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Abstract: Electrifying bus transit has been deemed as an effective way to reduce the emissions of
transit vehicles. However, some concerns about on-board battery hinder its further development.
Recently, dynamic wireless power transfer (DWPT) technologies have been developed, which enable
buses to charge in-motion and overcome the drawback (short service range) with opportunity
charging. This paper proposes a mathematic model which optimizes the locations for DWPT devices
deployed at stops and size of battery capacity for battery electric buses (BEB) in a multi-route network,
which considers the battery’s service life, depth of discharge and weight. A tangible solution algorithm
based on a genetic algorithm (GA) is developed to find the optimal solution. A case study based on
the bus network from Xi’an China is conducted to investigate the relationship among optimized costs,
greenhouse gas (GHG) emissions, battery service life, size of the battery capacity and the number
of DWPT devices. The results demonstrated that a bus network powered by DWPT shows better
performance in both costs (a 43.3% reduction) and emissions (a 14.4% reduction) compared to that
with stationary charging at bus terminals.

Keywords: dynamic wireless power transfer; electric bus; transportation network planning;
genetic algorithm

1. Introduction

The impact of vehicle emissions has become one of the main global concerns. According to data
from the International Energy Agency (IEA), transportation was responsible for 70% of total carbon
emissions, and road transportation accounts for 75% of transportation carbon emissions. As one of
the significant parts of urban public transportation, bus transit has been deemed as a sustainable and
economical mode of travel and a potential way to mitigate traffic congestion and carbon emissions [1].
Some energy technologies applied in bus transit have been developed to address emissions issues,
which include a hybrid electric bus (HEB), fuel cell electric bus (FCEB), and battery electric bus (BEB).
BEB is considered to have a greater potential owing to its “zero tailpipe” feature, despite one major
drawback being its short service range [2].

In recent years, some fast charging technologies have been developing rapidly, including dynamic
wireless power transfer (DWPT), have been deemed promising to eliminate the range anxiety (short
service range) of BEBs. Several countries as well as research institutes have conducted feasibility
analyses [3,4]. In a real bus network (open environment), the DWPT can be installed at any bus stops to
electrify BEBs [5]. To this end, its battery capacity as well as its weight could be substantially reduced
(i.e., to around 30% less than that for a plug-in electric bus), and thus the energy consumption cost
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could be significantly cut down [6]. However, deploying DWPT devices could still be costly if the
DWPT locations and battery capacity were not simultaneously optimized.

An optimization model is proposed in this study to determine DWPT locations and battery
capacity for BEBs, the contributions of which are listed below:

• We formulate an innovative integer non-linear (MINLP) model to simultaneously optimize DWPT
locations and battery capacity for a multi-route bus network that considers battery service life and
battery weight, which may significantly affect total costs.

• Due to the complexity of the study’s combinatorial optimization problem (consisting of sets of
battery types and potential bus stops), a tangible genetic algorithm (GA) is designed to solve the
problem efficiently.

• The outcomes of the developed model and GA provide useful insights to policy makers for
planning a DWPT bus network, while the relationship between some important input parameters
and output variables is investigated.

The structure of this paper is as follows. Existing studies are reviewed in Section 2. In Section 3,
we provide an overview of the model, and discuss its background and interpretation. The proposed
GA is introduced and thoroughly explained in Section 4. Section 5 describes the numerical example
as well as input parameters, for which simulation results under different charging technologies
(e.g., DWPT and stationary charging), sensitivity analyses and energy consumption analyses are
discussed. Finally, some findings and future study options are provided with the conclusion in Section 6.

2. Literature Review

Several studies have focused on the fast charging technology and investigated the distribution
of public fast charging stations for private electric vehicles (EVs). Some researchers have employed
a spatial-temporal model (STM) to optimize the location of fast charging stations with the aim of
least conducting infrastructure investments that consider a real-world case (e.g., Wirges et al. [7] in
Stuttgart, Mu et al. [8] in Britain and Tu et al. [9] in Shenzhen). Later, the activity-based model was
proposed by Usman et al. [10] to determine the optimal locations of fast charging stations and the
optimal charging process. Then, the demand-based model was employed by many researchers to
determine the optimal locations of fast charging stations (e.g., Frade et al. [11] in Lisbon, Ko et al. [12]
in Seoul and Shahraki et al. [13] in Beijing). The integer optimization technique used in this paper was
also used by many previous researchers. Liu et al. [14] optimized the locations of charging facilities in
different types, including plug-in charging stations as well as static and dynamic wireless charging
facilities while considering the behavior of consumers. He et al. [15] compared the results of three
integer models and identified the best model for optimizing the locations of charging stations for
electric vehicles. He et al. [16] presented a integer linear model to determine the optimal locations of
both energy storage devices and fast charging stations. A similar modeling technique was also used by
Kunith et al. [17] to minimize the total infrastructure cost as well as the number of stations needed for
a bus network, while also providing adequate battery capacity.

Most of the above studies focused on determining the optimal locations of public charging stations
for private EVs except for He et al. [16] and Kunith et al. [17]. Due to the manufacture, deployment
and maintenance costs, these charging devices must be installed at a limited number of locations.
However, public transit, such as buses, in general differs from private EVs. Buses must pick up and
drop off passengers at designated stops. As a result, the dwelling time (stopping at bus stops for
passengers), accelerating time and decelerating time can be utilized to wirelessly recharge BEBs if
DWPT devices are deployed.

Several studies have focused on the integer optimization of battery capacity and the DWPT
locations for BEBs. Ko et al. [18] developed a non-linear integer model to minimize the total cost for a
single bus route. The unit cost of one DWPT device under their model is determined by one inverter
and the length of transfer pads. Jang et al. [19] developed a mixed integer model for a single bus route
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in a closed experimental environment where the DWPT devices could be installed along the route in the
KAIST (Korea Advanced Institute of Science and Technology) system. Later, they [5] further extended
the model to an open environment, where the DWPT was restricted to be installed only at bus stops.
Liu et al. [20] proposed a deterministic integer model to determine the optimal DWPT locations for a
multi-bus-route system. Then, they considered the uncertainty of energy consumption and bus travel
time, further developing a robust integer location optimization model [4]. Wang et al. [21] proposed a
integer linear model to optimize locations of wireless charging devices in the network where there are
no bus terminals and the BEBs can only be charged at stops with charging devices. Chen et al. [22]
presented a MINLP model to simultaneously determine bus operating frequency, DWPT locations and
battery capacity as well as number of bus routes for a multi-route bus network.

The studies discussed above treated battery weight and service life as constants. However, a
battery’s weight in practice varies along with its capacity. In addition, the locations of charging devices
affect the battery’s depth of discharge (DOD) and service life. A linear correlation between battery
weight and battery capacity has been discussed and formulated by Dunn et al. [23]. You et al. [24]
proposed a rainflow cycle counting algorithm to estimate battery cycle life in the evaluation of economic
battery viability, which has been employed to assess the energy consumption and efficiency of private
EVs [25,26] and the life-cycle cost of a bus system [27,28]. Recently, Bi et al. [29] explored the relationship
between the service life and DOD of a lithium-ion battery, which was applied to estimate the cost of
electric bus transit powered by wireless charging technology. The results suggested that DOD and
battery weight affected the optimal locations for charging devices and battery capacity.

As is illustrated in Table 1, in this study we consider the effects of battery service life, DOD and
weight in the proposed model to optimize battery capacity and the locations of charging devices for a
real-world multi-route bus network. Unlike previous studies, the proposed model discussed here aims
to minimize the total cost, consisting of battery cost, charging devices cost and energy consumption
cost, which can be used to assess the effects of battery weight and service life.

Table 1. Comparison of the proposed model with some of the previous models.

References Single Bus
Route

Multi-Route Bus
Network

Impact of Battery Service
Life and Battery Weight

Ko et al. [18]
√

— —
Jang et al. [19]

√
— —

Jang et al. [5] —
√

—
Liu et al. [20] —

√
—

Liu et al. [4] —
√

—
Wang et al. [21] —

√
—

Chen et al. [23] —
√

—
This study —

√ √

3. Methodology

In this section, we firstly provide the background information for a battery electric bus powered by
DWPT, and then present the assumptions, objectives, constraints and corresponding model derivation.
Finally, the proposed model based on a general multi-route bus network is formulated.

3.1. Problem Description

The general DWPT devices deployed at a stop is shown in Figure 1, which is composed of
the on-board pickup devices on the BEB, one inverter and several off-board transfer pads deployed
underground. BEB may be recharged as required while passing though or dwelling at the bus stops to
pick up and drop off passengers.
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Figure 1. The dynamic wireless power transfer (DWPT) facility.

3.2. Problem Description

The purpose of the model developed in this paper is to simultaneously determine the DWPT
locations and battery capacity for a general multi-route bus network. To formulate the model,
some assumptions were made:

• All the bus routes in the network begin from and terminate at bus terminals, which is in line with
most bus transit systems.

• Buses are dispatched from the terminals with a fully charged battery and will be automatically
charged as needed while passing through and stopping at bus stops with DWPT devices.

• All model parameters including the bus travel time and battery charging time are endogenously
added into the model, but can also be determined based on travel speed along the route and dwell
time at stops.

3.3. Model. Formulation

The electric bus network was denoted by the term G(N, NO, ND, R, L, B), in which N is the set
of bus stops and L is the set of directed bus links. R is the set of all the bus routes in the network.
N denotes the stops without all of the bus terminals. NO and ND refer to a set of start and end bus
terminals, respectively. Lk is a subset of L denoting the set of links (i, j) for route k. B is a set of all
battery types. These notations are listed in Table 2.

Table 2. Definition of sets.

Sets Definition

B Set of battery types
L Set of bus links
Lk Set of bus links on route k
N Set of bus stops

NO Set of start bus terminals
ND Set of end bus terminals
R Set of bus routes

The decision variables including DWPT locations and battery capacities of each route and all the
intermediate variables are listed in Tables 3 and 4, respectively, while other model parameters are
summarized in Table 5.
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Table 3. Definitions of decision variables.

Decision Variables Definitions

bvk bvk = 1, battery type v is applied by route k; bvk= 0, otherwise
yi yi = 1, charging device is installed at stop i; yi= 0, otherwise

Table 4. Definitions of variables.

Variables Definition

cik Charging volume at stop i in route k
ei jk Energy consumption between stop i and j in route k (i, j) ∈ Lk
Dk Depth of battery discharge of buses on route k
di jk Distance between stop i and j of route k (i, j) ∈ Lk
Ek Energy consumption rate for route k
eik Battery level at stop i on route k
Fk Bus fleet size for route k
Hk Battery service life of buses on route k
Qv Battery capacity of type v v ∈ B
Sk Battery life cycle for route k
tik Charging time at stop i of route k
wrk Net weight of buses on route k
wpk Average peak-hour passenger weight for route k
wbk Battery weight for route k

Table 5. Definitions of parameters.

Parameter Definition Value

cB Battery unit price 500 ($/kWh) [4,29]
cE Annual energy cost per bus 273.75 ($/kWh-yr) [4,29]
cI Annual DWPT cost per stop 2500 ($/yr) [4,29]

E Base energy consumption rate of an empty
electric bus 1.24 (kWh/km) [3,19]

R Charging power rate 100 (kW)
εB Battery unit GHG emissions 273 (kg/kWh) [6,29]
εE Annual energy GHG emissions per bus 1382.62 (kg/kWh) [6,29]
εI Annual DWPT GHG emissions per stop 959 (kg/yr) [6,29]
λ Number of annual round trips per bus 1825 (trips/bus-yr)
∂1 Upper limit of the battery level 0.85 [23,24]
∂2 Lower limit of the battery level 0.20 [23,24]
ρ Ratio of battery capacity over battery weight 0.13 (kWh/kg) [23]
σ Light weighting coefficient 0.45 [23]

3.4. Objective Functions

The objective of the proposed model was to minimize total costs consisting of annual costs of
charging devices, battery and energy consumption, incurred by electrifying bus transit powered by
DWPT. Note that these costs are amortized based on their lifespans. The cost of charging devices
denoted as Z1 is formulated as Equation (2), in which cI denotes the DWPT devices cost per stop
including the inverter and transfer pad costs. Equation (3) represents the battery cost denoted as Z2,
in which cB is the unit cost of the battery, and Fk, Qk and Hk denote bus fleet size, battery capacity and
battery service life of route k, respectively. Equation (4) is the energy consumption cost denoted as
Z3, where cE, λ and ei jk are the unit energy price, number of round trips per bus annually and energy
consumption among nodes, respectively.

minZ = Z1 + Z2 + Z3 (1)

Z1 = cI
∑
i

yi (2)



Sustainability 2020, 12, 8971 6 of 20

Z2 = cB
∑
k

∑
v

Fk
Qvbvk

Hk
(3)

Z3 = cEλ
∑
i

∑
j

∑
k

Fkei jk (4)

3.5. Constraints

The model constraints were classified into several parts, including DWPT locations,
energy consumption, energy supply, battery life and service life, which are discussed as follows.

3.5.1. DWPT Locations

Equation (5) ensures that a bus can only be charged at stop i where a charging device is installed.
The energy supply at stop i was determined by the product of the charging rate denoted as r and
charging time denoted as tik.

cik = rtikyi ∀i ∈ N, ∀k ∈ R (5)

3.5.2. Energy Consumption

A set of battery types with different capacities was denoted as B, which are commonly used in the
industry [17]. Equation (6) ensures that the battery capacity of buses that are operated on each route are
identical, but also includes the fact that their usage may vary in different routes. Thus, Equation (7) was
employed to estimate the battery weight denoted as wbk, where ρ is the ratio of the battery capacity over
the battery weight. Then, the relationship between the actual energy consumption rate was denoted
as Ek and the base rate of electric buses denoted as E was formulated in Equation (8), in which wpk
and wrk represent the average passenger weight and net bus weight, respectively. With Equation (9),
the energy consumption between stops i and j of route k can be determined. Equation (10) ensures
that each BEB is fully charged when departing from a terminal. Equation (11) ensures that the battery
level is restricted to always be higher than the lower limit and provide enough energy for traveling to
the next stop. ∑

v
bvk = 1 ∀k ∈ R (6)

wbk =

∑
v

Qvbvk

ρ
∀k ∈ R (7)

Ek = E[1 + (
wbk + wpk

wrk
)σ] ∀k ∈ R,∀v ∈ B (8)

ei jk = Ekdi jk ∀(i, j) ∈ Lk, ∀k ∈ R, ∀v ∈ B (9)

eik = ∂1

∑
v

Qvbvk ∀i ∈ NO, ∀k ∈ R (10)

eik − ei jk ≥ ∂2

∑
v∈B

Qvbvk ∀i ∈ N, ∀ j ∈ N ∪ND , ∀(i, j) ∈ Lk, ∀k ∈ R (11)

3.5.3. Energy Supply

When a bus traverses link (i, j), ei jk and y jrtkj are the energy consumption on the link and energy
supply at stop j of route k, respectively. Then, the battery level denoted as e jk was formulated as
Equation (12) to ensure that this level would not exceed the upper bound denoted as ϕ1.

e jk = min{∂1

∑
v∈B

Qvbvk − ei jk, eik + yirtik − ei jk} ∀(i, j) ∈ Lk, ∀i ∈ N, ∀ j ∈ N ∪ND, ∀k ∈ R (12)
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3.5.4. Battery Service Life Estimation

As discussed earlier in the literature review, battery service life, which has vital importance
for battery costs, has been proven to be closely related to DOD, which is jointly affected by battery
capacity and DWPT locations. In this study, the lithium battery commonly used for BEBs was
employed. For instance (see Figure 2), a bus can be recharged as it serves the passengers at stops with
DWPT devices (i.e., stops 3, 7, 10, 13 and 18). Equation (13) was applied to find the greatest DOD.
The correlation between theoretical battery service life-cycle denoted as Sk and DOD denoted as Dk
was simulated [24,29] and formulated as Equation (14). Equation (15) was employed to estimate the
battery service life. Figure 3 shows the non-linear regression curve representing battery service life
and DOD. It was found that when the DOD increases from 15% to 80%, the battery service life drops
from 12.7 to 1.1 years.

Dk= 1−
min {eik}∑
v

Qvbvk
∀i ∈ N ∪ND, ∀k ∈ R (13)

Sk = (
Dk

145.71
)
−

1
0.6844

∀k ∈ R (14)

Hk =
Sk
λ
∀k ∈ R (15)
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4. Solution Algorithm

The formulated model is a mixed integer non-linear problem, which can only be optimized in
small cases. Thus, a tangible GA was designed for this step to solve the model efficiently. It is commonly
acknowledged that GA, as one of the most popular and mature evolutionary algorithms, is able to
deal with complicated problems [30] and to find an optimal solution robustly and efficiently [31].
The step procedure of the designed GA is illustrated in Figure 4, which begins with the initialization
of a group of feasible populations. Then, objectives and constraints are employed to sort and evaluate
the chromosomes. The crossover and mutation are specially designed, which are explained next.
This process is repeated until the maximum number of generations is yielded.

Figure 4. Step procedure of the proposed genetic algorithm (GA).

4.1. Initialization

The chromosome is represented in Figure 5, where it is divided into two parts. The first part
represents the battery type decision. The integer numbers in accordance with the battery type v
assigned to each bus route k were randomly initialized from set B. For the second part, 0 or 1 was
randomly assigned to every bus stop excluding bus terminals to represent whether DWPT devices are
installed or not. Note that the energy constraints Equations (5)–(10) were employed in “constraints
sorting” to ensure that every initialized solution is feasible.

4.2. Initialization

Crossover plays a vital role in GA, which directly affects its speed and efficiency when searching
for the solution. In this section, two different crossover operators are separately designed in accordance
with the chromosome discussed earlier.

As shown in Figure 5, a simulated binary crossover (SBX) was developed for the first part (battery
types). Different from other crossover operators for real parameter values, SBX has two special
properties which enable the crossover operator to calculate self-adaptively, further accelerating the
convergence of the algorithm
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• The child solutions were generated proportionately to the difference between two selected
parent solutions.

• Near parent solutions were more inclined to be chosen as child solutions.

The procedure of SBX in this research was as follows: c(1,n) and c(2,n) represent two selected parent
solutions while c(1,n+1) and c(2,n+1) represent two child solutions, in which superscriptions n and n + 1
denote the parent and child generations, respectively. Firstly, Equation (16) initializes a parameter ε
proportionate to the difference between parent and child solutions, which was employed to formulate
a probability function P(ε) in Equation (17). λ is an input distribution index. A smaller λ indicates a
reduced probability of generating near parent solutions.

ε =

∣∣∣∣∣∣c(2,n+1)
− c(1,n+1)

c(2,n) − c(1,n)

∣∣∣∣∣∣ (16)

P(ε) =
{

0.5(λ+ 1)ελ, i f ε ≤ 1
0.5(λ+ 1) 1

ελ+2 , otherwise
(17)

Equation (19) denotes the ordinate εs, where the randomly generated number q is employed to
transform the probability curve from ε to q.

q ∈ (0, 1) (18)

εs =

 (2q)
1

λ+1 , i f q ≤ 0.5

( 1
2(1−q) )

1
λ+1 , otherwise

(19)

Then, two child solutions c(1,n+1) and c(2,n+1) were obtained in Equations (20) and (21).

c(1,n+1) =
⌈
0.5

[
(1 + εs)c(1,n) + (1− εs)c(2,n)

]⌉
(20)

c(2,n+1) =
⌈
0.5

[
(1− εs)c(1,n) + (1 + εs)c(2,n)

]⌉
(21)

For the second part (DWPT locations) in the crossover process (see Figure 5), we randomly chose
several genes in parent chromosomes and switch them to generate child chromosomes.

Figure 5. Sample chromosome representation.
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4.3. Mutation

The mutation operator also attaches great importance to GA, which could consecutively affect
the performance and convergence of GA [32]. Like the crossover designed earlier, mutation operators
were designed in accord with the two decision variables set in the chromosome.

For the first part (battery types), several studies have demonstrated that polynomial mutation
(PLM) shows better performance in a real-number-coded GA [33,34]. Thus, PLM was designed for
bvk, the procedure of which is presented as follows. Firstly, a polynomial distribution function µ
is formulated in Equation (22), which is generated by a random generated number h and an input
distribution index a. A smaller a indicates a reduced probability of generating near parent solutions.

µ =

 (2h)(
1

a+1 ) − 1, i f h < 0.5

1− [2(1− h)](
1

a+1 ), otherwise
h ∈ (0, 1) (22)

Equation (23) defines the allowed perturbation denoted as δ(m) between parent solution Sn(m)

and child solution Sn+1(m), where m denotes the chromosomes chosen to be mutated. Meanwhile, U
and L represent the upper and lower limits of the solution. Thus, the child solution can be formulated
as Equation (24).

δ(m) = max[Sn(m) − L, U − Sn(m)] (23)

Sn+1(m) =
⌈
Sn(m) + µ δ(m)

⌉
(24)

For the second part (DWPT locations) in the mutation process (see Figure 5), we randomly chose
several genes in the parent chromosomes and inverse them to generate child chromosomes.

5. Case Study

In this section, we employed a small-scale generalized multi-route bus network based on the
real bus network from Xi’an China (see Figure 6), for which the developed MINLP model and GA
were employed to simultaneously determine the optimal DWPT locations at bus stops and battery
capacity. The bus stops in the system were already selected and located by the Xi’an transit agency
according to the Xi’an urban transit planning and street pattern. The travel distances between the stops
were estimated and collected from GIS, and the average passenger loads were assumed based on the
historical data from Xi’an transit agency. The test bus network consisted of three bus routes, which are
all bidirectional. Thus, all stops except the end stop of bus route should be labeled twice for in-bound
and out-bound services. As illustrated in Table 6 and Figure 7, buses on route 1 start from stop 1 with
a fully charged battery and end at stop 20. The layover time at stop 20 is 20 min. The fleet size and
total distance (bi-direction) of the route are six buses and 19.6 km, respectively. Similar information
for routes 2 and 3 is also listed in Table 6. Note that some bus stops are shared by multiple routes.
The developed GA was coded and executed in MATLAB 2019.

Table 6. Route information of the study bus network.

Route Stop Information Fleet Size Total Distance
(Bi-Direction)

1 1-2-3-4-5-6-11-12-13-20-23-27-28-32-31-35-36-37-38 6 19.6 km
2 1-2-7-6-11-10-15-14-19-20-21-24-25-29-28-32-33-37-38 5 21.2 km
3 1-2-7-8-9-10-15-13-17-18-22-26-25-29-30-34-33-37-38 4 22.2 km
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Figure 6. The study bus network in Xi’an, China.

Figure 7. The simplified link-node diagram of the study bus network.

5.1. Model. Parameters

The parameters need to be determined to evaluate energy consumption of each bus route and
corresponding cost. The base energy consumption of a BEB was set as 2 kWh/mile (1.24 kWh/km) [22,29],
which is only related to the weight of bus (including the weight of passenger and battery) and travel
distance. The wireless charger power rate was assumed to be 100 kW [19,22]. The daily number of
round trips per bus was estimated as 5, thus the annual number of round trips per bus became 1825.
As suggested in previous studies [6,29], ρ (coefficient between battery weight and battery capacity)
and σ (coefficient between bus weight and energy consumption) were set as 0.13 kWh/kg and 45% [29].
Table 7 illustrates eight different battery types and corresponding capacities used in this study [22].
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Table 7. Battery types and corresponding capacities.

Battery types 1 2 3 4 5 6 7 8
Battery capacities (kWh) 10 20 30 40 50 60 70 80

The service life of the DWPT device installed at the bus stop in this paper was set as 10 years.
cI denotes the amortized unit cost for installing DWPT devices cost in one bus stop. cB is the unit cost
for purchasing battery, which would also be amortized over its service life. The annual unit price of
the DWPT devices installed at one bus stops including one inverter and 25-m power transfer pads is
2500 $/yr [4]. The unit price of battery is 500 $/kWh [29]. cE is the amortized unit energy cost per bus,
which is calculated by the unit price of electricity (0.15 $/kWh) multiplying the number of annual round
trips per bus (1825). Likewise, the annual greenhouse gas (GHG) emissions denoted as Ze consists of
the incurred emissions for producing DWPT devices, the battery and the consumed electricity while
operating BEBs. As formulated in Equation (25), the parameters εI, εB and εE denote unit emission
costs for DWPT devices, the battery and the consumed energy, respectively. All parameter values
applied to compute Ze were suggested by a previous study [6] and illustrated in Table 5. Regarding
the GA, the input calculation parameters were determined experimentally and listed in Table 8.

Ze = εI

∑
i

yi + εB

∑
k

∑
v

Fk
Qvbvk

Hk
+ εEλ

∑
i

∑
j

∑
k

Fkei jk (25)

Table 8. Input GA parameters setting.

Parameters Value

Population size 200
Crossover probability 0.8
Mutation probability 0.1

Generations 1500

5.2. Results Analysis

Based on the optimized results and analyses, the relation among output results and input
parameters was explored, which may further provide policy-makers with advice on adopting an
electric bus system powered by DWPT technology under different scenarios. It is worth noting that we
only considered annual energy consumption cost in accordance with the units of amortized battery
and charging device costs.

The optimized results of the DWPT-powered electric bus system were compared with those of the
stationary charging system. The corresponding output is listed in Table 9. It is worth noting that the
stationary charging devices at bus terminals were not considered in the model due to the fact that both
systems need to install them in bus terminals and that could not influence the final results.

Table 9. Optimized results between bus systems with DWPT and stationary charging.

Number of DWPT
Devices

Bus
Route

Battery Capacities
(kWh)

Battery Service
Life (Year)

DWPT system 16
1 20 2.35
2 10 2.05
3 20 2.22

Terminal
charging system 0

1 70 2.20
2 70 2.09
3 80 2.09
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Table 9 indicates that all three bus routes with DWPT require smaller batteries than those with
stationary charging. It was also found that the battery service life of these routes is just slightly
deviating within a small margin (between 2.0 and 2.3 years) to yield the optimized output. It could
also be explained by Equation (3) that a slight change of battery service life could cause a substantial
rise in the battery cost and this depends on the trade-off between battery capacity and the number of
DWPT devices in the bus system.

Figure 8 illustrates that the optimized total cost of the system with stationary charging is
352,590.5 $/yr, whereas the cost with DWPT could be significantly cut down to 199,602.5 $/yr (i.e., a 43%
reduction). This indicates that the extra cost incurred by DWPT is much lower than the cost reduced
by a smaller battery, further demonstrating the economic benefits of DWPT systems. Meanwhile,
the GHG emissions with DWPT are 566,323.8 kg/yr, 14.4% lower than that with stationary charging
bus system (661,414.9 kg/yr), which are determined by Equation (25). The optimized number of DWPT
devices is 16, which are highlighted in gray and shown in Figure 9. It was observed that the DWPT
devices are primarily suggested to be placed at the stops serving multiple bus routes. There are only
two devices placed at the stops that only serve a single bus route (e.g., stops 3, 35), 10 devices placed at
the stops shared by two routes (e.g., stops 6, 7, 10, 11, 15, 25, 28, 29, 32, 33), two devices shared by three
routes (e.g., stops 2 and 37) and two devices located at the end of the routes (e.g., stops 18 and 20).

Figure 8. Optimized results between bus systems powered by DWPT and stationary charging.

Figure 9. Optimized locations of DWPT devices.
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5.3. Sensitivity Analysis

A sensitivity analysis was conducted to explore the relation among decision variables, model
parameters and the minimized costs. Values of some critical parameters, including battery unit price
($/kWh), wireless charging power rate (kW) and DWPT devices cost ($/yr) (e.g., inverter cost and
transfer pad cost), were varied with certain range. The corresponding values of GHG emissions,
number of DWPT devices, average battery capacity and average battery service life are displayed in
Figures 10–12. The baseline results are highlighted by gray-shaded areas. It is worth noting that the
optimized results are sensitive to the changes in the parameters and shall be considered carefully by
the policy makers.

Figure 10. Optimized results vs. battery unit price.

Figure 11. Optimized results vs. DWPT unit cost multiplier.

Figure 10 shows that the total cost increases as the battery unit price goes up. The increase of the
unit battery price leads to a substantial rise in the number of DWPT devices (from 2 to 30), while the
average battery capacity decreases from 62.3 to 10 kWh. The GHG emissions slightly decreases because
the emissions reduced by the decreased battery capacity are higher than that incurred by using more
DWPT devices.

In Figure 11, the total cost increases as the DWPT cost multiplier increases. The increase of
the unit DWPT cost results in a significant decrease in the number of DWPT devices (from 36 to 6),
while average battery capacity increases from 12.3 to 27.3 kWh. The incurred GHG emissions slightly
increase due to the trade-off between the changes of battery capacity and the number of DWPT devices.
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In Figure 12, the total cost and the GHG emissions drop as the wireless charging power rate
increases due to the smaller battery employed in the bus network. The optimal number of DWPT
devices rises and remains at 16, which results in a significant decrease in the battery capacity from 55
to 10 kWh. It can be explained by Equation (12) that although a higher wireless charging power rate
indicates that the BEB can recharge more power when driving through or dwelling at the bus stops
with DWPT during the same period of time, the upper bound limits its recharging process in spite of
the higher rate.

Figure 12. Optimized results vs. wireless charging power rate.

5.4. Energy Consumption Analysis

In this study, the energy consumption was assumed to be 1.24 kWh/km, but under real bus
operations, it varies with different conditions (e.g., ambient temperatures, operating speed and stop
spacing etc.). If those factors are ignored by decision makers, then some issues may arise for a DWPT
electric bus system. In the extreme case where the deviation of energy consumption from expected
values is substantially large, then electric buses may run out of battery power before they return to the
bus terminal.

5.4.1. Ambient Temperature

Considering that the standard 12-m BEBs are employed in the study network, the corresponding
energy consumptions for air conditioning and heating under different ambient temperatures suggested
by a previous study [17] are listed in Table 10. To calculate the energy consumption rate under different
temperatures, Equation (7) can be replaced by Equation (26), in which PAC is the air condition (AC)
power and the bus operating speed denoted as V is 25 km/h. As the temperature decreases from 15 ◦C
to −15 ◦C or increases from 15 ◦C to 30 ◦C (listed in Table 10), extra energy consumption may incur
due to the on-board heating or cooling air condition system. The corresponding number of DWPT
devices, average battery capacity and average battery service life are displayed in Figure 13. It was
found that when the temperature varies from −15 ◦C to 30 ◦C, the number of DWPT devices remains
at 14, while the average battery capacity decreases from 38 kWh (−15 ◦C) to 23.33 kWh (15 ◦C) due to
more electricity consumed for heating, then slight increases to 26.67 kWh (30 ◦C) due to more electricity
being consumed for cooling, which implies that the battery capacity may be more sensitive to the
changes in the temperature in the electric bus system powered by DWPT.

Ek = E[1 + (
wbk + wpk

wrk
)σ] +

PAC
V

∀k ∈ R,∀v ∈ B (26)
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Table 10. Average auxiliary power of an AC system for standard 12-m BEB.

Ambient Temperature (◦C) −15 −10 −5 0 15 30
Standard bus AC power (kW) 12.23 10.34 8.47 6.61 2.57 5.03

Figure 13. Optimized DWPT devices and battery capacity vs. ambient temperature.

5.4.2. Bus Operating Speed

Bus operating speed is affected by many factors (e.g., traffic congestion, road conditions and
operating policy, etc.). Decreased speed results in longer travel time and greater energy consumption
(e.g., heating and AC systems). To approximate the consumed energy under different operating speeds,
Equation (7) can also be replaced by Equation (26) in which ambient temperature is assumed to be
15 ◦C and the bus operating speed varies from 40 to 15 km/h. The optimized number of DWPT devices,
average battery capacity and average battery service life are shown in Figure 14. It was found that
when the operating speed decreases from 40 to 15 km/h, the number of stops with DWPT devices
remains at 14 and the fleet average battery capacity increases from 19.33 to 37.33 kWh.

Figure 14. Optimized DWPT devices and battery capacity vs. operating speed.

5.4.3. Bus Stop Spacing

The bus stop spacing may vary in different bus systems (e.g., an urban bus system or suburban
bus system). Varied bus stop spacing may result in the change in the energy consumption between
bus stops. To investigate how the bus stop spacing affects the optimization of the model, the values
of the distance between two consecutive bus stops in this bus system are varied with certain range.
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As shown in Figure 15, as the bus stop spacing increases, both the optimized number of DWPT devices
and average battery capacity increase due to more energy consumption caused by increased bus stop
spacing, while the battery service life still remains between 2.0 and 3.0 years.

Figure 15. Optimized DWPT devices and battery capacity vs. bus stop spacing.

5.5. Emission Analysis

A scenario analysis was conducted here to investigate the impact of the GHG emissions.
A mechanism established by the U.S. Environmental Protection Agency (EPA) was employed to
evaluate its impact. The objective function Equation (1) can be replaced by Equation (27), in which
the costs and emissions can be jointly considered in one objective function with the given unit cost of
emissions denoted as Cg ($/ton), ZA is the total summation of cost and emission, Z is total annual costs
($/yr) and Ze is the total annual GHG emissions (kg/yr).

minZA = Z +
CgZe

1000
(27)

As shown in Figure 16, with an increase of Cg (from 1 to 500), the optimal number of DWPT
devices slightly increases and then remains at 20 while the average battery capacity tends to decrease,
which indicates that DWPT may help reduce the GHG emissions of the bus system.

Figure 16. Optimized DWPT devices and battery capacity vs. GHG emissions.
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6. Conclusions

In this paper, an innovative MINLP model was developed based on a multi-route DWPT-powered
bus network in an open environment. DWPT locations and battery capacity were simultaneously
optimized with consideration of the impact of battery weight and battery service life. A tangible GA
consisting of specially designed crossover and mutation operators was proposed to effectively solve a
case study based on a real bus network from Xi’an, China.

The optimized results and corresponding analyses indicate the relationship among the minimized
costs, GHG emissions, battery service life, battery capacity and DWPT locations based on varying
key parameters, including battery unit price, DWPT cost, charging rate, ambient temperature,
operating speed and GHG emissions. The major observations include that:

• The optimized total cost of a DWPT-powered bus system can be significantly reduced compared
with that powered by a stationary charging system.

• The average battery service life is affected by battery capacity and the number of DWPT devices
deployed, which slightly deviates between 2 and 3 years.

• More DWPT devices could be installed if the battery unit price is higher, wireless charging
power rate is lower, DWPT cost is lower and the impact of the GHG emissions is considered.
The deployment of DWPT seems to not be sensitive to the ambient temperature and
operating speed.

The immediate extension of this study would involve developing appropriate models and tools
to comprehensively determine bus routing, DWPT locations and battery capacity based on the bus
system powered by DWPT. A model that analytically integrates the DWPT system optimization with
the BEB charging coordination at bus terminals would also be a desirable extension.
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