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A B S T R A C T

To address the battery-related shortcomings of battery electric buses (BEBs), dynamic wireless
charging (DWC) technology that allows BEBs to charge while in motion has emerged, thereby
extending the driving range and reducing the size of onboard batteries. The introduction of
DWC technology raises a critical problem, namely, the deployment of DWC facilities. To resolve
the infrastructure planning problem, this study first proposes a (higher-level) strategic planning
model that optimizes the deployment of DWC facilities and battery capacity of BEBs, and then
establishes a (lower-level) tactical planning model of optimal charging scheduling under the
time-of-use (TOU) tariff mechanism considering the interdependence between infrastructure
design and charging activities of BEBs. Mixed-integer nonlinear programming (MINLP) is
proposed to optimize the model, aiming to minimize the overall cost associated with charging
facilities, batteries, and charging. The proposed optimization model is tested and evaluated
using a real-world bus system network, and the results demonstrate that the model effectively
determines the DWC facility locations and battery sizes and optimizes the charging scheduling
considering the TOU tariff for BEBs. The proposed model in this study provides a comprehensive
guideline for relevant practitioners and further promotes the application of DWC technology in
BEBs.

1. Introduction

1.1. Background

According to the International Energy Agency, the transportation sector has the highest dependency on fossil fuels among all
industries, accounting for 37% of total carbon dioxide emissions in 2021 (IEA, 2021). In some countries, such as China, the total
emissions of pollutants from automotive exhaust reached 15.577 million tons in 2021 (MEE, 2021). The pollution generated by
combustion engine vehicles has already caused significant harm to the environment. To address the climate crisis and alleviate
energy shortages, the electrification of urban bus systems arises as an effective policy option in the field of public transportation.
Especially, battery electric buses (BEBs) are garnering growing attention because of their merits such as cleanliness and high
efficiency. Currently, many countries and companies are actively developing the BEBs technology, such as Bombardier (Cirimele
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et al., 2018), the United States (Fuller, 2016), South Korea (Hwang et al., 2018). It is evident that the use of BEBs in urban public
transportation has become a mainstream trend. However, some battery-related weaknesses, such as limited range, lengthy charging
time, and high battery costs, largely arrest the practical development and applications of BEBs.

The emergence of dynamic wireless charging (DWC) technology, which is considered a promising improvement direction for the
EB system in the future, is expected to resolve these problems (Tan et al., 2022). The concept of DWC was initially proposed in
he 1970s (Bolger et al., 1978) and has experienced rapid development over the past decade. Unlike fixed charging facilities, DWC
acilities allow BEBs to charge in motion, thereby extending the service range of BEBs (Jansuwan et al., 2021) and saving more
nergy (Bi et al., 2019). Furthermore, DWC technology allows BEBs to operate with smaller battery capacities and reduces battery
osts. Nevertheless, the deployment of the charging facility and the optimal battery capacity are significant variables, which are
nterdependent and have a direct impact on the charging scheduling of BEBs. Similarly, charging scheduling for BEBs also impacts
he infrastructure planning (Liu et al., 2021). Therefore, jointly optimizing the deployment of DWC facilities, the battery capacity
f BEBs, and the charging schedule considering the time-of-use (TOU) tariff is crucial for applying the DWC technology in the BEB
ystem.

.2. Literature review

The optimization problems of a BEB system can be generally divided into three categories: (1) strategic planning problems that
ainly involve long-term optimization of a BEB system, (2) tactical planning problems that mainly consider short-term management

ssues in a BEB system, and (3) operational planning problems that primarily focus on optimizing the real-time operation of buses
ithin a BEB system (Perumal et al., 2022).

The strategic planning problems primarily concentrate on the infrastructure planning for a BEB system. For example, Xylia et al.
2017) employed relevant geographic and urban data to calibrate parameters associated with BEBs and select optimal charging
tations from a series of alternative sites in a bus network. Zhang et al. (2022) considered various charging methods and their
mpact on the degradation of battery capacity and proposed a bi-level programming model to address the location of charging
tations. An (2020) proposed a stochastic integer program to optimize the deployment of charging infrastructures and fleet size of
EBs, considering the charging demand uncertainty. Lin et al. (2019) proposed a multiple stages planning model that optimizes the
eployment of charging stations, considering the connectivity of power grids and transportation networks.

Regarding the tactical planning problems, some studies mainly focus on optimizing the charging scheduling for BEBs to minimize
verall charging costs. For instance, Abdelwahed et al. (2020) introduced two optimization approaches that focus on charging time
nd charging events, respectively. These approaches aim to optimize the charging schedules for BEBs by utilizing real bus operation
ata. Tang et al. (2019) proposed a robust optimization model based on real-time traffic conditions to dynamically adjust the
harging strategy for BEBs. Additionally, a few studies further optimized the charging timetable of BEBs by considering the TOU
ariff. For example, He et al. (2022b) developed a general model for optimizing the charging strategy of BEB systems under the TOU
echanism. Liu et al. (2022) considered the uncertainty of energy consumption and further proposed a robust optimization model

o optimize the charging scheduling of BEBs.
For operational planning problems, existing studies mainly concentrate on the scheduling of BEBs and drivers. Boyer et al. (2018)

ptimized the drivers scheduling under constraints of limited continuous working time and total working hours by proposing a model
nd solving it using neighborhood search methods. Xie et al. (2023) proposed a coordinated optimization model for bus timetables
nd driver scheduling by considering different charging modes for BEBs.

Additionally, several studies have integrated these three levels of optimization problems to conduct comprehensive research.
ang et al. (2023) and He et al. (2022a) introduced integrated optimization frameworks that combine the deployment of fixed

harging stations and charging scheduling for BEBs. To minimize the total cost of the BEB system, Rogge et al. (2018) proposed a
ixed-integer linear programming (MILP) model to optimize charging station locations, fleet sizes on each route, and departures

imetable. Focusing on the bus scheduling problem, Liu and Ceder (2020) proposed a multi-objective optimization model to minimize
he bus procurement cost and the number of required charging facilities.

It is commonly assumed in the aforementioned literature that BEBs mainly utilize the plug-in charging method. The emergence
f DWC technology has completely changed the previous charging approach. As a result, optimization methods proposed in previous
tudies may not be applicable to DWC facilities.

The deployment of charging facilities poses a critical challenge in the practical implementation of DWC technology. It impacts
he maximum energy that BEBs can obtain in the BEB system. To ensure the normal operation of BEBs and minimize the overall cost
f the system, it is required further optimization for the battery capacity and charging scheduling. Therefore, the flexibility provided
y DWC technology requires special consideration for optimizing the deployment of charging facilities for the BEB system. Some
elevant studies have been conducted on the deployment problem of DWC facilities, particularly from the perspectives of traffic
etwork flow allocation and system management.

From the perspective of traffic network flow allocation, Chen et al. (2016) considered the traffic flow distribution in a user
quilibrium mode and optimized the deployment of charging lanes in the road network. He et al. (2020b) further examined the
egative effects of charging lane placement on road capacity and enhanced the optimization deployment of charging lanes. Ngo
t al. (2020) considered the influence of DWC facilities on traffic flow allocation and constructed a model to optimize the location
f DWC facilities in the road network.

From the perspective of system management and decision-making, Jeong et al. (2015) considered the economics of DWC facilities
2

ithin the BEB system, and formulated an economic model to determine the optimal deployment of DWC facilities on routes, by
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minimizing the total cost of charging facilities and batteries. Liu and Song (2017) and Bai et al. (2022) further considered the optimal
location of charging facilities in a more complex system composed of multiple routes, and incorporated the energy consumption
uncertainty during the operation of BEBs, thus transforming the proposed deterministic model into robust optimization models.
Additionally, the optimization of dynamic wireless charging systems for BEBs was also investigated by incorporating multiple levels
of problems. Alwesabi et al. (2021) integrated the optimization of charging facility deployment, battery capacity, and bus scheduling
on each bus route. Furthermore, Alwesabi et al. (2022) further considered the uncertainty during the operation of BEBs and proposed
a corresponding robust optimization model.

1.3. Contributions

Despite the increasing research on optimization problems in BEB systems, the existing research efforts have mostly been limited
o optimizing the BEB system from a single level. More specifically, the research on the strategic planning problems usually assumes
r completely ignores charging scheduling strategies, while focusing on the infrastructure planning. Conversely, the research on the
actical planning problems focuses on optimizing the charging scheduling of BEBs, assuming that charging facility locations and
attery sizes are known in advance. These studies do not consider the interrelation between infrastructure planning and charging
cheduling, which is critical considering the fact: the deployment of DWC facilities determines the occurrence of charging activities;
he charging scheduling alters the battery state of charge (SOC) during the operation of BEBs, thus influencing the battery capacity
nd the deployment number (length) of charging facilities. In addition, insufficient attention has been devoted to assessing the
nfluence of electricity pricing policies on charging scheduling. The presence of the TOU tariff results in excessive charging costs
nd affects the charging scheduling of BEBs.

To fill these gaps, this study jointly addresses two optimization problems: the long-term strategic optimization problem and the
hort-term tactical optimization problem. The former aims to minimize the overall cost by optimizing the deployment of the DWC
acility and battery capacity for BEBs. The latter aims to minimize charging costs by optimizing the charging scheduling for BEBs
ithin the BEB system throughout the day. A series of numerical studies conducted in Beijing demonstrates the model’s effectiveness

n reducing the overall cost. The study provides significant foresight and reference for the application of DWC technology and the
lectrification transformation of BEB systems. In summary, the primary contributions of this study are as follows.

• An MINLP model is proposed to address the deployment of DWC facilities, battery capacity, and charging scheduling problems
in urban BEB systems. With the aim of cost minimization, this study ultimately determines the optimal locations for DWC
facilities, battery sizes for BEBs, and charging scheduling strategies based on real-time TOU tariff mechanisms.

• The proposed MINLP model is linearized into an MILP model, making it possible to resolve the reformulated model using
widely existing solvers.

• The proposed model that considers the charging scheduling of BEBs turns out a 10.12% reduction in total costs, compared
to the existing methods. A series of sensitivity analyses were performed on key parameters of the model, demonstrating the
efficiency of the proposed model in minimizing the total cost through a balanced consideration of DWC facility, battery, and
charging costs when parameters vary.

.4. Organization

The remainder of this study is organized as follows. Sections 2 and 3 present the problem description and define a feasible
egion for a strategic planning problem to optimize the infrastructure planning, respectively. Section 4 proposes a tactical planning
rogram to refine the charging scheduling of BEBs by taking the TOU tariff into account. Section 5 develops an integrated planning
odel to determine the optimal deployment of the facility, battery capacity, and charging scheduling by minimizing the total cost.

ection 6 demonstrates the proposed model in real-world data-based numerical experiments. Section 7 concludes this study.

. Problem description

A BEB system consists of BEBs, bus routes, depots, terminals, stops, and charging facilities. The terminal connected to the depot
s defined as the base station, which is important to gather and distribute the BEBs in the system. Each bus route has one or more
erminals.

Fig. 1 provides an illustration of the BEB system, which can be classified into three route types. Route type 1 (cyan line) is the
oute between bus terminals (base station) and the depot. BEBs leave and return to the depot when they start and finish the service
or one day. Route type 2 (purple line) represents the route between terminals. Route type 3 (red line) is a unique circular route
ype where the start and end terminals of BEBs are identical (Terminal 1). To present the process of BEBs operation in the BEB
ystem with DWC facilities, an illustration is drawn as shown in Fig. 2(a), which uses Route type 1 and 3 as an example.

At the start of service trips, BEBs are fully charged at the depot. While BEBs are in service, they can utilize the available DWC
acilities buried under the road to charge their batteries. Upon completing a trip, BEBs idle in the base station until their next
ourney, utilizing the charging facilities at the base station to recharge their batteries during this period. After completing their
ervice trips for the day, BEBs return directly to the depot and utilize the nighttime for recharging. As shown in Fig. 2(b), the DWC
acility consists of an inverter and wireless power transfer coils. The inverter is installed at the start of the DWC facility to transfer
3

lectric power to coils, which are employed in a series track and connected to the inverter.
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Fig. 1. An illustration of the BEB system.

Traditional BEBs can replenish battery energy by utilizing plug-in chargers installed at the depot and terminals. However, this
charging method imposes restrictions on BEBs, which can only be recharged when idle in terminals or depots. It results in a limited
available charging time for BEBs, requiring them to carry larger batteries. Conversely, The DWC facility offers more flexibility
than plug-in chargers. It can be installed at any location along the routes and allows BEBs to recharge while in motion. Therefore,
DWC facilities can provide more charging opportunities for BEBs, thereby reducing the capacity of onboard batteries and effectively
extending the driving range.

Although the DWC technology shows potential for reducing battery size and alleviating operation range anxiety, it is currently
in the early stages of development and requires further research. Compared to the plug-in charging method, the upfront cost of the
DWC facility is significantly higher, reaching 545,000 CNY/km, which is 4 times the price (Bi et al., 2018). If BEBs adopt smaller
batteries, it is necessary for the system to install more DWC facilities to sustain their operation. Larger battery capacities may raise
the battery cost and also impact the need for DWC facilities. The quantity of DWC facility and the battery capacity of BEBs have
a mutual influence on each other. Hence, strategic planning is essential to ensure an optimal balance between battery and DWC
facility costs.

The optimization of the BEB system involves several aspects. In addition to the problems of charging facility deployment and
battery capacity of BEBs, it also needs to focus on the charging scheduling of BEBs. Although adopting DWC facilities can reduce
the battery size, ensuring continuous service operations for BEBs generates an amount of charging demand and costs. Moreover, the
irregular charging scheduling of BEBs may increase the burden on the urban power grid. To minimize the charging cost and mitigate
the grid pressure, a TOU tariff mechanism has been created. It refers that the electricity price will be changed over time. The TOU
tariff is usually adopted by utility companies to relieve the burden during peak hours. Thus, tactical planning should optimize the
charging scheduling of BEBs under the TOU tariff by minimizing the charging cost.

To illustrate the optimization problem in this study, a framework is proposed as shown in Fig. 3. There are three decision
variables in this study. The optimal deployment of DWC facilities and battery capacity constitutes a strategic planning problem,
which determines the occurrence of charging activities and the maximum usable energy for BEBs. The tactical planning further
optimizes the actual charging power of BEBs under the TOU tariff mechanism during the charging operations. By considering the
interrelationship between strategic planning and tactical planning, an integrated planning problem can be obtained. The overarching
objective of this study is to optimize the deployment of DWC facilities, battery capacity, and charging scheduling of BEBs while
minimizing total costs. To specify the problem and streamline the model formulation, the following assumptions are considered:

Assumption 1. Each bus line in the system has a predetermined route, operating timetable, and fleet size of BEBs.

Assumption 2. BEBs on the same bus line have an identical battery capacity.
4
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Fig. 2. Illustrations of the dynamic wireless charging electric bus system.

Assumption 3. The battery SOC of BEBs should be maintained within a specific range throughout their operation to preserve battery
life.

Assumption 4. The charging method applied for BEBs at depots and terminals is plug-in, the DWC facilities are only deployed along
the routes.

Assumption 5. BEBs can only be recharged at the depot after completing all services, and the batteries are fully charged before
they start their first service trip on the next day.

Assumption 6. BEBs can select the appropriate charging power and time based on the given constraints.

Assumption 7. The energy consumption of BEBs is directly proportional to the driving distance.

Assumption 1 assumes that the fleet size and timetable of BEBs are predetermined, and BEBs will be assigned to a set of fixed
trips. Assumption 2 accounts for variations in battery energy consumption due to differences in route lengths, resulting in varying
battery capacity requirements. For Assumption 3, the battery SOC should be limited within a certain range to relieve damage to
battery health during charging and discharging operations (He et al., 2020a). Assumption 4 states that this study only focuses on
5
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Fig. 3. Overview of the integrated optimization problem.

the deployment of DWC facilities on the routes. The implementation of DWC facilities in the BEB system requires a lengthy process
of upgrades. Existing plug-in chargers should be accompanied by DWC facilities to provide battery energy replenishment for BEBs.
Therefore, considering the infrastructure planning of BEB systems with multiple charging methods is reasonable (Lee et al., 2021).
Additionally, this assumption relies on the principle that the DWC technology is primarily designed for charging while BEBs are in
motion. BEBs stop at depots and terminals, where plug-in chargers are suitable to be used. As a result, installing DWC facilities at
depots and terminals would not be practical. Assumption 5 assumes that BEBs operate under actual operating conditions to ensure
normal operation and minimize energy wastage (Hwang et al., 2018). Assumption 6 states that BEBs adopt the opportunity charging
strategy, which involves charging the battery at short intervals and multiple frequencies to reduce battery size. It can decrease the
depth of discharge (DOD), which is a key factor in prolonging battery life (Jeong et al., 2015). Assumption 7 assumes a linear
relationship between the energy consumption and operating mileage of BEBs. Similar assumptions can be found in the existing
studies such as Hu et al. (2022) and Bai et al. (2022).

To make it convenient for readers to understand the proposed model, a notation table is provided in Appendix.

3. The strategic planning problem

According to Fig. 3, the primary purpose of the strategic planning problem is to optimize the deployment of the DWC facility
and battery capacity of BEBs by minimizing associated costs. The strategic planning problem ensures the normal operation of BEBs
under certain constraints, such as the location of DWC facilities, the residual battery energy of BEBs, and battery capacity.

3.1. Feasible region for the location of DWC facilities

To properly describe the operation process of BEBs, it first defines a feasible region for the location of DWC facilities. Let 𝐺(𝑁,𝐴)
represent the route network of the BEB system. Let 𝑁 denote the set of nodes in the BEB system. To facilitate the specific location
of the DWC facilities, the links of adjacent terminals are evenly divided into multiple segments. Let 𝐴 be the set of segments in the
BEB system. It is indexed by node pair (𝑖, 𝑗), where 𝑖, 𝑗∈ 𝑁 and (𝑖, 𝑗) ∈ 𝐴. Based on Fig. 1, the route network treats one bus line
as two separate directional roads. Let 𝑅 denote the set of routes in the system, indexed by 𝑟. Let 𝐵𝑟 denote all of BEBs on route 𝑟,
indexed by 𝑏. For a specific BEB 𝑏 ∈ 𝐵𝑟 on route 𝑟, let 𝐿𝑟,𝑏 represent the set of service trips, indexed by 𝑙. Let 𝐷 and 𝑂 represent
the set of depots and terminals in the system, respectively. Let 𝑜(𝑟) ∈ 𝑂 and 𝑑(𝑟) ∈ 𝐷 represent terminals and depots on the route
𝑟 ∈ 𝑅, respectively.

To define the feasible region of the facility deployment, it should focus on the components of the DWC facility. A binary variable
𝑋(𝑖,𝑗) is introduced to determine whether the segment (𝑖, 𝑗) is equipped by a DWC facility or not. It can be expressed in Eq. (1).

𝑋(𝑖,𝑗) =

{

1 if segment (𝑖, 𝑗) is equipped by a DWC facility
0 otherwise

(1)

Fig. 2(b) indicates that the DWC facility comprises inverters and wireless power transfer coils. However, the total demand for
inverters in the system needs to be carefully considered. To enhance charging efficiency and reduce the facility cost, DWC facilities
are usually placed continuously so that adjacent segments can share the same inverter to transmit electric power. Therefore, it is
imperative to design a method for calculating the overall quantity of inverters.
6
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i
𝑌

Fig. 4. Illustrations of the connections of DWC facilities.

Since adjacent segments can share the same inverter, it can identify the initial segments to calculate the total demand for inverters
n the system. To determine whether the segment (𝑖, 𝑗) is the initial segment equipped by a DWC facility or not, a binary variable
(𝑖,𝑗) is introduced and defined in Eq. (2).

𝑌(𝑖,𝑗) =

{

1 if segment (𝑖, 𝑗) is the initial segment equipped by a DWC facility
0 otherwise

(2)

Fig. 4(a) illustrates a representative example of the initial segment. One can see that segment (2, 3) is equipped by a DWC
facility while segment (1, 2) is not. Based on Eq. (2), segment (2, 3) and node 2 are considered as the initial segment and initial
point, respectively. The inverter will be installed at the node 2.

According to the Eqs. (1) and (2), the following constraints can be obtained:

𝑌(𝑖,𝑗) ≥ 𝑋(𝑖,𝑗) −
∑

(ℎ,𝑖)∈𝐴
𝑋(ℎ,𝑖) ∀ℎ, 𝑖, 𝑗 ∈ 𝑁, (𝑖, 𝑗) ∈ 𝐴 (3)

𝑌(𝑖,𝑗) ≤ 𝑋(𝑖,𝑗) ∀𝑖, 𝑗 ∈ 𝑁, (𝑖, 𝑗) ∈ 𝐴 (4)

𝑌(𝑖,𝑗) ≤ 1 −𝑋(ℎ,𝑖) ∀ℎ, 𝑖, 𝑗 ∈ 𝑁, (𝑖, 𝑗) ∈ 𝐴, (ℎ, 𝑖) ∈ 𝐴 (5)

where (ℎ, 𝑖) is the incoming segments of the segment (𝑖, 𝑗).
Constraint (3) indicates that when none of the incoming segments (ℎ, 𝑖) of segment (𝑖, 𝑗) are equipped with DWC facilities and

segment (𝑖, 𝑗) is equipped, segment (𝑖, 𝑗) will be defined as the initial segment. Constraint (4) ensures that if segment (𝑖, 𝑗) has no
DWC facility, it will not become the initial segment. Constraint (5) denotes that if the DWC facility installs at any incoming segment
(ℎ, 𝑖) of (𝑖, 𝑗), then segment (𝑖, 𝑗) will not be the initial segment.

However, not all initial segments can be considered accurately based on constraints (3)–(5). When segments intersect, the number
of inverters in the system may be overestimated. As shown in Fig. 4(b), segments (3, 4) and segment (6, 4) intersect at node 4, and
both are equipped with DWC facilities. Based on constraints (3)–(5), segment (6, 4) and node 6 will be denoted as the initial segment
and initial point, respectively. However, due to the connectivity between segment (3, 4) and segment (6, 4), electric power can be
transmitted accordingly. Therefore, the inverter should not be installed at node 6.
7
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Let 𝑁𝑐 be the set of all intersection nodes. To overcome the shortcoming, we introduce two binary variables 𝑤𝑖 and 𝑢(ℎ,𝑖).
𝑤𝑖 is designed to determine whether the node 𝑖 ∈ 𝑁𝑐 has incoming segments equipped by DWC facilities or not. It can be

expressed in Eq. (6).

𝑤𝑖 =

{

1 if incoming segments of node 𝑖 ∈ 𝑁𝑐 equipped by DWC facilities
0 otherwise

(6)

𝑢(ℎ,𝑖) is introduced to determine whether the incoming segment (ℎ, 𝑖) ∈ 𝐴 of node 𝑖 ∈ 𝑁𝑐 has covered by inverter or not. It can
be represented by Eq. (7).

𝑢(ℎ,𝑖) =

{

1 if incoming segment (ℎ, 𝑖) ∈ 𝐴 of node 𝑖 ∈ 𝑁𝑐 covered by inverter
0 otherwise

(7)

Based on Eq. (6) and (7), the following constraints (8)–(10) are designed to eliminate the overestimated inverters.

𝑢(ℎ,𝑖) ≤ 𝑋(ℎ,𝑖) ∀ℎ ∈ 𝑁, 𝑖 ∈ 𝑁𝑐 , (ℎ, 𝑖) ∈ 𝐴 (8)

𝑤𝑖 ≤
∑

(ℎ,𝑖)∈𝐴
𝑢(ℎ,𝑖) ∀𝑖 ∈ 𝑁𝑐 (9)

𝑤𝑖 ≥ 𝑢(ℎ,𝑖) ∀𝑖 ∈ 𝑁𝑐 , (ℎ, 𝑖) ∈ 𝐴 (10)

Constraint (8) ensures that the inverter only covers segment (ℎ, 𝑖) when the DWC facility is installed on it. Constraint (9) indicates
that all inverters utilized by incoming segments of node 𝑖 ∈ 𝑁𝑐 will be removed. Additionally, constraint (10) ensures the allocation
of one inverter to the intersected segments, precisely fulfilling the requirement for energy transmission.

Based on Fig. 4(b), the total count of initial points connected to the same intersection node can be denoted as ∑

(ℎ,𝑖)∈𝐴 𝑢(ℎ,𝑖). In
practice, each junction requires only one inverter across all connected segments. The surplus number of inverters in the entire BEB
system is represented by ∑

𝑖∈𝑁𝑐 (∑(ℎ,𝑖)∈𝐴 𝑢(ℎ,𝑖) −𝑤𝑖).
Subsequently, by deducting redundant inverters from the overall initial count ∑(𝑖,𝑗)∈𝐴 𝑌(𝑖,𝑗), the total number of inverters can be

accurately calculated by the following Eq. (11).

𝑍 =
∑

(𝑖,𝑗)∈𝐴
𝑌(𝑖,𝑗) −

∑

𝑖∈𝑁𝑐

∑

(ℎ,𝑖)∈𝐴
𝑢(ℎ,𝑖) +

∑

𝑖∈𝑁𝑐
𝑤𝑖 (11)

where 𝑍 is the total demand for inverters within the BEB system.
Finally, constraints (12)–(15) ensure that 𝑋(𝑖,𝑗), 𝑌(𝑖,𝑗), 𝑢(ℎ,𝑖), and 𝑤𝑖 are binary variables, respectively.

𝑋(𝑖,𝑗) ∈ {0, 1} (12)

𝑌(𝑖,𝑗) ∈ {0, 1} (13)

𝑢(ℎ,𝑖) ∈ {0, 1} (14)

𝑤𝑖 ∈ {0, 1} (15)

3.2. Feasible region for the battery capacity of BEBs

To define the feasible region for the battery capacity of BEBs, it is essential to consider the residual battery energy of BEBs
throughout their entire service cycles. The feasible region for the battery capacity is a critical constraint to the infrastructure planning
problem. It ensures that the BEB system operates normally while minimizing the battery cost. Figs. 5(a) and 5(b) demonstrate the
operation of BEBs and the variations in their residual battery energy, using Route types 1 and 3 as an example.

Let 𝑒+𝑟,𝑏,𝑑 represent the residual battery energy as BEB 𝑏 ∈ 𝐵𝑟 leaves from the depot 𝑑 (𝑟) on route 𝑟. Before the BEB starts the first
service trip, it reaches Terminal 1 (base station) with energy consumption of 𝑐𝑟,𝑏,(𝑑,𝑜). Let 𝑒+𝑟,𝑏,𝑙,𝑜 represent the residual battery energy
of BEB 𝑏 ∈ 𝐵𝑟 as it leaves the terminal 𝑜 (𝑟) on route 𝑟 in service trip 𝑙 ∈ 𝐿𝑟,𝑏. Similarly, let 𝑒𝑟,𝑏,𝑙,𝑖 express the residual battery energy
of BEB 𝑏 ∈ 𝐵𝑟 on route 𝑟 as it reaches node 𝑖 in service trip 𝑙 ∈ 𝐿𝑟,𝑏. Let 𝑠𝑟,𝑏,𝑙,(𝑖,𝑗) and 𝑐𝑟,𝑏,𝑙,(𝑖,𝑗) denote the battery energy replenished
and consumed by BEB 𝑏 ∈ 𝐵𝑟 on route 𝑟 as it passes the segment (𝑖, 𝑗) in the service trip 𝑙 ∈ 𝐿𝑟,𝑏, respectively. After completing its
first service trip, BEBs will return to Terminal 1 (base station). Let 𝑒−𝑟,𝑏,𝑙,𝑜 represent the residual battery energy of BEB 𝑏 ∈ 𝐵𝑟 as it
reaches the terminal 𝑜 (𝑟) on route 𝑟 in service trip 𝑙 ∈ 𝐿𝑟,𝑏. Because the terminal is equipped with plug-in chargers, BEBs can be
charged during layovers between adjacent service trips. We use variable 𝑠𝑟,𝑏,𝑙,𝑜 to represent the battery energy replenished by BEB
𝑏 ∈ 𝐵𝑟 as it idles in terminal 𝑜 (𝑟) on route 𝑟 in service trip 𝑙 ∈ 𝐿𝑟,𝑏. Then, BEBs will repeat the service process in accordance with
the timetable. Instead of charging at the terminal, BEBs will return to the depot as it finishes the last service trip. Let 𝑙𝛺𝑟,𝑏 represent
the last service trip for BEB 𝑏 ∈ 𝐵𝑟 on route 𝑟. Let 𝑒−𝑟,𝑏,𝑑 represent the residual battery energy as BEB 𝑏 ∈ 𝐵𝑟 on route 𝑟 returns to
the depot 𝑑 (𝑟), and the energy consumption during the return trip is 𝑐𝑟,𝑏,(𝑜,𝑑). BEBs will utilize the nighttime to charge at the depot.
Let 𝑠𝑟,𝑏,𝑑 represent the battery energy replenished by BEB 𝑏 ∈ 𝐵𝑟 as it idles in depot 𝑑 (𝑟) on route 𝑟 during the last service trip.
According to Assumption 5, BEBs will be fully charged and prepared for the next day at the depot.

The energy fluctuations of BEBs during their operations can be represented using the following constraints:

𝑒+ = 𝑒− + 𝑠 = 𝜀+𝐸 ∀𝑟 ∈ 𝑅, 𝑏 ∈ 𝐵 , 𝑑 = 𝑑 𝑟 (16)
8

𝑟,𝑏,𝑑 𝑟,𝑏,𝑑 𝑟,𝑏,𝑑 𝑟 𝑟 ( )
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Fig. 5. Illustrations of battery energy changes during operation.

𝑒+𝑟,𝑏,𝑙,𝑜 = 𝑒+𝑟,𝑏,𝑑 − 𝑐𝑟,𝑏,(𝑑,𝑜) ∀𝑟 ∈ 𝑅, 𝑏 ∈ 𝐵𝑟, 𝑙 = 1, 𝑜 = 𝑜𝑏 (𝑟) , 𝑑 = 𝑑 (𝑟) (17)

𝑒𝑟,𝑏,𝑙,𝑗 = 𝑒𝑟,𝑏,𝑙,𝑖 − 𝑐𝑟,𝑏,𝑙,(𝑖,𝑗) + 𝑠𝑟,𝑏,𝑙,(𝑖,𝑗) ∀𝑟 ∈ 𝑅, 𝑏 ∈ 𝐵𝑟, 𝑙 ∈ 𝐿𝑟,𝑏, 𝑖, 𝑗 ∈ 𝑁𝑟, (𝑖, 𝑗) ∈ 𝐴𝑟 (18)

𝑒+𝑟,𝑏,𝑙,𝑜 = 𝑒−𝑟,𝑏,𝑙−1,𝑜 + 𝑠𝑟,𝑏,𝑙−1,𝑜 ∀𝑟 ∈ 𝑅, 𝑏 ∈ 𝐵𝑟, 𝑙 ∈ 𝐿𝑟,𝑏, 𝑜 = 𝑜𝑏 (𝑟) , 𝑙 ≥ 2 (19)

𝑒+𝑟,𝑏,𝑙,𝑜 = 𝑒−𝑟,𝑏,𝑙,𝑜 + 𝑠𝑟,𝑏,𝑙,𝑜 ∀𝑟 ∈ 𝑅, 𝑏 ∈ 𝐵𝑟, 𝑙 ∈ 𝐿𝑟,𝑏, 𝑜 ∈ 𝑜 (𝑟) ∖𝑜𝑏 (𝑟) (20)

𝑒−𝑟,𝑏,𝑑 = 𝑒−𝑟,𝑏,𝑙,𝑜 − 𝑐𝑟,𝑏,(𝑜,𝑑) ∀𝑟 ∈ 𝑅, 𝑏 ∈ 𝐵𝑟, 𝑙 = 𝑙𝛺𝑟,𝑏, 𝑑 = 𝑑 (𝑟) , 𝑜 = 𝑜𝑏 (𝑟) (21)

0 ≤ 𝑠𝑟,𝑏,𝑙,(𝑖,𝑗) ≤ 𝛼𝑋(𝑖,𝑗)𝑃
max 1𝑡𝑟,𝑏,𝑙,(𝑖,𝑗) ∀𝑟 ∈ 𝑅, 𝑏 ∈ 𝐵𝑟, 𝑙 ∈ 𝐿𝑟,𝑏, 𝑖, 𝑗 ∈ 𝑁𝑟, (𝑖, 𝑗) ∈ 𝐴𝑟 (22)

0 ≤ 𝑠𝑟,𝑏,𝑙,𝑜 ≤ 𝛽𝑃max 2𝑡𝑟,𝑏,𝑙,𝑜 ∀𝑟 ∈ 𝑅, 𝑏 ∈ 𝐵𝑟, 𝑙 ∈ 𝐿𝑟,𝑏, 𝑜 = 𝑜 (𝑟) (23)

0 ≤ 𝑠𝑟,𝑏,𝑑 ≤ 𝛽𝑃max 2𝑡𝑟,𝑏,𝑑 ∀𝑟 ∈ 𝑅, 𝑏 ∈ 𝐵𝑟, 𝑑 = 𝑑 (𝑟) (24)

𝜀−𝐸𝑟 ≤ 𝑒−𝑟,𝑏,𝑑 ≤ 𝜀+𝐸𝑟 ∀𝑟 ∈ 𝑅, 𝑏 ∈ 𝐵𝑟, 𝑑 = 𝑑 (𝑟) (25)

𝜀−𝐸𝑟 ≤ 𝑒−𝑟,𝑏,𝑙,𝑜 ≤ 𝜀+𝐸𝑟 ∀𝑟 ∈ 𝑅, 𝑏 ∈ 𝐵𝑟, 𝑙 ∈ 𝐿𝑟,𝑏, 𝑜 = 𝑜 (𝑟) (26)

𝜀−𝐸𝑟 ≤ 𝑒+𝑟,𝑏,𝑙,𝑜 ≤ 𝜀+𝐸𝑟 ∀𝑟 ∈ 𝑅, 𝑏 ∈ 𝐵𝑟, 𝑙 ∈ 𝐿𝑟,𝑏, 𝑜 = 𝑜 (𝑟) (27)
9
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𝜀−𝐸𝑟 ≤ 𝑒𝑟,𝑏,𝑙,𝑖 ≤ 𝜀+𝐸𝑟 ∀𝑟 ∈ 𝑅, 𝑏 ∈ 𝐵𝑟, 𝑙 ∈ 𝐿𝑟,𝑏, 𝑖 ∈ 𝑁𝑟 (28)

here 𝐴𝑟 denotes the set of all segments on route 𝑟, and 𝐴𝑟 ⊆ 𝐴; 𝑁𝑟 denotes the set of all nodes on route 𝑟, 𝑁𝑟 ⊆ 𝑁 ; 𝑜𝑏(𝑟) denotes the
base station on route 𝑟, 𝑜𝑏(𝑟) ⊆ 𝑜(𝑟); 𝑃max 1 and 𝑃max 2 denote the nominal charging power for the DWC facility and plug-in charger,
respectively; 𝑡𝑟,𝑏,𝑙,(𝑖,𝑗) is the travel time as BEB 𝑏 ∈ 𝐵𝑟 passes through the segment (𝑖, 𝑗) on route 𝑟; 𝑡𝑟,𝑏,𝑙,𝑜 and 𝑡𝑟,𝑏,𝑑 are the layover
time of the BEB 𝑏 ∈ 𝐵𝑟 as it idles in terminal 𝑜 (𝑟) and depot 𝑑 (𝑟) on route 𝑟, respectively; 𝛼 and 𝛽 are the charging efficiencies of
the DWC facility and plug-in charger, and 0 < 𝛼 < 𝛽 < 1, respectively; 𝜀− and 𝜀+ are the lower and upper boundaries of battery
SOC, and 0 < 𝜀− < 𝜀+ < 1, respectively; 𝐸𝑟 represents the battery size of BEBs on route 𝑟.

Constraint (16) indicates that the battery of BEBs should be at full charge when they start the first service trip from the depot.
Constraint (17) represents the consumption of battery energy when they start from the depot to the terminal in the first service
trip. The battery energy change of the BEBs from nodes 𝑖 to 𝑗 is represented by constraint (18). Constraint (19) indicates that
the BEBs can obtain battery energy when they idle in the base station. Constraint (20) denotes the battery energy replenished by
BEBs due to charging at terminals (excluding the base station). When BEBs complete their service trips and return to the depot,
the battery energy consumed is captured by constraint (21). To limit the amount of battery energy that can be obtained by BEBs
at any location, constraint (22) specifies maximum thresholds for replenished battery energy at segments (𝑖, 𝑗). It is represented
by 𝛼𝑋(𝑖,𝑗)𝑃max 1𝑡𝑟,𝑏,𝑙,(𝑖,𝑗). Similarly, constraints (23) and (24) describe the battery energy replenished by BEBs when they charge
at terminals (including base station) and depot should not exceed the maximum thresholds, respectively. Constraints (25)–(28)
ensure that the residual battery energy of BEBs at any location should be restricted to a certain range of battery capacity based on
Assumption 3.

The battery capacity of BEBs on route 𝑟 is treated as a variable in this paper. As the battery size changes, the weight of BEBs is
correspondingly altered. Given that the battery consumption of BEBs is influenced by the vehicle weight, changes in battery capacity
will accordingly affect the battery consumption. To determine the relationship between the battery size and battery consumption
of BEBs, let 𝛥𝑐𝑟 denote the battery consumption per kilometer for BEBs on route 𝑟. Referring to the research results presented by Bi
et al. (2015), a 10% reduction in the weight of BEBs corresponds to a 4.5% reduction in battery consumption. Therefore, we can
express Eq. (29) as follows:

𝛥𝑐𝑟 =

⎡

⎢

⎢

⎢

⎣

1 −

(

𝐸𝑏𝑢𝑠−𝐸𝑟
)

𝜌
(

𝑊 𝑏𝑢𝑠 +𝑊 𝑒𝑥𝑡𝑟𝑎
) × 4.5%

10%

⎤

⎥

⎥

⎥

⎦

𝛥𝑐 ∀𝑟 ∈ 𝑅 (29)

here 𝑊 𝑏𝑢𝑠 and 𝐸𝑏𝑢𝑠 denote the curb weight and the nominal battery capacity of BEBs, respectively; 𝜌 denotes the energy density
f the battery; 𝛥𝑐 represents the baseline battery consumption of BEBs. The benchmark values of 𝑊 𝑏𝑢𝑠 and 𝐸𝑏𝑢𝑠 are taken from the

Foton electric buses used in Beijing, whose curb weight is 11,600 kg, featuring a lithium–iron–phosphate battery with a capacity of
326.73 kWh (Foton, 2022). The passenger weight of BEBs is denoted as 𝑊 𝑒𝑥𝑡𝑟𝑎 and is assumed to be 1000 kg. According to Chen
et al. (2018), the energy density 𝜌 is valued at 0.17 kWh/kg. The baseline battery consumption 𝛥𝑐 is set as 1.42 kWh/km, which is
estimated in Ma et al. (2021).

Based on Eq. (29) and Assumption 7, the variables 𝑐𝑟,𝑏,𝑙,(𝑖,𝑗), 𝑐𝑟,𝑏,(𝑜,𝑑), and 𝑐𝑟,𝑏,(𝑑,𝑜) can be further elucidated using Eqs. (30)–(32),
as follows:

𝑐𝑟,𝑏,𝑙,(𝑖,𝑗) = 𝑙(𝑖,𝑗)

⎡

⎢

⎢

⎢

⎣

1 −

(

𝐸𝑏𝑢𝑠−𝐸𝑟
)

𝜌
(

𝑊 𝑏𝑢𝑠 +𝑊 𝑒𝑥𝑡𝑟𝑎
) × 0.45

⎤

⎥

⎥

⎥

⎦

𝛥𝑐 ∀𝑟 ∈ 𝑅, 𝑏 ∈ 𝐵𝑟, 𝑙 ∈ 𝐿𝑟,𝑏, (𝑖, 𝑗) ∈ 𝐴𝑟 (30)

𝑐𝑟,𝑏,(𝑜,𝑑) = 𝑙(𝑜,𝑑)

⎡

⎢

⎢

⎢

⎣

1 −

(

𝐸𝑏𝑢𝑠−𝐸𝑟
)

𝜌
(

𝑊 𝑏𝑢𝑠 +𝑊 𝑒𝑥𝑡𝑟𝑎
) × 0.45

⎤

⎥

⎥

⎥

⎦

𝛥𝑐 ∀𝑟 ∈ 𝑅, 𝑏 ∈ 𝐵𝑟, 𝑜 = 𝑜𝑏(𝑟), 𝑑 = 𝑑(𝑟) (31)

𝑐𝑟,𝑏,(𝑑,𝑜) = 𝑙(𝑑,𝑜)

⎡

⎢

⎢

⎢

⎣

1 −

(

𝐸𝑏𝑢𝑠−𝐸𝑟
)

𝜌
(

𝑊 𝑏𝑢𝑠 +𝑊 𝑒𝑥𝑡𝑟𝑎
) × 0.45

⎤

⎥

⎥

⎥

⎦

𝛥𝑐 ∀𝑟 ∈ 𝑅, 𝑏 ∈ 𝐵𝑟, 𝑜 = 𝑜𝑏(𝑟), 𝑑 = 𝑑(𝑟) (32)

where 𝑙(𝑖,𝑗), 𝑙(𝑜,𝑑), and 𝑙(𝑑,𝑜) represent the length of segment (𝑖, 𝑗), the distance from the base station 𝑜𝑏(𝑟) to the depot 𝑑(𝑟), and the
distance from the depot 𝑑(𝑟) to the base station 𝑜𝑏(𝑟), respectively.

In summary, the feasible region for the deployment of DWC facilities and the battery capacity of BEBs is referred to as 𝛩 hereafter.
Let 𝑀1 and 𝑀2 denote the cost of DWC facilities and batteries, respectively. The optimal deployment of DWC facilities and battery

capacity of BEBs can be determined by minimizing the total cost. The following program P1 can be expressed as a formulation of
the strategic planning problem.

P1:
min(𝑀1 +𝑀2) = 𝑍𝑞𝑖𝑛𝑣 +

∑

(𝑖,𝑗)∈𝐴
𝑋(𝑖,𝑗)𝑞

𝑐𝑜𝑖𝑙𝛥𝑙 +
∑

𝑟∈𝑅
𝜂𝑟𝐸𝑟𝑞

𝑏𝑎𝑡

𝑠.𝑡. 𝑋(𝑖,𝑗), 𝐸𝑟 ∈ 𝛩
(33)

where 𝑞𝑖𝑛𝑣, 𝑞𝑐𝑜𝑖𝑙, and 𝑞𝑏𝑎𝑡 are the unit cost of the inverter, wireless power transfer coils, and battery, respectively; 𝛥𝑙 is the unit
10

length of the segment. 𝜂𝑟 is the fleet size of the BEBs on route 𝑟 ∈ 𝑅.
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Fig. 6. The charging time windows of BEBs for a whole day.

The cost of DWC facilities is comprised of inverters and transfer coils, as shown in Fig. 2(b). The cost of coils varies depending
on the total number (length) of DWC facilities. It is represented by ∑

(𝑖,𝑗)∈𝐴𝑋(𝑖,𝑗)𝑞𝑐𝑜𝑖𝑙𝛥𝑙. Based on Eq. (10), the cost of inverters can
be represented by 𝑍𝑞𝑖𝑛𝑣. In addition, the total battery cost is computed based on the battery capacity of BEBs 𝐸𝑟 and the fleet size
of BEBs 𝜂𝑟 on a specific route, represented as ∑

𝑟∈𝑅 𝜂𝑟𝐸𝑟𝑞𝑏𝑎𝑡.

4. The tactical planning problem

As a segment is equipped with a DWC facility, a set of available charging time windows is generated. It also uses Route types 1
and 3 as an example to represent the charging time windows of BEBs as shown in Fig. 6. Based on constraints (25)–(28), the residual
battery energy should be restricted between 𝜀−𝐸𝑟 to 𝜀+𝐸𝑟 throughout the operation processes of BEBs. As the battery energy of BEBs
is full, they will not receive any additional energy, even during the available charging time windows. Conversely, if the residual
battery energy of BEBs is insufficient to complete the journey, they will be charged in the available charging time windows. The
time windows provide BEBs with the opportunity to charge throughout the designated periods. However, the charging activities of
BEBs are uncertain due to the infrastructure planning problem. To determine the actual charging time and energy replenishment of
BEBs, it should focus on the charging scheduling of BEBs in the feasible region.

Within the defined feasible region, the solutions do not incorporate the charging scheduling of BEBs. The disorderly charging
scheduling may incur more charging costs due to the undulated electricity price caused by the TOU tariff. Therefore, the optimization
of charging scheduling for BEBs can be achieved by minimizing the charging cost. To calculate the cost, the charging activities of
BEBs can be decomposed based on time intervals. Let 𝛥𝑡 denote the length of a time interval. Since one day consists of 1440 min, it
can be evenly divided into intervals of 𝛥𝑡. Let 𝑇 represent the set of time intervals within one day, where 𝑇 =

{

1, 2,… , 1440𝛥𝑡

}

. The
charging cost is determined by the charging power, as the electricity price and charging time are regarded as constant in each time
interval. Therefore, optimizing the charging scheduling of BEBs under the TOU tariff mechanism entails further constraints within
the defined feasible region in terms of charging power.

Based on Fig. 6, the operation process of BEBs can be rephrased in respect of time windows. BEBs should be fully charged and
depart from the depot. Let 𝑇𝑟,𝑏,𝑑 denote the set of available charging time windows when BEB 𝑏 ∈ 𝐵𝑟 idles in depot 𝑑(𝑟) on route
𝑟. Let 𝜏+𝑟,𝑏,𝑑 represent the moment when BEB 𝑏 ∈ 𝐵𝑟 leaves the depot 𝑑(𝑟) on route 𝑟. Then, BEBs will arrive at the terminal (base
station). Let 𝑇𝑟,𝑏,𝑙,𝑜 represent the set of available charging time windows when BEB 𝑏 ∈ 𝐵𝑟 idles in terminal 𝑜(𝑟) on route 𝑟 in service
trip 𝑙 ∈ 𝐿𝑟,𝑏. Let 𝜏−𝑟,𝑏,𝑙,𝑜 and 𝜏+𝑟,𝑏,𝑙,𝑜 express the moment when BEB 𝑏 ∈ 𝐵𝑟 reaches and leaves terminal 𝑜 (𝑟) on route 𝑟 in service trip
𝑙 ∈ 𝐿𝑟,𝑏, respectively. BEBs have the opportunity to recharge their batteries as they pass through segments equipped with DWC
facilities. Let 𝑇𝑟,𝑏,𝑙,(𝑖,𝑗) indicate the set of available charging time windows when BEB 𝑏 ∈ 𝐵𝑟 passes through the segment (𝑖, 𝑗) in
service trip 𝑙 ∈ 𝐿𝑟,𝑏. Similarly, let 𝜏𝑟,𝑏,𝑙,𝑖 and 𝜏𝑟,𝑏,𝑙,𝑗 denote the moment when BEB 𝑏 ∈ 𝐵𝑟 on route 𝑟 arrives and leaves the node 𝑖 and
node 𝑗 in service trip 𝑙 ∈ 𝐿𝑟,𝑏, respectively. After completing their final service trip, BEBs will repeat the service process and return
to the depot. Let 𝜏−𝑟,𝑏,𝑑 denote the moment when BEB 𝑏 ∈ 𝐵𝑟 returns to the depot 𝑑(𝑟) on route 𝑟. The following constraints should
be satisfied:

𝑃𝑟,𝑏,𝑙,𝑡,(𝑖,𝑗) = 0 ∀𝑟 ∈ 𝑅, 𝑏 ∈ 𝐵𝑟, 𝑙 ∈ 𝐿𝑟,𝑏, (𝑖, 𝑗) ∈ 𝐴𝑟, 𝑡 ∉ 𝑇𝑟,𝑏,𝑙,(𝑖,𝑗) (34)

𝑋(𝑖,𝑗)𝑃𝑟,𝑏,𝑙,𝑡,(𝑖,𝑗) ≥ 0 ∀𝑟 ∈ 𝑅, 𝑏 ∈ 𝐵𝑟, 𝑙 ∈ 𝐿𝑟,𝑏, (𝑖, 𝑗) ∈ 𝐴𝑟, 𝑡 ∈ 𝑇𝑟,𝑏,𝑙,(𝑖,𝑗) (35)

𝑃𝑟,𝑏,𝑙,𝑜,𝑡 = 0 ∀𝑟 ∈ 𝑅, 𝑏 ∈ 𝐵𝑟, 𝑙 ∈ 𝐿𝑟,𝑏, 𝑜 = 𝑜 (𝑟) , 𝑡 ∉ 𝑇𝑟,𝑏,𝑙,𝑜 (36)

𝑃𝑟,𝑏,𝑙,𝑜,𝑡 ≥ 0 ∀𝑟 ∈ 𝑅, 𝑏 ∈ 𝐵𝑟, 𝑙 ∈ 𝐿𝑟,𝑏, 𝑜 = 𝑜 (𝑟) , 𝑡 ∈ 𝑇 (37)

𝑃𝑟,𝑏,𝑑,𝑡 = 0 ∀𝑟 ∈ 𝑅, 𝑏 ∈ 𝐵𝑟, 𝑑 = 𝑑 (𝑟) , 𝑡 ∉ 𝑇𝑟,𝑏,𝑑 (38)

𝑃𝑟,𝑏,𝑑,𝑡 ≥ 0 ∀𝑟 ∈ 𝑅, 𝑏 ∈ 𝐵𝑟, 𝑑 = 𝑑 (𝑟) , 𝑡 ∈ 𝑇 (39)

𝑃 ≤ 𝑃max 1 ∀𝑟 ∈ 𝑅, 𝑏 ∈ 𝐵 , 𝑙 ∈ 𝐿 , 𝑖, 𝑗 ∈ 𝐴 , 𝑡 ∈ 𝑇 (40)
11

𝑟,𝑏,𝑙,𝑡,(𝑖,𝑗) 𝑟 𝑟,𝑏 ( ) 𝑟 𝑟,𝑏,𝑙,(𝑖,𝑗)
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𝑃𝑟,𝑏,𝑙,𝑜,𝑡 ≤ 𝑃max 2 ∀𝑟 ∈ 𝑅, 𝑏 ∈ 𝐵𝑟, 𝑙 ∈ 𝐿𝑟,𝑏, 𝑜 = 𝑜 (𝑟) , 𝑡 ∈ 𝑇𝑟,𝑏,𝑙,𝑜 (41)

𝑃𝑟,𝑏,𝑑,𝑡 ≤ 𝑃max 2 ∀𝑟 ∈ 𝑅, 𝑏 ∈ 𝐵𝑟, 𝑑 = 𝑑 (𝑟) , 𝑡 ∈ 𝑇𝑟,𝑏,𝑑 (42)

𝑠𝑟,𝑏,𝑙,(𝑖,𝑗) =
∑

𝑡∈𝑇𝑟,𝑏,𝑙,(𝑖,𝑗)

𝛼𝑋(𝑖,𝑗)𝑃𝑟,𝑏,𝑙,𝑡,(𝑖,𝑗)𝛥𝑡 ∀𝑟 ∈ 𝑅, 𝑏 ∈ 𝐵𝑟, 𝑙 ∈ 𝐿𝑟,𝑏, (𝑖, 𝑗) ∈ 𝐴𝑟 (43)

𝑠𝑟,𝑏,𝑙,𝑜 =
∑

𝑡∈𝑇𝑟,𝑏,𝑙,𝑜

𝛽𝑃𝑟,𝑏,𝑙,𝑜,𝑡𝛥𝑡 ∀𝑟 ∈ 𝑅, 𝑏 ∈ 𝐵𝑟, 𝑙 ∈ 𝐿𝑟,𝑏, 𝑜 = 𝑜 (𝑟) (44)

𝑠𝑟,𝑏,𝑑 =
∑

𝑡∈𝑇𝑟,𝑏,𝑑

𝛽𝑃𝑟,𝑏,𝑑,𝑡𝛥𝑡 ∀𝑟 ∈ 𝑅, 𝑏 ∈ 𝐵𝑟, 𝑑 = 𝑑 (𝑟) (45)

where 𝑃𝑟,𝑏,𝑙,𝑡,(𝑖,𝑗), 𝑃𝑟,𝑏,𝑙,𝑜,𝑡, and 𝑃𝑟,𝑏,𝑑,𝑡 are the actual charging power of the BEB 𝑏 ∈ 𝐵𝑟 on route 𝑟 at the time 𝑡 ∈ 𝑇 as it locates at the
segment (𝑖, 𝑗), terminal 𝑜 (𝑟), and depot 𝑑 (𝑟), respectively.

Constraints (34) and (35) stipulate that BEBs can only replenish battery energy when driving on the segments (𝑖, 𝑗) equipped with
a DWC facility. Furthermore, BEBs can select appropriate charging power by utilizing the opportunity charging strategy as specified
in Assumption 6. Constraints (36) and (37) ensure that the charging power of BEBs is positive when BEBs charge at terminals 𝑜(𝑟)
during layover between adjacent service trips. Similarly, the BEBs cannot obtain battery energy if they are not dwelling at the depots,
and the charging power is variable and positive as shown in constraints (38) and (39). Constraints (40)–(42) ensure that the actual
charging power rate of BEBs cannot exceed the nominal value of the DWC facility and plug-in charger respectively. Constraints
(43)–(45) denote that the total amount of battery energy replenished by BEBs when they are located at the segment (𝑖, 𝑗), terminal
𝑜 (𝑟), and depot 𝑑 (𝑟), respectively.

In summary, we can formulate a program P2 to calculate the total charging costs:
P2:

min𝑀3 =
∑

𝑟∈𝑅

∑

𝑏∈𝐵𝑟

∑

𝑜=𝑜(𝑟)

∑

𝑡∈𝑇𝑟,𝑏,𝑜

𝛽𝑞𝑡𝑃𝑟,𝑏,𝑙,𝑜,𝑡𝛥𝑡 +
∑

𝑟∈𝑅

∑

𝑏∈𝐵𝑟

∑

𝑑=𝑑(𝑟)

∑

𝑡∈𝑇𝑟,𝑏,𝑑

𝛽𝑞𝑡𝑃𝑟,𝑏,𝑑,𝑡𝛥𝑡

+
∑

𝑟∈𝑅

∑

𝑏∈𝐵𝑟

∑

(𝑖,𝑗)∈𝐴𝑟

∑

𝑡∈𝑇𝑟,𝑏,𝑙,(𝑖,𝑗)

𝛼𝑞𝑡𝑋(𝑖,𝑗)𝑃𝑟,𝑏,𝑙,𝑡,(𝑖,𝑗)𝛥𝑡

𝑠.𝑡. Constraints (16)–(32) and (34)–(45)

(46)

where 𝑀3 is the total charging cost generated by all BEBs in the system.

5. Integrated planning problem

5.1. Optimization model

Combining the programs P1, P2, and the defined feasible region, the DWC facility deployment, battery capacity, and charging
schedule of BEBs considering the TOU tariff problems can be formulated in the integrated program P3:

P3:

min𝑀𝑡𝑜𝑡𝑎𝑙 = 𝑍𝑞𝑖𝑛𝑣 +
∑

(𝑖,𝑗)∈𝐴
𝑋(𝑖,𝑗)𝑞

𝑐𝑜𝑖𝑙𝛥𝑙 +
∑

𝑟∈𝑅
𝜂𝑟𝐸𝑟𝑞

𝑏𝑎𝑡

+
∑

𝑟∈𝑅

∑

𝑏∈𝐵𝑟

∑

(𝑖,𝑗)∈𝐴𝑟

∑

𝑡∈𝑇𝑟,𝑏,𝑙,(𝑖,𝑗)

𝛼𝑞𝑡𝑋(𝑖,𝑗)𝑃𝑟,𝑏,𝑙,𝑡,(𝑖,𝑗)𝛥𝑡

+
∑

𝑟∈𝑅

∑

𝑏∈𝐵𝑟

∑

𝑜=𝑜(𝑟)

∑

𝑡∈𝑇𝑟,𝑏,𝑙,𝑜

𝛽𝑞𝑡𝑃𝑟,𝑏,𝑙,𝑜,𝑡𝛥𝑡

+
∑

𝑟∈𝑅

∑

𝑏∈𝐵𝑟

∑

𝑑=𝑑(𝑟)

∑

𝑡∈𝑇𝑟,𝑏,𝑑

𝛽𝑞𝑡𝑃𝑟,𝑏,𝑑,𝑡𝛥𝑡

𝑠.𝑡. 𝑋(𝑖,𝑗), 𝐸𝑟 ∈ 𝛩
Constraints (34)–(45)

(47)

where 𝑀𝑡𝑜𝑡𝑎𝑙 represents the overall cost of the BEB system, derived from the summation of 𝑀1, 𝑀2, and 𝑀3.
The proposed integrated optimization model is an MINLP because the nonlinear term 𝑋(𝑖,𝑗)𝑃𝑟,𝑏,𝑙,𝑡,(𝑖,𝑗) exists in the objective

function, constraint (35), and constraint (43). It is a typical NP-hard problem, making it challenging to find efficient solutions
directly using normal algorithms or solvers. To solve the MINLP problem, it is essential to reformulate the proposed model.

5.2. Model linearization

As mentioned above, the proposed model P3 has a nonlinear term 𝑋(𝑖,𝑗)𝑃𝑟,𝑏,𝑙,𝑡,(𝑖,𝑗). To eliminate the nonlinearity of the proposed
integrated model, an auxiliary variable 𝑃𝑟,𝑏,𝑙,𝑡,(𝑖,𝑗) is introduced. The relationship between the auxiliary variable and the nonlinear
term is as follows:

𝑃 = 𝑋 𝑃 ∀𝑟 ∈ 𝑅, 𝑏 ∈ 𝐵 , 𝑙 ∈ 𝐿 , 𝑖, 𝑗 ∈ 𝐴 , 𝑡 ∈ 𝑇 (48)
12

𝑟,𝑏,𝑙,𝑡,(𝑖,𝑗) (𝑖,𝑗) 𝑟,𝑏,𝑙,𝑡,(𝑖,𝑗) 𝑟 𝑟,𝑏 ( ) 𝑟 𝑟,𝑏,𝑙,(𝑖,𝑗)
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In the nonlinear term, the nonnegative variable 𝑃𝑟,𝑏,𝑙,𝑡,(𝑖,𝑗) is defined within the domain of
[

0, 𝑃max 1]. According to Eq. (1), the
variable 𝑋(𝑖,𝑗) is a binary variable. Therefore, 𝑃𝑟,𝑏,𝑙,𝑡,(𝑖,𝑗) must adhere to the following constraint (49).

𝑃𝑟,𝑏,𝑙,𝑡,(𝑖,𝑗) ⩽ 𝑋(𝑖,𝑗)𝑃
max 1 ∀𝑟 ∈ 𝑅, 𝑏 ∈ 𝐵𝑟, 𝑙 ∈ 𝐿𝑟,𝑏, (𝑖, 𝑗) ∈ 𝐴𝑟, 𝑡 ∈ 𝑇𝑟,𝑏,𝑙,(𝑖,𝑗) (49)

In addition, 𝑃𝑟,𝑏,𝑙,𝑡,(𝑖,𝑗) should comply the following constraints (50)–(51).

𝑃𝑟,𝑏,𝑙,𝑡,(𝑖,𝑗) ⩽ 𝑃𝑟,𝑏,𝑙,𝑡,(𝑖,𝑗) ∀𝑟 ∈ 𝑅, 𝑏 ∈ 𝐵𝑟, 𝑙 ∈ 𝐿𝑟,𝑏, (𝑖, 𝑗) ∈ 𝐴𝑟, 𝑡 ∈ 𝑇𝑟,𝑏,𝑙,(𝑖,𝑗) (50)

𝑃𝑟,𝑏,𝑙,𝑡,(𝑖,𝑗) ⩾ 𝑃𝑟,𝑏,𝑙,𝑡,(𝑖,𝑗) − 𝑃max 1 [1 −𝑋(𝑖,𝑗)
]

∀𝑟 ∈ 𝑅, 𝑏 ∈ 𝐵𝑟, 𝑙 ∈ 𝐿𝑟,𝑏, (𝑖, 𝑗) ∈ 𝐴𝑟, 𝑡 ∈ 𝑇𝑟,𝑏,𝑙,(𝑖,𝑗) (51)

By replacing the nonlinear term 𝑋(𝑖,𝑗)𝑃𝑟,𝑏,𝑙,𝑡,(𝑖,𝑗) with 𝑃𝑟,𝑏,𝑙,𝑡,(𝑖,𝑗), the nonlinear constraints (35) and (43) are reformulated as the
ollowing linear constraints:

𝑃𝑟,𝑏,𝑙,𝑡,(𝑖,𝑗) ≥ 0 ∀𝑟 ∈ 𝑅, 𝑏 ∈ 𝐵𝑟, 𝑙 ∈ 𝐿𝑟,𝑏, (𝑖, 𝑗) ∈ 𝐴𝑟, 𝑡 ∈ 𝑇𝑟,𝑏,𝑙,(𝑖,𝑗) (52)

𝑠𝑟,𝑏,𝑙,(𝑖,𝑗) =
∑

𝑡∈𝑇𝑟,𝑏,𝑙,(𝑖,𝑗)

𝑃𝑟,𝑏,𝑙,𝑡,(𝑖,𝑗)𝛥𝑡 ∀𝑟 ∈ 𝑅, 𝑏 ∈ 𝐵𝑟, 𝑙 ∈ 𝐿𝑟,𝑏, (𝑖, 𝑗) ∈ 𝐴𝑟 (53)

Finally, the original integrated optimization model P3 can be transformed into the linearized MILP P4, as illustrated below:
P4:

min𝑀𝑡𝑜𝑡𝑎𝑙 = 𝑍𝑞𝑖𝑛𝑣 +
∑

(𝑖,𝑗)∈𝐴
𝑋(𝑖,𝑗)𝑞

𝑐𝑜𝑖𝑙𝛥𝑙 +
∑

𝑟∈𝑅
𝜂𝑟𝐸𝑟𝑞

𝑏𝑎𝑡

+
∑

𝑟∈𝑅

∑

𝑏∈𝐵𝑟

∑

(𝑖,𝑗)∈𝐴𝑟

∑

𝑡∈𝑇𝑟,𝑏,𝑙,(𝑖,𝑗)

𝛼𝑞𝑡𝑃𝑟,𝑏,𝑙,𝑡,(𝑖,𝑗)𝛥𝑡

+
∑

𝑟∈𝑅

∑

𝑏∈𝐵𝑟

∑

𝑜=𝑜(𝑟)

∑

𝑡∈𝑇𝑟,𝑏,𝑙,𝑜

𝛽𝑞𝑡𝑃𝑟,𝑏,𝑙,𝑜,𝑡𝛥𝑡 (54)

+
∑

𝑟∈𝑅

∑

𝑏∈𝐵𝑟

∑

𝑑=𝑑(𝑟)

∑

𝑡∈𝑇𝑟,𝑏,𝑑

𝛽𝑞𝑡𝑃𝑟,𝑏,𝑑,𝑡𝛥𝑡

𝑠.𝑡. 𝑋(𝑖,𝑗), 𝐸𝑟 ∈ 𝛩
Constraints (34), (36)–(42), (44)–(45), and (48)–(53)

Subsequently, we will demonstrate the equivalence between P4 and the original model P3. Since 𝑋(𝑖,𝑗) is the binary variable,
wo scenarios can be discussed based on the possible values of 𝑋(𝑖,𝑗).
Scenario 1: 𝑋(𝑖,𝑗) = 1
When 𝑋(𝑖,𝑗) = 1, it is obvious that 𝑃𝑟,𝑏,𝑙,𝑡,(𝑖,𝑗) = 𝑃𝑟,𝑏,𝑙,𝑡,(𝑖,𝑗), based on the definition of 𝑃𝑟,𝑏,𝑙,𝑡,(𝑖,𝑗), i.e., constraint (48). Therefore,

onstraint (50) is always satisfied under this scenario. To eliminate the possibility that 𝑃𝑟,𝑏,𝑙,𝑡,(𝑖,𝑗) < 𝑃𝑟,𝑏,𝑙,𝑡,(𝑖,𝑗) in constraint (50), it
s necessary to add another constraint, which is constraint (51), to ensure that 𝑃𝑟,𝑏,𝑙,𝑡,(𝑖,𝑗) = 𝑃𝑟,𝑏,𝑙,𝑡,(𝑖,𝑗). Constraint (50), together with
onstraint (51), can ensure that constraint (48) is always satisfied under the scenario when 𝑋(𝑖,𝑗) = 1.
Scenario 2: 𝑋(𝑖,𝑗) = 0
When 𝑋(𝑖,𝑗) = 0, according to constraint (48), 𝑃𝑟,𝑏,𝑙,𝑡,(𝑖,𝑗) = 0. And when 𝑋(𝑖,𝑗) = 0, it indicates that segment (𝑖, 𝑗) is not equipped

ith the DWC facility, and BEBs cannot be charged on segment (𝑖, 𝑗), which means 𝑃𝑟,𝑏,𝑙,𝑡,(𝑖,𝑗) = 0. Therefore, constraint (50) is always
atisfied under this scenario.

For constraint (51), when 𝑋(𝑖,𝑗) = 0, the left side of this constraint 𝑃𝑟,𝑏,𝑙,𝑡,(𝑖,𝑗) equals 0; the right side of this constraint equals
𝑃max 1, which is a negative value. Therefore, constraint (51) is also satisfied under this scenario.

Based on the above discussion, we can see that under constraints (49)–(51), the nonlinear term 𝑋(𝑖,𝑗)𝑃𝑟,𝑏,𝑙,𝑡,(𝑖,𝑗) can be equivalently
eplaced by 𝑃𝑟,𝑏,𝑙,𝑡,(𝑖,𝑗). Therefore, P4 is equivalent to P3.

. Numerical studies

To validate the efficiency of the optimized model, we conducted numerical studies using an actual bus system in Beijing, China.
ection 6.1 provides the basic information about the BEB system and determines the parameter values used in the model. Section 6.2
emonstrates and explains the results obtained from solving the optimization model. Sensitivity analysis of key parameters that
nfluence the optimization results is conducted in Section 6.3.

.1. Bus system description and model parameters

The selected three routes are Route 19 (green), Route 56 (yellow), and Route 65 (blue) in the BEB system of Beijing, as illustrated
n Fig. 7. To provide a depiction of each route and simplify route delineation, Fig. 8 illustrates the topological structure of the system.
able 1 provides specific links to each route. It can be observed that the three routes of the system share a common base station
nd depot, denoted as node 1 and the Depot in Fig. 8, respectively. Additionally, Route 56 is a circular route with its initial and
nding point at the base station. Table 2 summarizes the information on these three bus routes, including route length, fleet size,
13

peration time, departure intervals, and total number of service trips.
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Fig. 7. Map of the bus system.

Table 1
Bus route links.

Route number Links

19 1→ 2 → 3 → 5 → 7 → 17 → 18 → 21 → 22 → 23 → 24 → 25 →

32→ 33 → 34 → 35 → 36 → 37 → 38 → 40 → 41 → 42 → 43 → 44 →1
56 1→ 2 → 3 → 4 → 7 → 17 → 19 → 20 → 31 → 37 → 38 → 39 → 43 → 44 →1

65 1→ 2 → 3 → 4 → 6 → 8 → 9 → 10 → 11 → 12 → 13 → 14 → 15 → 16 →

26→ 27 → 28 → 29 → 30 → 39 → 43 → 44 →1

Table 2
Fundamental information about bus routes.

Route number Length (km) Fleet size Operation hours Departure interval (minutes) Number of service trips

19 22.6 15 5:00−24:00 10 131
56 17.6 9 5:30−23:00 10 82
65 15.6 13 5:00−23:00 10 110

The schedule of the TOU tariff in Beijing is shown in Table 3. It reveals a pattern of lower charging costs during the night hours
(23:00 to 7:00) and higher costs during midday and evening hours (10:00 to 15:00 and 18:00 to 21:00). Additionally, the existing
peak charging costs are further increased during July and August (11:00 to 13:00 and 16:00 to 17:00), reaching 1.422 CNY/kWh.

The values of the remaining crucial parameters are displayed in Table 4. The battery cost is set at 750 CNY/kWh, while the
costs for the inverter and coils of the DWC facility are 45,000 CNY per unit and 500 CNY/m, respectively. These values are adopted
from the studies by Wang et al. (2022), Bi et al. (2018), and Cirimele et al. (2018). Based on the research of An (2020) and Rupp
et al. (2020), the lifespan of the DWC charging facility and battery is assumed to be 10 years and 6 years, respectively. Amortized
costs are calculated by spreading the costs of batteries and DWC facilities over their respective lifespans. According to the studies
14
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Fig. 8. Topological structure of the BEB system.

Table 3
The TOU tariff information schedule.

Time periods Electricity price (CNY/kWh)

Valley time 23:00−7:00 0.294

Flat time
7:00−10:00

0.76715:00−18:00
21:00−23:00

Peak time

10:00−15:00 1.29318:00−21:00
11:00−13:00 1.422a
16:00−17:00

a Note: The special peak electricity price is applicable only during July and
August each year.

conducted by Liu and Song (2017) and He et al. (2022a), the nominal charging powers of BEBs at the DWC facility and plug-in
charger are valued at 80 kW and 10 kW, respectively. The assumed charging efficiencies for DWC facilities and plug-in chargers are
15
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Table 4
Model parameters.

Parameters Symbols Values References

Amortized battery cost (CNY/kWh) 𝑞𝑏𝑎𝑡 125 Wang et al. (2022)
Amortized cost of the inverter per unit (CNY) 𝑞𝑖𝑛𝑣 4500 Bi et al. (2018)
Amortized cost of the transfer coil (CNY/m) 𝑞𝑐𝑜𝑖𝑙 50 Cirimele et al. (2018)
Nominal charging power of DWC facility (kW) 𝑃max 1 80 Liu and Song (2017)
Nominal charging power of plug-in charger (kW) 𝑃max 2 10 He et al. (2022a)
The charging efficiency rate of DWC facility 𝛼 85% Bi et al. (2018)
The charging efficiency rate of plug-in facility 𝛽 90% He et al. (2020a)
The upper bound of battery SOC 𝜀+ 90% He et al. (2022a)
The lower bound of battery SOC 𝜀− 20% Hwang et al. (2018)
Battery service life (year) / 6 Rupp et al. (2020)
DWC facility service life (year) / 10 An (2020)
The length of unit time interval (minutes) 𝛥𝑡 1 /
The length of unit segment (m) 𝛥𝑙 400 /

Table 5
Comparison of results between the optimal and limited models.

Item Optimal model Limited model

Total cost (CNY) 2,920,675.40 3,249,556.24
Charging facility cost (CNY) 337,000.00 317,000.00
Battery cost (CNY) 428,128.65 94,076.92
Charging cost (CNY) 2,155,546.75 2,838,479.32
Number of inverters 6 6
Total length of DWC facility (m) 6200 5800
Battery capacity (kWh) Route 19 99.63 21.31

Route 56 86.66 17.14
Route 65 89.99 21.42

85% (Bi et al., 2018) and 90% (He et al., 2020a), respectively. Furthermore, the boundaries for the battery SOC of BEBs throughout
the operation are set at 20% (Hwang et al., 2018) and 90% (He et al., 2020a), respectively. The time interval is divided into 1440
segments with a unit time step of 1 min. The length of the segment is assumed to be 400 m. The three routes are consequently
divided into 107 segments. Note that Route 19 has a total length of 22.6 km, which cannot be divided into 400 m segments. Hence,
the link between node 17 and node 18 is designated as a segment with a length of 200 m.

6.2. Results

The proposed integrated optimization model was implemented in the system. It obtains a model comprising 23,642,371
ontinuous variables, 247 integer variables, and 23,792,485 constraints. The model was solved using the CPLEX solver (IBM, 2009)
nd GAMS (Rosenthal, 2012). All numerical studies were conducted on a computer equipped with an Intel (R) Core (TM) i5-8300H
PU running at 2.30 GHz and 16 GB of RAM. The model was solved with a computational time of 384.776s, achieving a relative
ptimal gap of less than 0.0001%.

The aim of the optimal model presented in this study is to minimize costs related to charging facility, battery, and charging
nder the TOU tariff mechanism. In order to better demonstrate the significant impact of charging costs on the total cost, a limited
odel is generated. It aligns with the existing research methods in the implementation of DWC charging facilities. The limited model

xcludes the charging cost from the original optimal model. It can be formulated by the following program P5:
P5:

min𝑀4 = 𝑍𝑞𝑖𝑛𝑣 +
∑

(𝑖,𝑗)∈𝐴
𝑋(𝑖,𝑗)𝑞

𝑐𝑜𝑖𝑙𝛥𝑙 +
∑

𝑟∈𝑅
𝜂𝑟𝐸𝑟𝑞

𝑏𝑎𝑡

𝑠.𝑡. 𝑋(𝑖,𝑗), 𝐸𝑟 ∈ 𝛩
Constraints (34), (36)–(42), (44)–(45), and (48)–(53)

(55)

here 𝑀4 is the objective function of the limited model.
Let 𝑀 𝑙𝑖𝑚𝑖𝑡𝑒𝑑

𝑡𝑜𝑡𝑎𝑙 denote the total cost of the limited model. It is represented in Eq. (56), as depicted below:

𝑀 𝑙𝑖𝑚𝑖𝑡𝑒𝑑
𝑡𝑜𝑡𝑎𝑙 =

∑

𝑟∈𝑅

∑

𝑏∈𝐵𝑟

∑

𝑜=𝑜(𝑟)

∑

𝑡∈𝑇𝑟,𝑏,𝑜

𝛽𝑞𝑡𝑃𝑟,𝑏,𝑙,𝑜,𝑡𝛥𝑡 +
∑

𝑟∈𝑅

∑

𝑏∈𝐵𝑟

∑

𝑑=𝑑(𝑟)

∑

𝑡∈𝑇𝑟,𝑏,𝑑

𝛽𝑞𝑡𝑃𝑟,𝑏,𝑑,𝑡𝛥𝑡

+
∑

𝑟∈𝑅

∑

𝑏∈𝐵𝑟

∑

(𝑖,𝑗)∈𝐴𝑟

∑

𝑡∈𝑇𝑟,𝑏,𝑙,(𝑖,𝑗)

𝛼𝑞𝑡𝑋(𝑖,𝑗)𝑃𝑟,𝑏,𝑙,𝑡,(𝑖,𝑗)𝛥𝑡 +𝑀4
(56)

Table 5 provides a comparison between the results obtained from the optimal model and the limited model. The total cost of
he battery and charging facility in the optimization model increased by 46.27% compared to the limited model. Additionally, the
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attery capacity of BEBs on each route increased by 78.61%, 80.22%, and 76.20%, respectively. Despite the increase in battery
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Fig. 9. Comparison of the proportional of costs between the optimal model and the limited model.

capacity and cost, the optimal model considers charging costs in the objective function, leading to a 23.29% reduction in charging
costs compared to the limited model. As a result, the total cost in the optimal model decreased by 10.12% compared to the limited
model.

Fig. 9 illustrates the proportion of battery cost, charging facility cost, and charging cost in the total cost for both models. It
reveals that despite the increased cost of batteries and charging facilities in the optimization model, their combined share in the
total cost amounts to only 25.40%. The charging cost, resulting from the charging activities of BEBs, constitutes the most significant
portion of the total cost. It also indicates that it is irrational to neglect the optimization of charging scheduling in existing research.

Fig. 10 displays the specific deployment of DWC facilities in the BEB system under the optimal model. It can be observed that
the DWC facilities are concentrated at the end and intermediate segments where multiple routes overlap. This is reasonable because
installing DWC facilities at these locations enhances the efficient utilization of equipment. To provide a detailed description of the
battery SOC of BEBs in the two models, this study plots the battery SOC data for the first BEB on each route, as shown in Fig. 11.
The battery SOC of BEBs consistently stays within the range of 20% to 90% during their operation. In the limited model, BEBs need
to depend on DWC facilities to replenish their battery energy on every trip due to the smaller battery capacity of BEBs. Even during
peak electricity pricing periods, the BEBs have to engage in charging activities to ensure normal operations, resulting in increased
charging costs. In contrast, the optimized model improves the battery capacity appropriately. It enables BEBs to sustain regular
operations even during periods of peak electricity pricing, eliminating the necessity for recharging. It is effective to avoid charging
activities during peak hours. Furthermore, the use of the larger battery capacity in the optimal model also reduces the DOD for
BEBs, effectively extending the battery lifespan (Jeong et al., 2015).

Fig. 12 compares the total charging demand throughout a day between the optimization model and the limited model. As shown
in Fig. 12(a), it can be observed that BEBs primarily utilize the nighttime with lower electricity prices for charging at the depot
in the optimal model. Furthermore, it is worth noting that during the peak electricity price period (11:00 to 13:00), none of the
BEBs participate in charging activities. This indicates that considering charging scheduling under the TOU tariff discourages BEBs
from charging during peak time, thus resulting in reduced charging costs. Fig. 12(b) further confirms that due to the smaller battery
capacity of BEBs in the limited model, a significant amount of charging demand arises during operation. These charging activities
are predominantly concentrated at the DWC facilities. In comparison to Fig. 12(a), the charging demand at the DWC facilities for
BEBs in the limited model is higher. It is because of their smaller battery capacity that BEBs are unable to avoid charging during
peak electricity pricing hours.

Fig. 13 presents a comparison of the results regarding charging costs between the optimization model and the limited model.
Combining Figs. 12(a) and 12(b), it is evident that the reduction of charging cost in the optimal model is attributed to a substantial
decrease in charging costs during peak hours for BEBs. It amounts to a 54.08% reduction compared to the limited model. From the
perspective of charging scheduling of BEBs, the decrease in total charging costs results from a shift of charging activities for BEBs
from peak hours to flat and valley hours. Charging during off-peak hours enables BEBs to fulfill their charging demand at a lower
cost compared to peak hours. Moreover, BEBs inclined to charge at the depot during the off-peak nighttime period can enhance
charging efficiency and reduce energy losses during the charging process. It can also effectively reduce the peak charging demand
to alleviate pressure on the urban power grid.

6.3. Sensitivity analysis

To investigate the impact of variations in model parameter values on the final results, a series of experiments were conducted in
this study to perform sensitivity analysis on key parameters in the proposed model. These parameters mainly include the nominal
charging power of the DWC facility, the DWC facility price, and the energy consumption of BEBs.

Sensitivity analysis results for the nominal charging power of the DWC facility are presented in Fig. 14. It can be observed that as
the nominal charging power gradually increases from 60 kW to 100 kW, the total cost decreases. With the increment of the charging
17

power, there are no significant changes in the cost and installation length of the DWC facility. To achieve cost reduction, an increase
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Fig. 10. The optimal deployment of DWC facilities in the BEB system.

in the charging power results in a trade-off between charging cost and battery cost, leading to a rise in the battery capacity of BEBs.
It enables BEBs to avoid charging during peak electricity price periods, further shifting the charging demands from peak hours to
valley and flat hours. Additionally, the maximum amount of battery energy that BEBs can obtain from the DWC facility within a
unit time interval increases with the growth in the nominal charging power. It allows BEBs to replenish more energy during periods
of lower electricity prices, thus reducing the total charging cost.

Fig. 15 presents the sensitivity analysis results for the DWC facility price. As the DWC facility price varies from 0.6 to 1.4 times
the base case, the total cost continues to increase. To decrease the cost escalation resulting from an increase in DWC facility price,
the number of deployed DWC facilities gradually decreases. It leads to a reduction in the available charging time window for BEBs,
which affects the battery capacity and charging scheduling for BEBs. It can be observed that as the DWC facility price rises, the
battery cost does not increase significantly. This indicates that the BEB system chooses to adjust the charging scheduling strategy
rather than increase the battery capacity of BEBs. The BEBs compensate for the limited number of DWC facilities by increasing the
energy replenished at existing DWC facilities, ensuring uninterrupted service operations.

Fig. 16 presents the sensitivity analysis results of the energy consumption. As the energy consumption of BEBs varies from 0.6
to 1.4 times the baseline value, there is a noticeable increase in the total cost. This is due to the fact that an increase in energy
consumption requires BEBs to carry larger capacity and the charging demands for BEBs also increases. From Fig. 16, it is evident
that when aiming to minimize the overall system cost, the battery capacity of BEBs does not increase significantly. Instead, the
DWC facility costs and the number of deployments escalate as energy consumption increases. The result indicates that as the energy
consumption of BEBs increases, the BEB system tends to construct more DWC facilities. The growing charging cost also suggests
that the charging scheduling strategy for BEBs favors utilizing DWC facilities for charging during operation, reducing the battery
18
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Fig. 11. Battery SOC profiles for the first bus on different routes.

apacity. This conclusion further demonstrates that the application of DWC facilities in BEB systems can effectively reduce the
attery capacity of BEBs compared to the plug-in charging method.

. Conclusion

This study proposes a comprehensive optimization model to address the deployment of DWC facilities and charging scheduling
or BEBs under the TOU tariff mechanism for BEB systems.

To describe this problem, a strategic planning model is initially developed to optimize the deployment of DWC facilities and the
attery capacity of BEBs. Considering the relation between infrastructure planning and the charging scheduling of BEBs, tactical
lanning is introduced to optimize the charging scheduling of BEBs under the TOU tariff mechanism. Ultimately, an MINLP model is
ormulated with the objective of minimizing the total cost, including DWC facility costs, battery costs, and charging costs. To resolve
his model, it is reformulated into an MILP model and solved by commercial solvers. Extensive numerical studies are conducted
sing an actual BEB system in Beijing, China. The results demonstrate that the integrated model reduces the overall cost by 10.12%
ompared to existing research methods. In terms of charging scheduling optimization, it reduces the charging cost by 23.29%.
herefore, the proposed comprehensive optimization model can efficiently optimize the deployment of charging infrastructure,
attery size, and charging scheduling for BEBs. Additionally, it offers practical guidance for operators to implement DWC technology
n BEB systems.

However, there are several limitations to the proposed model. It assumes that all BEBs in the system operate based on a
redetermined timetable. However, the duration of BEB operation can be affected by traffic congestion. Moreover, the departure
chedule of BEBs often adjusts during peak hours to meet passenger travel demands. These factors introduce variations in the
19
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Fig. 12. Total charging power demand profiles for different charging facilities.

Fig. 13. Comparison of charging costs between the optimal and limited models.

Fig. 14. Sensitivity analysis of the nominal charging power of the DWC facility.

timetable, impacting the charging scheduling for BEBs. Furthermore, the energy consumption of BEBs is affected by many factors,
such as BEB speed, passenger load, and road gradient. Owing to the absence of this data, detailed modeling of the energy
20
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Fig. 15. Sensitivity analysis of the DWC facility price.

Fig. 16. Sensitivity analysis of the energy consumption of BEBs.

consumption of BEBs has not been undertaken in this study. In future studies, the uncertainties related to the operating time and
energy consumption of BEBs will be further incorporated into the proposed optimization model.
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Appendix. List of notation

Variables Description
𝑋(𝑖,𝑗) A binary variable, representing whether the segment (𝑖, 𝑗) is equipped by DWC facility or not
𝑌(𝑖,𝑗) A binary variable, representing whether the segment (𝑖, 𝑗) is the initial segment equipped by DWC facility or not
𝑤𝑖 A binary variable, representing whether the intersection node 𝑖 ∈ 𝑁 𝑐 has incoming segments equipped by DWC facilities or not
𝑢(ℎ,𝑖) A binary variable, representing whether the incoming segment (ℎ, 𝑖) ∈ 𝐴 of intersection node 𝑖 ∈ 𝑁 𝑐 has covered by inverter or not
𝑍 The total demand for inverters within the BEB system
𝑒𝑟,𝑏,𝑙,𝑖 The residual battery energy of BEB 𝑏 ∈ 𝐵𝑟 as it reaches the node 𝑖 ∈ 𝑁𝑟 on route 𝑟 in service trip 𝑙 ∈ 𝐿𝑟,𝑏
𝑒−𝑟,𝑏,𝑑 The residual battery energy of BEB 𝑏 ∈ 𝐵𝑟 as it reaches the depot 𝑑 (𝑟) on route 𝑟
𝑒−𝑟,𝑏,𝑙,𝑜 The residual battery energy of BEB 𝑏 ∈ 𝐵𝑟 as it reaches the terminal 𝑜 (𝑟) on route 𝑟 in service trip 𝑙 ∈ 𝐿𝑟,𝑏

𝑒+𝑟,𝑏,𝑙,𝑜 The residual battery energy of BEB 𝑏 ∈ 𝐵𝑟 as it leaves the terminal 𝑜 (𝑟) on route 𝑟 in service trip 𝑙 ∈ 𝐿𝑟,𝑏

𝑠𝑟,𝑏,𝑙,(𝑖,𝑗) The battery energy replenished by BEB 𝑏 ∈ 𝐵𝑟 as it passes through the segment (𝑖, 𝑗) ∈ 𝐴𝑟 on route 𝑟 in the service trip 𝑙 ∈ 𝐿𝑟,𝑏
𝑠𝑟,𝑏,𝑙,𝑜 The battery energy replenished by BEB 𝑏 ∈ 𝐵𝑟 as it idles in terminal 𝑜(𝑟) on route 𝑟 in the service trip 𝑙 ∈ 𝐿𝑟,𝑏
𝑠𝑟,𝑏,𝑑 The battery energy replenished by BEB 𝑏 ∈ 𝐵𝑟 as it idles in depot 𝑑 (𝑟) on route 𝑟
𝛥𝑐𝑟 The battery consumption per kilometer for BEBs on route 𝑟
𝑐𝑟,𝑏,(𝑖,𝑗) The battery energy consumed by BEB 𝑏 ∈ 𝐵𝑟 on route 𝑟 as it passes from node 𝑖 ∈ 𝑁𝑟 to node 𝑗 ∈ 𝑁𝑟
21
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𝑐𝑟,𝑏,(𝑜,𝑑) The battery energy consumed by BEB 𝑏 ∈ 𝐵𝑟 as it passes from terminal 𝑜 (𝑟) to the depot 𝑑 (𝑟) on route 𝑟
𝑐𝑟,𝑏,(𝑑,𝑜) The battery energy consumed by BEB 𝑏 ∈ 𝐵𝑟 as it passes from depot 𝑑 (𝑟) to the terminal 𝑜 (𝑟) on route 𝑟
𝐸𝑟 The battery capacity of BEBs on route 𝑟
𝑃𝑟,𝑏,𝑙,(𝑖,𝑗),𝑡 The charging power rate of BEB 𝑏 ∈ 𝐵𝑟 on route 𝑟 in the segment (𝑖, 𝑗) at the time 𝑡 ∈ 𝑇
𝑃𝑟,𝑏,𝑙,𝑜,𝑡 The charging power rate of BEB 𝑏 ∈ 𝐵𝑟 in the terminal 𝑜 (𝑟) on route 𝑟 at the time 𝑡 ∈ 𝑇
𝑃𝑟,𝑏,𝑑,𝑡 The charging power rate of BEB 𝑏 ∈ 𝐵𝑟 in the depot 𝑑 (𝑟) on route 𝑟 at the time 𝑡 ∈ 𝑇
Parameters Description
𝑜 (𝑟) The terminals of on route 𝑟
𝑑(𝑟) The depot of on route 𝑟
𝑙𝛺𝑟,𝑏 The last service trip for BEB 𝑏 ∈ 𝐵𝑟 on route 𝑟
𝑞𝑏𝑎𝑡 The amortized cost of the battery per unit
𝑞𝑐𝑜𝑖𝑙 The amortized cost of transfer coil per unit
𝑞𝑖𝑛𝑣 The amortized cost of the inverter per unit
𝑞𝑡 The electricity price in the time 𝑡 ∈ 𝑇
𝑒+𝑟,𝑏,𝑑 The residual battery energy of BEB 𝑏 ∈ 𝐵𝑟 as it leaves the depot 𝑑 (𝑟) on route 𝑟
𝜀− The lower bound of the battery SOC
𝜀+ The upper bound of the battery SOC
𝑊 𝑏𝑢𝑠 The curb weight of BEBs
𝑊 𝑒𝑥𝑡𝑟𝑎 The passenger weight of BEBs
𝐸𝑏𝑢𝑠 The nominal battery capacity of BEBs
𝛥𝑐 The baseline battery consumption of BEBs
𝜌 The energy density of the battery
𝑙(𝑖,𝑗) The length of segment (𝑖, 𝑗)
𝑙(𝑜,𝑑) The distance from the base station 𝑜𝑏(𝑟) to the depot 𝑑(𝑟)
𝑙(𝑑,𝑜) The distance from the depot 𝑑(𝑟) to the base station 𝑜𝑏(𝑟)
𝑡𝑟,𝑏,𝑙,(𝑖,𝑗) The travel time of BEB 𝑏 ∈ 𝐵𝑟 on route 𝑟 as it passes through the segment (𝑖, 𝑗) in the service trip 𝑙 ∈ 𝐿𝑟,𝑏
𝑡𝑟,𝑏,𝑙,𝑜 The layover time of BEB 𝑏 ∈ 𝐵𝑟 as it idles in the terminal 𝑜 (𝑟) on route 𝑟 in the service trip 𝑙 ∈ 𝐿𝑟,𝑏
𝑡𝑟,𝑏,𝑑 The layover time of BEB 𝑏 ∈ 𝐵𝑟 as it idles in the depot 𝑑 (𝑟) on route 𝑟
𝑃max 1 The nominal charging power of DWC facility
𝑃max 2 The nominal charging power of plug-in charger
𝛼 The charging efficiency rate of DWC facility
𝛽 The charging efficiency rate of plug-in charger
𝜂𝑟 The fleet size of BEBs on route 𝑟
𝜏−𝑟,𝑏,𝑙,𝑜 , 𝜏

+
𝑟,𝑏,𝑙,𝑜 The moment when BEB 𝑏 ∈ 𝐵𝑟 on route 𝑟 reaches and leaves terminal 𝑜 (𝑟) in service trip 𝑙 ∈ 𝐿𝑟,𝑏, respectively

𝜏𝑟,𝑏,𝑙,𝑖 , 𝜏𝑟,𝑏,𝑙,𝑗 The moment when BEB 𝑏 ∈ 𝐵𝑟 on route 𝑟 reaches node 𝑖 and node 𝑗 in service trip 𝑙 ∈ 𝐿𝑟,𝑏, respectively
𝜏−𝑟,𝑏,𝑑 , 𝜏

+
𝑟,𝑏,𝑑 The moment when BEB 𝑏 ∈ 𝐵𝑟 on route 𝑟 reaches and leaves depot 𝑑 (𝑟), respectively

𝛥𝑡 A unit time interval (min)
𝛥𝑙 A unit length of a segment (m)
Sets Description
N Set of nodes in the BEB system, indexed by ℎ, 𝑖, and 𝑗
𝑁 𝑐 Set of intersection nodes
𝑂 Set of terminals in the system, indexed by 𝑜
𝐷 Set of depots in the system, indexed by 𝑑
𝐴 Set of segments in the system
𝐵𝑟 Set of all BEBs on route 𝑟, indexed by b
𝐴𝑟 Set of all segments on route 𝑟, 𝐴𝑟 ⊆ 𝐴
𝑁𝑟 Set of all nodes on route 𝑟, 𝑁𝑟 ⊆ 𝑁
𝐿𝑟,𝑏 Set of service trips for BEBs 𝑏 ∈ 𝐵𝑟 on route 𝑟, indexed by l
R Set of routes in the system, index by r
T Set of time intervals in one day, 𝑇 = {1, 2,… , 1440

𝛥𝑡
}, indexed by t

𝑇𝑟,𝑏,𝑑 Set of the available charging time windows when BEB 𝑏 ∈ 𝐵𝑟 idles in the depot 𝑑 (𝑟) on route 𝑟
𝑇𝑟,𝑏,𝑙,(𝑖,𝑗) Set of the available charging time windows when BEB 𝑏 ∈ 𝐵𝑟 travels at segment (𝑖, 𝑗) ∈ 𝐴𝑟 on route 𝑟 in service trip 𝑙 ∈ 𝐿𝑟,𝑏
𝑇𝑟,𝑏,𝑙,𝑜 Set of the available charging time windows when BEB 𝑏 ∈ 𝐵𝑟 idles in the terminal 𝑜 (𝑟) on route 𝑟 in service trip 𝑙 ∈ 𝐿𝑟,𝑏
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