes no
delay in EV charging or ICV refueling. Future studies might relax this assumption, as
current EV charging delays (even at fast-charging stations) are significantly longer than ICV
refueling times, potentially influencing travelers’ vehicle class and route choices. Second,
while this paper focuses on reducing vehicular emissions by enhancing access to charging
stations, transportation planners should also account for other externalities like traffic
congestion and noise. A future model could be developed as a multi-objective optimization
problem, allowing transportation planners to assign different weights to these additional
evaluation criteria. While the current model provides a robust framework for optimizing the
location of EV charging stations, future work could focus on integrating dynamic charging
demand (peak and off-peak) and user behavior (e.g., range anxiety) into the decision-
making process. Specifically, incorporating time-dependent charging demand patterns,
real-time traffic conditions, and user preferences for charging locations would enhance
the model’s practical applicability. Additionally, further research could explore real-time
demand forecasting and adaptive strategies to adjust charging station deployment in
response to fluctuating user needs, ensuring a more resilient and efficient charging network.
The last research direction could be developing more advanced solution algorithms in
the context of electric charging station planning. Developing solution algorithms that
have better performance in terms of solution quality, running time, and applicability on
large-scale networks is necessary during electric charging infrastructure planning.
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