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Abstract: To achieve sustainable environmental development, numerous countries and governments
have been vigorously promoting the proliferation of electric vehicles (EVs) through a series of policy
measures and economic subsidies. With the increasing number of EVs, multiple EV charging modes
are being researched to satisfy owners’ requirements. In this paper, an EV charging method consider-
ing multiple power exchange modes’ coordination is proposed for meeting owners’ requirements
with cost-effectiveness. In the proposed method, the battery swapping (BS) station, building-to-
vehicle (B2V) station, and grid-to-vehicle (G2V) station are considered. In G2V stations, EVs charge
from the power grid. In B2V stations, distributed renewable energy generation is considered as the
energy provider. This study contemplates the use of photovoltaic power systems in B2V stations
for the charging of EVs. In BS stations, the power exchange among batteries and the power grid is
considered. The battery energy storage is utilized for reducing the battery degradation cost (BDC)
and power cost. EVs are dispatched to the corresponding charging stations according to the electric
price, BDC, and so on. In the dispatching process, the particle swarm optimization (PSO) algorithm
and Hungarian algorithm are applied. Several case studies are presented to validate the effectiveness
of the proposed method and the power matching between EVs and charging modes is discussed.

Keywords: electric vehicle; charging mode; user’s requirement; vehicle-to-grid; battery swapping

1. Introduction

The transportation sector is considered as one of the largest of the sectors that pollute
the environment [1], especially in countries that have achieved success in integrating en-
vironmentally friendly energies into the energy mix, such as China. To address pollution
issues induced by vehicular exhaust emissions, electric vehicles (EVs) powered by clean
energy may well serve as an effective and foreseeable means to achieve low-carbon sustain-
able development. Numerous countries and governments, driven by their commitments
to sustainable development and environmental protection targets, have implemented a
range of incentive policies that facilitate the rapid growth of EVs. Moreover, due to their
eco-friendly characteristics and lower costs compared to fossil fuel-powered alternatives,
EVs have received tremendous attention.

The number of EVs has increased considerably in recent years [2]. With the increasing
number of EVs, the owners’ requirements have become diverse and complex [3]. In different
scenarios such as commercial and residential, EV owners’ requirements present unique
characteristics and should be satisfied through the corresponding charging mode [4].

To satisfy EV owners’ requirements, various charging modes were proposed and
applied. In the charging modes, the EV charging load is coordinated according to the
distributed renewable energy generation, electricity price, and users’ constraints. Grid-to-
vehicle (G2V) is a smart charging technology that allows bi-directional power flow between
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EVs and the power grid [5–9]. In [10], EV charging power was adjusted according to the
initial state-of-charge (SOC), real-time SOC, object SOC, and plug-in period. This method
met EV owners’ driving requirements and mitigated the adverse impact of EV charging on
the power grid. In [11,12], the control center guided EV charging and discharging during
the load valley and load peak periods, respectively. In the guiding process, information
such as electricity price was fluctuating and collected by the control center. The battery
degradation cost (BDC) is increased with the frequent charging and discharging of EVs’
batteries. In [13], EVs as flexible resources participated in the electricity market ancillary
services. The quick and accurate power adjusting maintained the normal operation of
the power system effectively. G2V is a common charging mode to satisfy owners’ driving
requirements, and the mode is constrained by the charging space and the regular system
signals such as the load curve and electricity price.

Building-to-vehicle (B2V) and home-to-vehicle (H2V) charging modes are extensions
of the G2V mode. B2V and H2V are both smart charging technology that allows bi-
directional power flow between EV batteries and microgrids. In the microgrids, flexible
loads and renewable power generation (RPG) are considered [14–20]. The increasing EVs
are integrated into the RPG systems to overcome power and environmental limitations.
EVs are essential for reducing greenhouse gas emissions through consuming the RPG [21].
This integration is particularly beneficial in residential power distribution, where EVs can
provide an ancillary service [22]. EV charging load and other flexible loads are coordinated
to concentrate on the low electricity price period or the surplus RPG period. In [23,24],
EVs were considered as the flexible load that consumed RPG locally and considered as the
energy providers that discharge power to the load in the microgrid. The power cost of the
home microgrid and building microgrid was decreased by utilizing the EV’s power storage
capacity. In [25,26], the energy management system adjusted the EV’s charging power with
the real-time electricity price and the household load. This model may not fully meet the
quick energy replenishment requirement of EV users. In [27–29], the EV’s charging scheme
in the microgrids was optimized for online operation. During the charging process, the
load and resources in the microgrids are coordinated for local consumption of RPG and
low power cost. B2V and H2V are constrained by the electric price, load, and RPG curves
in the microgrid.

Considering the disadvantages of G2V, H2V, and B2V modes such as charging space
constraints, charging time, or cost constraints, battery swapping (BS) mode is considered
as an efficient charging mode and is applied for solving EV charging queue and parking
problems. In [30], a two-stage energy management method was proposed. During the
first stage, the BS scheme was optimized for satisfying users’ driving requirements, and
the battery charging scheme in the BS station was optimized in the second stage for
reducing the power cost. When a large number of EVs drive to a BS station, the total cost
will be increased significantly. In [31], the real-time electricity price was considered and
batteries in the station were charged during the cheap price period. In [32–35], a BS station
was considered as a battery aggregator in an area and significantly improved the local
consumption of RPG. In [36–38], BS and G2V modes were coordinated satisfied EV users’
requirements and maintained the normal operation of the power grid. A BS station with
lots of batteries is considered as a flexible resource with sufficient capacity. It plays an
obvious role in the local consumption of RPG and in maintaining the normal operation of
the power system.

The existing EV charging modes could meet the users’ driving requirements. However,
it is difficult to satisfy users’ driving requirements with cost-effectiveness. This is because
each charging mode with unique characteristics just meets some users’ requirements in
certain scenes. In this paper, an EV charging method considering BS, B2V, and G2V modes
is proposed. In the proposed method, the multiple charging modes are coordinated to meet
users’ driving and economic requirements. In the G2V mode, the cost of charging EVs can
be reduced by utilizing the electricity price difference. In B2V mode, the RPG is considered
as an energy provider in microgrids and guided EV charging load. In BS mode, the power
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exchange among batteries and the power grid is considered in the optimization process. In
each period, EVs are dispatched to the corresponding power exchange mode to reduce the
power cost and BDC.

In the dispatching process, the particle swarm optimization (PSO) algorithm and
Hungarian algorithm are applied. PSO is a population-based optimization algorithm that
does not rely on gradient information [39]. It has a solid global search capability but may
converge more slowly around the local optimum. In this paper, the number of EVs that are
dispatched to stations is considered as the decision variable, which is an array. To improve
the convergence speed, the Hungarian algorithm is applied for obtaining the optimal EV
dispatching scheme for each PSO particle.

The remainder of this paper is organized as follows. In Section 2, the EV charging
modes’ coordination method is presented. In Section 3, numerous case studies are shown
and discussed deeply. Finally, conclusions are drawn in Section 4.

2. Methodology
2.1. System Framework

In Figure 1, the EV charging system includes charging EVs, a G2V station, a B2V
station, and a BS station. The EV charging process is hierarchical to reduce the cost. At
the lower level, the charging system collects information such as the user’s requirement,
electricity price, the number of charging EVs, RPG, and so on. According to the collected
information, EVs are dispatched to the corresponding charging stations. At the upper
level, the power exchange in each charging station is optimized considering the unique
characteristics.
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In the G2V station, the electricity price is changing and affects the total cost of EV users.
In the B2V station, the RPG is considered. RPG and the electricity price are both important
factors that affect the user’s cost. In the BS station, the B2B charging mode is considered
during the high electricity price period and the battery charging load is concentrated in
the low electricity price period. G2V charging will generate a low cost if the electricity
price of the charging period is cheap. B2V charging may generate a low cost when RPG is
abundant. EVs supplement energy by BS mode and may generate a low cost when the idle
batteries are sufficient. In the BS station, the batteries could charge from the power grid
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and other batteries according to the electricity price. When the electricity price is exorbitant,
the batteries in the BS station may charge from other batteries to reduce the power cost.
Every charging mode has a unique characteristic and is suitable for certain kinds of users.

2.2. Problem Formulation
2.2.1. G2V Charging Station

In the G2V station, EV charging power in each period is scheduled. The charging
scheme is affected by the EV parking period and real-time price.

Cn(t) = (Pn(t) · ∆t) · aGrid(t) + BDCn(t), (1)

SOCn(tend) = SOCn(tini) +

∫ tend
tini

Pn(t)dt

Qn
, (2)

BDCn(t) = Cpur

(
β(

Pn(t)
Qn

+ 1− SOCn(t))γ − β(1− SOCn(t))
γ
)

, (3)

{
SOCmin ≤ SOCn(t) ≤ SOCmax
SOCn(tend) ≥ SOCn,obj

, (4)

Pmin ≤ Pn(t) ≤ Pmax, (5)

where Cn is the cost of the nth EV, and the unit is $. The cost includes the power cost and
battery degradation cost. Pn is the charging power of the nth EV, and the unit is kW. ∆t
is the time interval, and the unit is h. aGrid(t) is the electricity price of the power grid at t
period, the unit is $/kWh. BDCn is the battery degradation cost of the nth EV, and the unit
is $. SOCn is the SOC of the nth EV’s battery. tini and tend are the initial and end time of
the EV plug in the power grid, respectively, and the units are h. Qn is the rated capacity
of the nth EV’s battery, and the unit is kWh. Cpur is the acquisition cost of an EV battery,
the unit is $. β and γ are the model parameters. SOCn,obj is the object SOC of the nth EV’s
battery. SOCmax and SOCmin are the maximum and minimum SOC values of the EV battery,
respectively. Pmin and Pmax are the minimum and maximum charging power of the EV
battery, respectively, and the units are kW.

In (1), EV charging cost includes the power cost and BDC during the charging process.
The power cost varies depending on the charging power and real-time electricity price.
The BDC varies depending on the charging power and the SOC value of the battery as
shown in (3) [13]. It shows that the SOC of the battery can be considered as a constant
value during ∆t. In (2), the SOC value of the EV battery is changing with the charging
power at each parking period, and the real-time SOC value is constrained in a rational
range as shown in (4). It prevents battery over-charging and over-discharging. The final
SOC value of the EV battery is no less than the object SOC value for ensuring the user’s
driving requirement. When the EV’s battery reaches the object SOC value, the charger will
cease charging the battery. In (5), the charging power is constrained in a rational range.
In this paper, the charging power is more than zero that means the battery charges from
resources. The charging power is no more than zero that means the battery discharges to
other batteries.

2.2.2. B2V Charging Station

H2V and B2V are considered as similar charging modes in different scenarios. In this
paper, B2V is considered in the subsequent theoretical analysis and simulations. In the B2V
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station, RPG in the microgrid is considered to reduce EV power cost. The output power
and electricity price both affect the power cost.

NB2V

∑
n=1

Pn(t) + PB,load(t)− PB,RPG(t)− PGrid(t) = 0, (6)

{
Cn(t) = P∗n (t) · aGrid(t) + BDCn(t), i f P∗n (t) > 0
Cn(t) = BDCn(t), or else

, (7)

P∗n (t) =
NB2V

∑
n=1

Pn(t) + (PB,load(t)− PB,RPG(t)), (8)

{
SOCmin ≤ SOCn(t) ≤ SOCmax
SOCn(tend) ≥ SOCn,obj

, (9)

Pmin ≤ Pn(t) ≤ Pmax, (10)

where NB2V is the number of EVs dispatched to the B2V station. PB,load is the total load in
the microgrid, kW. PB,RPG is the output power of RPG in the microgrid, kW. PGrid is the
power purchasing from or selling to the power grid, kW. P∗n is the power that EV charges
from the power grid, kW.

In (6), the EV charging load is coordinated to maintain the balance between supply
and demand in the microgrid. In this process, EVs are considered as flexible resources
with fast response speed, and the power grid is considered as the energy prosumer with
considerable capacity. Therefore, in the B2V charging station, EVs could charge from RPG
and the power grid. The power cost in B2V mode will be no more than that in G2V mode as
shown in (7). In (8), the output power of RPG is priority consumed by the power load and
then consumed by EV charging load. In (9) and (10), the constraints protect EV batteries by
preventing battery over-charging and over-discharging. Similar to (5), the charging power
is limited by the maximum charging power and the minimum charging power which is no
more than zero.

2.2.3. BS Station

In the BS station, EVs can supplement energy in a short time. The real-time electricity
price affects the power cost, and the power cost in BS mode will be no more than the other
two modes due to adequate preparation time. Due to this reason, the BDC in BS mode will
also be no more than the other two modes.

CBSS(t) = PBS(t) · aGrid(t) +
NBS

∑
b=1

BDCb(t), (11)

Cn =
t

∑
t′=t0

Pb(t′) · aGrid(t′) +
t

∑
t′=t0

BDCb(t′) , (12)

PBS(t) =
NBS

∑
b=1

Pb(t), (13)

Pb(t) = PGrid(t) +
NBS−1

∑
b′=1

Pb′(t), (14)

CBDC,b =
t

∑
t′=t0

BDCb(t′)+2 ·∑
b′

t

∑
t′=t0

BDCb′(t
′) ,

t

∑
t′=t0

Pb′(t
′) 6= 0, (15)

{
SOCbmin ≤ SOCb(t) ≤ SOCbmax
SOCb(tend) ≥ SOCn,obj

, (16)
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Pbmin ≤ Pb(t) ≤ Pbmax , Pbmin ≤ 0, (17)

where CBSS is the cost resulting from battery charging, $. The cost includes the power
cost and BDC. PBS is the total charging power provided by the power grid, kW. NBS is the
number of batteries in the BS station. Pb(t′) is the charging power of the bth battery in the
previous period, kW. t0 is the initial charging time of the battery, h. SOCbmin and SOCbmax
are the minimum and maximum SOC values of batteries, respectively. Pbmax and Pbmin are
the maximum and minimum charging power of the battery, respectively, kW. Pb ′ is the B2B
power, kW.

In (11), the total cost of the BS station includes the power cost and BDC. The former
varies depending on the charging power and real-time electricity price. The latter varies
depending on the SOC value of batteries and the charging power. The cost of swapping an
EV battery depends on the power cost and BDC as shown in (12). Unlike G2V and B2V
modes, the power cost and BDC could be reduced by adjusting the charging scheme in
the idle period. Considering the load perk period with prohibitive electricity price, B2B
mode is considered in the BS station. Some batteries charge from other batteries to satisfy
users’ requirements with a low power cost as shown in (14). However, the B2B mode
will generate additional BDC due to the discharging process as shown in (15). In (16) and
(17), the constraints protect the BS station’s batteries to prevent battery over-charging and
over-discharging. Similar to (5) and (10), the charging power of batteries is limited by the
maximum and minimum charging power. Due to the B2B charging mode, the minimum
charging power of batteries is less than zero.

2.3. Hierarchical Power Exchange Algorithm
2.3.1. Optimization Model

At lower power exchange, EVs are dispatched to G2V, B2V, and BS stations. In this
process, the number of EVs that drive to each charging station is considered as the decision
variable. The optimization result will have an impact on the optimization process at the
upper power exchange.

min
NEV(t)

∑
n=1

Cn(t), (18)

s.t. (1)–(17)

{
SOCbmin < SOCn,obj(t) ≤ SOCbmax
SOCmin < SOCn,obj(t) ≤ SOCmax

, (19)

{
tn = tn,end − tn,ini

tn ≥ tBS ≥
(SOCn,obj(tn,end)−SOC(tn,ini))·Qn

Pmax

, (20)

where NEV(t) is the number of EVs dispatched to stations. tn,end and tn,ini are the end time
and initial time of the nth EV’s parking time, respectively, h. tn is the nth EV’s parking
period, h. tBS is the battery charging period in the BS station, h.

EV charging at a low cost could improve the user experience. Considering the number
of charging EVs is random, the optimization object is the minimum cost of users at each
period as shown in (18). In (19), the object SOC value of the EV battery is constrained
within the normal range. EV parking period is defined and constrained as shown in (20).
The constraint condition ensures the EV user’s driving requirements can be satisfied.

2.3.2. Assumptions, Limitations, and Uncertainties

The following assumptions are raised in this research to facilitate the analysis:

• The maximum, minimum, and object SOC values for EVs are assumed to be constants.
• The random number of EVs starts at the 9th hour and ends at the 19th hour.
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• EV parking duration at G2V and B2V stations is 2 h.

2.3.3. Optimization Method

At the lower level, EVs are dispatched to stations based on the particle swarm opti-
mization algorithm and Hungarian algorithm to improve the convergence speed. At the
upper level, the power exchange in G2V, B2V, and BS stations is optimized based on the
particle swarm optimization algorithm. In the optimization process, the particle swarm
optimization algorithm and the Hungarian algorithm are applied at lower power exchange
to improve the convergence speed [40–42]. In this process, the number of EVs that are
dispatched to charging stations is considered as the decision variable which is an array.
Hungarian algorithm is used to obtain the optimal EV dispatching scheme for each particle
of PSO. At the upper power exchange, the particle swarm optimization algorithm is applied.
The procedure of the optimization algorithm is shown in Figure 2.
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In Figure 2, the PSO algorithm and Hungarian algorithm are marked using the dashed
boxes. The PSO algorithm is represented by a green dashed box, while the Hungarian
algorithm is delineated by an orange dashed box. In the Hungarian algorithm box, the
calculation procedures are performed for the optimization of EVs’ assignment scheme.
Equations (21) and (22) ensure there are zero elements existing in each row and column. If
there is only one zero in each row or column, the zeros will be named assigned cells and
the assignment scheme will be constructed. Otherwise, some calculation procedures are
performed to reach the condition.

CPSO(t) =


c11(t) , c12(t) · · · c1(Nb)

(t)
c21(t) , c22(t) · · · c2(Nb)

(t)
...

cNb1(t) , cNb2(t) · · · cNb(Nb)
(t)

, (21)
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{
cij = cij −min

{
ci1, ci2, · · · , ciNb

}
, i ∈ [1, 2, · · · , Nb]

cij = cij −min
{

c1j, c2j, · · · , cNb j
}

, j ∈ [1, 2, · · · , Nb]
, (22)

{
cij = cij −minEun , cij ∈ Eun
c′ij = c′ij + minEun , c′ij ∈ Eco

, (23)

where Npso and Nite are the numbers of particles and iterations in the optimization process,
respectively. Ncell represents the number of assigned cells. Nrow and Ncolumn represent the
row and column number of the matrix, respectively. Cmin and Cb are the optimization value
at each iteration and in the history data of each particle, respectively, $. CPSO is the power
exchange cost matrix, $. Eun and Eco represent the uncovered elements and the elements
covered by two lines, respectively. NG2V and NB2V are the number of EVs dispatched to the
G2V station and B2V station, respectively.

The cost matrix of EV power exchange is expressed as (21). In the matrix, the number
of rows and columns represents that of dispatched EVs and charging stations, respectively.
cnn in the element represents the corresponding cost generated by the nth dispatched
number of EVs charging in the nth station. In (22) and (23), the calculation procedures of
the Hungarian algorithm are described [42].

3. Results and Discussion
3.1. Simulation Parameters

In the simulation process, four power exchange methods and four scenes are employed
to verify the effectiveness of the proposed method. The characteristics of the methods and
scenarios are shown in Table 1 and Figure 3, respectively.

Table 1. Comparative method characteristics (#: Enable; 5: Disable).

Methods G2V B2V BS B2B

M1 # 5 5 5

M2 5 # 5 5

M3 5 5 # 5

M4 (proposed method) # # # #
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In Table 1, M1, M2, and M3 are the existing EV charging methods, while M4 is the
EV charging method proposed in this paper considering the multiple charging modes’
coordination. M1 refers to EVs charging solely from the power grid. M2 indicates EVs
charge exclusively at B2V stations. M3 indicates the technique that EVs replenish energy in
battery swap stations. In M4, multiple charging modes are coordinated.

In Figure 3, the different colors of the bars represent the number of EVs under different
scenarios. In S1, the number of EVs is random and the variation laws correspond to the
electricity price as shown in (24). Based on S1, the number value is changed from NS1 to
NS2, and the scenario is named S2. S3 and S4 are utilized to research the influence of EV
numbers on the proposed method. So, the number in S3 and S4 is an obvious difference
and in the same period. Considering EV users’ usage habits, the EV parking time in G2V
and B2V stations is set to be 2 h. The object SOC value is considered as the expected SOC
value that meets users’ driving requirements and is equal to the maximum SOC value.

In the simulation section, the number of EVs is random and fluctuating. EV users’
living habits correspond to the electricity price. From the 9th–19th hours, the number of
EVs is increased and changes actively according to price. Therefore, ts0 and tse are set as 9
and 19, respectively. {

nS1(t) = NS1 · rand · aGrid(t) , ts0 ≤ t ≤ tse
nS2(t) = NS2 · rand · aGrid(t) , ts0 ≤ t ≤ tse

, (24)

where nS1 and nS2 are the numbers of EVs supplementing energy in different periods with
S1 and S2, respectively. ts0 and tse and the starting time and ending time, respectively, h.

The detailed simulation model parameters are from [15,24–26] and presented in Table 2.
The SOC value of the EV batteries and the BS station’s batteries is set to a single value to
simplify the simulation process. Similar to the SOC parameters, the charging power of
batteries is also set to a single value.

Table 2. Simulation parameters.

Parameters Value Parameters Value

SOCn,obj 0.8 Pmax (kW) 70
SOCb(t0) 0.4 Pmin (kW) 0

SOCn(tini) 0.4 Pbmax (kW) 70
SOCmax 0.8 Pbmin (kW) −7
SOCmin 0.2 Cpur ($/kWh) 500

SOCbmax 0.8 QEV (kWh) 70
SOCbmin 0.2 T (h) 24

γ 2.03 ∆t (h) 1
β 5.24 × 10−4 t0 1

NBS 140 NS1 50
ts0 9 NS2 100
tse 19

In Figure 4, the blue bars represent the PV generation and the red line segments
indicate the electricity prices of the power grid. It illustrates the electricity price change
as well as the photovoltaic generation. The PV generation and the electricity price are
floating [10–14]. The real-time electricity price is considered, and the PV generation is
assumed to be forecasted accurately. It illustrates the electricity price varies as well as PV
generation. The fluctuation in electricity price will affect the power cost of EV charging.
The PV generation change will be consumed by charging EVs and influence M2 and M4.
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3.2. Power Exchange Performance Comparison
3.2.1. Algorithm Verification

To verify the advantage of the combination algorithm applied in this paper, a compari-
son between the PSO algorithm and the combination algorithm is presented in Figure 5. In
the PSO algorithm, the number of iterations is set to 50, and the number of particles is set to
100. In Figure 5, the convergence speed of the combination algorithm is significantly faster
than that of the PSO algorithm. This is because the optimized EVs’ dispatching scheme at
each particle is obtained through Hungarian algorithm rearrangement. Therefore, the PSO
algorithm’s convergence speed is improved.
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3.2.2. Method Comparison

In Figure 6, different colored bars are used to represent the costs associated with
different methods. The BDC of M1 and M2 are subequal. This is because B2V mode derives
from G2V mode and the charging scheme of the two modes is almost equal. The power cost
of G2V mode is dependent on the electricity price of the power grid, and that of B2V mode
is dependent on the electricity prices of the power grid and PV generation in microgrids.
Therefore, the power cost of M2 is less than that of M1 due to the cheap electricity price
of PV generation. The BDC of M3 is less than that of M1 and M2 from the 9th–12th hours.
This is because the batteries in the BS station charge with a long preparation time and slow
charging. EVs have to fast-charge in M1 and M2 due to the limited parking time. From
the 13th–16th hours, the BDC of M3 is not too different from that of M1 and M2. This
is because there are few batteries with object SOC value, and the batteries in the station
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fast-charge to meet the users’ driving requirements. Similar to the BDC, the power cost of
M3 is less than that of M1 and M2 from the 9th–12th hours because the charging power
is concentrated in the period with a low electricity price. From the 12th–14th hours, the
power cost of M3 is much more than that of M1 and M2 because of the lower preparation
time and fast-charging state in each time interval. From the 9th–11th hours, the BDC and
power cost of M4 are equal to those of M3. In the periods, there is only BS mode existing in
M4. From the 12th–17th hours, the BDC and power cost of M4 are less than those of M3 due
to several modes of coordination. During the 18th hour and 19th hour, the BDC and power
costs are more than those of M3 due to the different charging schemes in before periods.
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Figure 6. (a) BDC and (b) power purchasing cost with methods in S1. 

The charging power of methods in S1 is shown in Figure 7. The different colored bars 
are used to distinguish methods, with three shades of green representing the distribution 
of M4. During the low electricity price periods such as the 1st–7th hours, batteries in the 
BS station store electricity steadily to reduce the power cost and BDC. From the 9th–13th 
hours, the charging powers of M1 and M2 are almost equal. However, the power cost of 
M2 is less than that of M1. This is because the PV generation is consumed locally. In the 
periods, the charging power of M3 and M4 is less than that of M1 and M2 as the BS station 
reserves power before. From the 12th–13th hours, the charging power of M4 includes G2V 
power and B2V power due to the changing electricity price and the PV generation.  

Figure 6. (a) BDC and (b) power purchasing cost with methods in S1.

The charging power of methods in S1 is shown in Figure 7. The different colored bars
are used to distinguish methods, with three shades of green representing the distribution
of M4. During the low electricity price periods such as the 1st–7th hours, batteries in the
BS station store electricity steadily to reduce the power cost and BDC. From the 9th–13th
hours, the charging powers of M1 and M2 are almost equal. However, the power cost of
M2 is less than that of M1. This is because the PV generation is consumed locally. In the
periods, the charging power of M3 and M4 is less than that of M1 and M2 as the BS station
reserves power before. From the 12th–13th hours, the charging power of M4 includes G2V
power and B2V power due to the changing electricity price and the PV generation.
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The charging power of M4 is significantly more than that of M3 in most of the periods.
However, the cost of M4 is lower than that of M3. This is because the charging modes
are coordinated. The PV generation, low electricity price, and slow charging reduce the
power cost and BDC. At the 13th hour, B2V and B2B modes are utilized. This is because
the PV generation is abundant and the power cost is reduced. In the high electricity price
period, B2B mode reduces the power cost. At the 14th hour, the G2V mode is considered
in M4 due to low electricity price and abnormal BS operation. From the 14th–19th hours,
the charging power of M3 changes due to inadequate reserve power. During this period,
several charging modes exist in M4 according to the surplus PV generation and electricity
price changes.

In the power exchange, the charging power with modes is optimized, and the opti-
mization object is the minimum cost. Considering the low carbon demand and the low
operation cost, the price of EV charging from RPG is assumed to be low. Therefore, RPG is
consumed preferentially, and EVs in the B2V station may charge from the power grid when
the RPG is consumed completely. From the 13th–17th hours, the RPG is consumed locally.
The low-cost operation of BS mode struggles to cover the entire high electricity price period
in a day if the number of EVs is too high. Therefore, when the number of batteries with
object SOC value in the BS station is insufficient, EVs will be scheduled to different stations
to supplement energy in M4.

The costs shown in Table 3 are all in units of ×103$. As shown in Table 3, the total
BDC values of M1 and M2 almost have no difference due to similar charging schemes. The
total power cost of M2 is less than that of M1 due to the cheaper PV generation. Therefore,
compared to G2V mode, B2V mode could locally consume the distributed RPG in the
microgrids and reduce the power cost. The BS mode could further reduce the BDC and
power cost due to the long preparation time. If the number of EVs supplementing energy
is more than the threshold value, the BDC and power cost of the BS mode may be more
than those of other modes. At this time, other charging modes should be coordinated to
meet users’ requirements at a low cost. The BDC and power cost of M4 are less than those
of M3. This is because several charging modes are coordinated according to PV generation,
electricity price, and swappable batteries. When the swappable batteries are sufficient,
EVs are dispatched to the BS station. EVs are dispatched to the B2V station when PV
generation is high. B2B mode will be performed in the BS station during the high electricity
price period.

Table 3. Cost comparison with S1 (×103$).

BDC
($)

Power Purchasing Cost
($)

Total Cost
($)

M1 0.60 1.13 1.73
M2 0.61 0.90 1.51
M3 0.42 0.61 1.03
M4 0.40 0.51 0.91

In Figure 8, batteries in the BS station charge from the 1st–7th hours. The charging
power is dispersed during the low electricity price period. It reduces the charging power in
each period and the BDC is decreased. During the high electricity price periods, batteries
charge from the other batteries in the BS station to reduce total cost.
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In Figure 9, the cost of M4 with S1 and S2 changes in each period according to EV
number and swappable battery reserve. When the battery reserve is sufficient, the cost of
M4 changes slightly such as from the 9th–12th hours in S1 and the 9th–15th hours in S2.
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In Figure 10, green and yellow bars are used to represent S1 and S2. In Figure 10, from
the 1st–7th hours, batteries in the BS station charge from the power grid due to the low
electricity price. The low charging power in each period aims to reduce the BDC. When
there are enough swappable batteries, EVs are dispatched to the BS station, such as in the
10th hour and 11th hour. Otherwise, EVs are dispatched to other charging stations, such as
the periods after the 12th hour.
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The costs shown in Table 4 are all in units of ×103$. In Table 4, the cost of M4 by
scenario is shown. The performance of M4 with S3 and S4 demonstrates that the number of
EVs affects the BDC and power cost. The cost is increased slightly when the battery reserve
is sufficient.

Table 4. Cost comparison with scenarios (×103$).

BDC
($)

Power Purchasing Cost
($)

Total Cost
($)

M4 with S1 0.40 0.51 0.91
M4 with S2 0.73 0.59 1.32
M4 with S3 0.038 0.010 0.048
M4 with S4 0.053 0.015 0.068

3.2.3. EV Number Influence

To further analyze the BS mode, the total charging cost comparison among modes
is performed in Figure 11. The charging cost of modes changes with the increasing EV
number at the 9th hour in S3. In Figure 11, the cost of G2V mode increases linearly. The
cost of B2V mode increases slowly, and the growth rate of B2V mode is equal to that of
G2V mode when the EV number reaches a certain value. This is because PV generation
is considered in the microgrids and consumed locally by the charging load. Then, the PV
generation is consumed completely, and EVs in the B2V station charge from the power grid.
The charging cost of BS mode increased slowly due to the sufficient swappable batteries
and increased remarkably due to the swappable battery shortage. When the number of
EVs is more than the BS station threshold, the batteries in the station have to fast-charge
and an exorbitant cost is generated. It can be concluded that the cost of BS charging is
cost-effective when the battery reserve is abundant.
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4. Conclusions

In this paper, an EV charging method considering multiple charging modes’ coordi-
nation to meet the various owners’ requirements is proposed. EVs are dispatched to the
corresponding charging stations according to the charging mode characteristic and the
generated cost. In G2V stations, EVs charge from the power grid. In B2V stations, dis-
tributed renewable energy generation is considered as the energy provider. In BS stations,
the power exchange among batteries and the power grid is considered. The battery energy
storage is utilized to reduce the BDC and power cost. In the dispatching process, the PSO
algorithm and Hungarian algorithm are applied.

The proposed method ensures that EVs cost-effectively supplement energy. To further
improve the users’ experience, EVs should be dispatched to charging stations according to
the matching between charging mode characteristics and user characteristics. The subject
requires additional investigation on how to schedule rational and economic charging
schemes in a particular scenario.
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