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� Our research focuses on the battery swapping behaviors of electric taxi drivers.
� An optimal charging mode (OCM) is proposed based on our actual survey.
� Models are built to measure the impacts of OCM on energy systems.
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� The development of electric vehicle features obvious scale economy.
a r t i c l e i n f o

Article history:
Received 13 March 2015
Received in revised form 12 May 2015
Accepted 25 May 2015
Available online 26 June 2015

Keywords:
Battery swapping
Charging behavior
Battery discharging
Charging strategy
a b s t r a c t

Battery swapping mode (BSM) is an important method of supplying energy to electric vehicles, in which
the battery swapping behavior of electric vehicle users affects significantly the charging behavior of the
battery swapping station. To determine the impacts of a driver’s swapping behavior on the power grid
and generation cost, this paper proposes an optimization charging mode (OCM) and simulates the
impacts of OCM on the power grid side and generation side. The empirical results indicate that the
OCM significantly benefits the power grid and power generators. For the power grid side, OCM is helpful
in balancing the power load and decreasing the difference of the peak and valley load. For the generation
side, generators will reduce their coal consumption and cost when the OCM is conducted. In addition,
OCM can integrate more renewable power into the power grid. Moreover, the empirical results demon-
strate that the development of electric vehicle (EV) features scale economy. The benefits of OCM for the
power grid side and generation side would be significantly improved with the increase of EV volume.

� 2015 Elsevier Ltd. All rights reserved.
1. Introduction

The electric vehicle (EV) has attracted many countries’ attention
for its potential environmental benefits and it is an important piece
of future electric energy systems [1]. The power structure in China
is dominated by coal and the carbon emission issue has been put
much emphasis [2]. It is worth noting that the EV’s orderly
charging is the prerequisite for realizing its environmental
benefits. Conversely, the EV’s disorderly charging will not fulfill
its potential environmental benefits, especially in countries with
fossil-dominated power. Moreover, the disordered charging of EV
negatively impacts the operation of the power grid. This charging
will cause load fluctuations, expand the load peak-valley differ-
ence, and increase generation costs [3,4].

Direct charging is a popular way to replenish energy to EV, and
intensive studies have examined the impacts of the direct charging
mode from various aspects. Several scholars explore the impacts of
EV charging on the generation side. For example, Hiskens and
Duncan [5] presented a conceptual framework for involving highly
distributed loads in system control considering economic dispatch,
generation constraints, and spinning reserve. Based on the impacts
of the EV’s penetration on generation costs, Yu [6] showed that a
high penetration rate would obviously increase the quantity of
generation units on the generation side. However, ordered charg-
ing and vehicle to grid (V2G) technology helped to decrease the
generation cost, which was similar to the results of Cardoso et al.
[7]. Moreover, orderly charging and V2G technology could facili-
tate the integration of renewable energy into the grid, which is
proved by Kristoffersen et al. [8]. Some researchers emphasize
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the power grid side. Many factors will impact the performance of
distribution systems [9]. Based on this, Harris [10] and Sandels
[11] adopted the Monte Carlo simulation to estimate the charging
and discharging impact of EV on the power grid. Harris proved that
EV charging would be estimated to increase the peak load by less
than 2% in three regions of the United States. Sandels indicated that
the up control power capabilities were good, while the down
control power capabilities fluctuated more under the V2G
performance. Taylor [12] and Nyns [13] showed that a controlled
charging strategy helped reduce loading impacts, lowering power
losses and voltage deviations. Coordinated charging could also be
fulfilled by the smart grid function, which reduced the battery
stress of EV and solved the possible problems [14,15].
Additionally, some studies still attach importance to users’
preference and conducted research from the demand side
[16,17]. In general, the main goals for analyzing the influence of
direct charging are focused on its impacts on the power grid side
and the generation side.

Battery swapping mode (BSM) is another alternative way to
replenish energy to EV, while fewer research is focused on this
mode comparing with direct charging. Generally, direct charging
mode is a popular way at present since it is easy to be conducted
after purchasing an EV. While the operators of BSM have to pur-
chase many batteries and form a reasonable operation mode in
advance. In addition, the sales of vehicles with batteries are popu-
lar in the EV market. However, BSM still obtains some obvious
advantages over the direct charging mode [18]. EV users need
not bear the cost of batteries, which reduces the users’ initial
investment. Since BSM achieves a unified management of batteries,
it contributes to the effective maintenance of batteries and is ben-
eficial to extend the batteries’ lifetime. Moreover, EV users spend
only five minutes replacing a battery in BSM, while it usually takes
more than three hours for slow direct charging or at least half an
hour for fast charging. BSM is becoming an important way to
replenish energy for EVs in China. China has a large number of
buses and taxis, which are the main objects in the advancement
of transportation electrification at present. For public transporta-
tion, especially taxis, their large daily mileages lead to a more
frequent charging demand, so a long-time stop for charging is
not suitable for them. In this case, battery swapping stations are
a preferred choice for electric taxis and buses. Several regions in
China are performing BSM at present, which is conducted by local
power companies and provides services mainly to taxi fleets. For
example, Hangzhou City placed a total of 27 battery swapping sta-
tions into operation by 2014, which serviced 723 EVs and finished
battery swapping for 642,000 cumulative trips with a total mileage
of 32.39 million km [19]. The Longhua battery swapping station in
Haikou City was placed into operation as well, which serves 253
electric taxis at present [20]. The State Grid Corporation of China
proposed a development strategy for battery swapping stations
in 2012 in which battery swapping was the main energy refueling
method and plug charging was the auxiliary energy refueling
method. Since then, 191 battery swapping systems have been con-
structed [21].

Some studies focused on the power load forecasting of BSM. For
example, Dai et al. [22] forecasted the charging load, considering
the hourly number of EVs, charging start time, travel distance,
and charging duration. While more studies focused on the infras-
tructure assignment optimization in the forecast such as [23–25].
Seldom studies about BSM are considering its impact on balancing
power load or influencing generation costs. In addition, when ana-
lyzing the influence of charging load under BSM, most researches
defaulted that EV drivers’ swapping behaviors would not impact
the charging behaviors of battery swapping stations, since it
usually takes a short time to finish a battery swapping and
operators of battery swapping stations could conduct charging
independently. If the quantity of batteries reserved in battery
swapping stations is large enough, operators of battery swapping
stations will conduct charging in advance and independently in
BSM. They tend to charge batteries according to the time-of-use
(TOU) price for making profits or for energy saving purposes.
However, our actual survey in China indicates that several reasons
lead to the conditional charging behaviors of battery swapping
stations. Firstly, in the initial period of BSM, the limited develop-
ment scale of BSM leads to a relatively small demand of batteries
for swapping. Secondly, the high cost of batteries at present makes
operators hesitant for purchasing more batteries. Thirdly, the
charging behaviors of battery swapping stations will be affected
significantly by the multiple battery swapping demands of EV
fleets such as taxis, which will swap batteries many times per
day. Therefore, it is essential to study EV users’ swapping behaviors
in BSM. To the best of our knowledge, no study has focused on this
issue. Therefore, we devote to explore the impacts of EV user’s
behaviors in this paper. In addition, we assume that once the EV
users switch a low capacity battery to stations, operators charge
it immediately. In this way, the battery utilization rate could be
improved, and battery cost could be reduced for operators. Our
main contribution is to analyze the electric load impacts caused
by EV users’ switch behaviors instead of the independent charging
mode of battery swapping stations.

This paper conducts a forward-looking study on an EV fleets’
coordination battery switch in BSM based on our actual survey in
Haikou, the capital city of Hainan province of China. We focus on
the impacts of drivers’ switch behaviors and strive to determine
the load impacts on the power grid side and generation side. In
addition, the joint benefits of the charging, discharging and storage
functions of BSM are discussed. For the remaining part of this
paper, we conduct charging load optimization based on diversified
drivers’ switch preferences in Section 2. In Section 3, we assess the
impacts of the optimization results on the power grid side. For
assessing the impacts on the generation side, we build an opti-
mization model, setting the lowest cost of thermal generation units
as the target in Section 4. Based on different charging optimization
ratios, Section 5 conducts case studies for charging and discharg-
ing. We also compare the joint impacts of varied optimized charg-
ing scenarios on power generation cost and the quantity of wind
power under two cases. Section 6 presents the research’s
conclusions.
2. Optimization of charging load distribution

2.1. Status quo of load distribution

In this paper, we conduct an analysis for BSM based on our
investigations in Haikou City. Haikou is a pilot city of developing
electric vehicle, in which our research team has conducted the field
survey for more than half a year in Haikou City and collected
detailed operation data of battery swapping stations. In Haikou
City, the China Southern Power Grid Company is responsible for
building swapping stations and charging batteries. Moreover, the
swapping stations could carry out battery swapping and charging
at the same time. That is to say, used batteries would be replaced
by fully charged batteries and charged immediately in the swap-
ping station. For the total 253 electric vehicles in Haikou City, each
EV is equipped with four batteries, and the total battery capacity is
24 kW h. When the capacity state of the battery is lower than 30%,
it should be switched to stations and charged immediately.
Typically, it takes approximately one hour to fully charge a battery.
According to the new energy vehicle plan of Haikou City [26], it
would promote 5000 new energy vehicles. Treating the practical
operation data of taxis as the reference for operation
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characteristics, we assume the quantity of EVs as 5000 in our anal-
ysis and the charging behaviors are consistent with the existing
EVs. According to Load Density Method, we could calculate the
power load level with 5000 EVs based on the formula (1).

pc
t ¼

QEV

Q 0EV

� pc0
t ð1Þ

where pc
t is the charging load at time t with 5000 EVs and pc0

t is the
charging load at time t with practical size of EVs; QEV is 5000 and
Q 0EV is the actual quantity of EVs in Haikou City, which is 200. We
have recorded the actual charging power at each hour for 92 days,
based on which the average charging power of each hour could be
calculated, namely pc0

t . Then, the power load with 5000 EVs could
be acquired through formula (1). The power load demand curve of
2015 could be obtained as Fig. 1. As shown in Fig. 1, the electric load
demand of residents in Haikou City maintains a high level during
9 am to 9 pm every day, and the peak time is from 9 am to 12 am.
When the scale of EVs arrives at 5000, the charging demands similar
to exiting distribution will increase the load peak-valley difference,
which is mainly caused by low charging demands during valley
time and the coincidence effect of high charging demand and peak
daily load. The existing charging distribution is not conducive to the
stability of the power grid, so it is necessary to optimize the users’
charging mode.

2.2. Optimal charging mode (OCM)

Based on the actual data, most drivers of taxi fleets work during
the daytime and rest at night. The average times of battery swap-
ping for every taxi driver is two to four times per day. In this paper,
we assume that every taxi driver conducts battery swapping three
times. In determining the time interval for battery swapping and
obtain the optimal charging mode (OCM), we have considered sev-
eral constraints as follows:

(1) Avoiding charging during the peak load period. Residents’
daily peak load occurs from 9 am to 12 am, so the charging
load during this period is reduced.

(2) The time from 18 pm to 21 pm is the busiest time for taxies
every day, so drivers prefer to prepare sufficient power prior
to this period.

(3) Most taxi drivers rest from 2 am to 5 am, and most drivers
prefer replacing the batteries before this period or after this
period, so the charging demand of this period is relatively
low.

Based on the above constraints, the optimal battery swapping
actions would be assumed to occur during the periods excluding
the 3 periods above and the optimization charging load is
distributed as shown in Fig. 2. There are no charging load
distributions during three periods, namely, 2 am to 5 am, 9 am to
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Fig. 1. Daily load prediction based on 50
12 am, and 18 pm to 21 pm. In the other three periods, taxi drivers
conduct battery replacement, and the charging load distribution is
subject to uniform distribution. Based on the total quantity of
practical charging power per day, we equally divide the power
volume into 3 portions for the 3 periods and evenly divide the
power for every hour for each period.

To make charging demands more realistic, we considered the
behavior preferences of taxi drivers. In the absence of incentives,
taxi drivers are often not willing to change their existing behaviors,
so we subdivide the simulation into 10 scenarios. In each case, a
certain percentage of drivers would choose OCM under the incen-
tives, while others would insist on using their original charging
mode (ORCM). The ORCM refers to the charging mode taxi drivers
actually implemented, and the data we have collected is about this
mode, in which the swapping times and swapping starting time are
random. In this paper, we do not discuss how to motivate drivers’
behaviors. The simulation of the charging load distribution under
several scenarios is shown in Fig. 3.

3. Assessment of load optimization’s impact from power grid
side

The Development Plan for Charging Service Network of Electric
Vehicles during the ‘‘Twelfth-Five Year’’ plan [27] noted that ordered
charging would reduce the peak and valley load difference,
improve the load rate, prevent the ‘‘peak-plus peak’’ phenomenon
and promote the economical operation of the power grid.
Therefore, this paper uses the load fluctuation ratio, peak and val-
ley difference, and load ratio as three indicators to evaluate the
impacts of charging load optimization [28] on the power grid side.

3.1. Evaluation indicators

(1) Load fluctuation !
12 13
UR 
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LðtÞ=24
where LðtÞ is the load without considering EV charging at time t; Pav

is the average load of LðtÞ; Pc
j;t is the charging load of EV j at time t ;

and M is the total number of EVs.
(2) Load rate
F4 ¼ P0av=maxðLðtÞ0Þ ð3Þ
0 X
c
LðtÞ ¼ LðtÞ þ

M

j¼1

Pj;t
where LðtÞ0 is the load with EV charging load at time t and P0av is the
average load of LðtÞ0 .
14 15 16 17 18 19 20 21 22 23

load of EVs(5000)

in battery swapping mode.



0
50

100
150
200
250
300
350
400
450
500

0 1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18 19 20 21 22 23

M
W

HOUR
Basic power load Power load of EVs(5000)

Fig. 2. Charging demand distribution under OCM.
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(3) The difference of peak-valley load
F5 ¼ max LðtÞ0 �min LðtÞ0 ð4Þ
where max LðtÞ0 is the peak load and min LðtÞ0 is the valley load of
LðtÞ0.

3.2. Results of evaluation

Based on the load data of each scenario, the results are obtained
according to Eqs. (2)–(4). As shown in Fig. 4, with the growing pro-
portion of OCM in total charging, all three indictors are improved
significantly. The load fluctuation and peak-valley load difference
decline, so OCM is beneficial for balancing peak load and valley
load by shifting some parts of the peak load to valley load. From
the results of the load rate indicator, the load rate increases and
the OCM also lowers the maximum daily load. As a result, load
fluctuation decreases as well. Therefore, the OCM is beneficial for
balancing the total load during a day, which means it could help
the power grid operate stably and economically. As for the gener-
ation side, we have to conduct an additional analysis.

4. Assessment of load optimization’s impact from generation
side

4.1. Objective function

Battery swapping stations could meet users’ demands, work as
an energy storage device and provide ancillary service to the
power grid. In Haikou, Coal-fired power accounts for about 60%.
Nuclear power accounts for about 17%. Because nuclear power
works as the base load, its power output is essentially constant,
it would not affect other power’s scheduling. Therefore, we do
not consider nuclear power in our model. In addition, our
research devotes to explore the impacts of EVs’ charging mode
on the thermal power generation cost and coal consumption.
Since the burning coal is the dominant contributor to carbon
emissions in China, so that we need one kind of clean energy to
be different with coal power in our analysis. Haikou is a coastal
city and is very rich in wind resource, and local government
has devoted to promote wind power. Therefore, we only consider
wind power and coal power in our analysis. In doing so, the
simulation results of the cost and coal consumption of generators
may be impacted slightly, but it can significantly simplify the
calculation. Due to wind power’s instability, it needs assistance
from other traditional generators for receiving access to the grid.
Battery swapping stations could charge batteries by using wind
power during off peak load time and transfer the stored electric-
ity back to the grid during the peak load time. As a result, when
the scale of battery swapping stations increases to a certain size,
they could replace part of the thermal units so that the coal con-
sumption of the generation side would be reduced. To analyze the
impact of charging modes on the generation side, we regard the
lowest cost of generation as the target and build an optimization
model.

min F1 ¼
XT

t¼1

XI

i¼1

½ui;t f 1ðgi;tÞ þ ui;tð1� ui;t�1ÞSi;t � ð5Þ
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where I is the total number of thermal power units; T is the time
length; ui;t is a 0–1 variable (ui;t ¼ 1 means unit i is turned on at
time t, and ui;t ¼ 0 means unit i is turned off at time t); gi;t is the out-
put power of unit i at time t; f 1ðgi;tÞ is the power generation coal
consumption of unit i at time t ; and Si;t is the startup coal consump-
tion of unit i at time t.

f 1ðgi;tÞ ¼ ai þ bigi;t þ cig2
i;t ð6Þ

where ai, bi, ci are the coal consumption parameters of unit i.

4.2. Constraints

4.2.1. Electricity demand and supply balance constraints

(1) Only considering renewable energy and battery’s charging
XI

i¼1

gi;tui;tð1� hiÞ þ
XM

w¼1

pw;tð1� hwÞ ¼ LðtÞ þ pc;tð1þ qcÞ ð7Þ
(2) Considering renewable energy and battery’s charging and
discharging
XI

i¼1

gi;tui;tð1� hiÞ þ
XM

w¼1

pw;tð1� hwÞ þ xd;tpd;tð1� qdÞ

¼ LðtÞ þ xc;tpc;tð1þ qcÞ ð8Þ
where hi is the auxiliary power consumption rate of thermal unit i
and hw is that of wind power plants; M is the total number of wind
power plants; LðtÞ is the power load without considering EV charg-
ing at time t; pc;t;pd;t is the total charging power and discharging
power of battery swapping stations at time t respectively; xc;t is a
0–1 variable (xc;t ¼ 1 represents that the swapping station is charg-
ing at time t, and xc;t ¼ 0 represents that the swapping station is not
charging at time t); xd;t is a 0–1 variable (xd;t ¼ 1 represents that the
swapping station is discharging at time t, and xc;t ¼ 0 represents
that the swapping station is not discharging at time t); and qc;qd

represents the loss factor of the battery’s charging and discharging,
respectively.

4.2.2. Constraints for thermal units

(1) Constraints for thermal units’ output power
ui;tgmin
i;t 6 ui;tgi;t 6 ui;tgmax

i;t ð9Þ
gmax
i;tþ1 ¼minðui;tgmax

i;t ; gi;t þ Dgþi Þui;t
gmin
i;tþ1 ¼maxðui;tgmin

i;t ; gi;t � Dg�i Þui;t

where gmax
i;t ; gmin

i;t are the maximum and minimum output
power of unit i at time t, respectively; and Dgþi ;Dg�i are the
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maximum and minimum ramp rate of unit i at time t,
respectively.
(2) Constraints for thermal units’ climbing output power
Dg�i 6 gi;t � gi;t�1 6 Dgþi ð10Þ
(3) Constraints for thermal units’ start time and down time
ðTon
i;t�1 �Mon

i Þðui;t�1 � ui;tÞP 0

ðToff
i;t�1 �Moff

i Þðui;t � ui;t�1ÞP 0
ð11Þ

where Mon
i is the minimum startup time of unit i; Ton

i;t�1 is the

continuous operation time of unit i at time t � 1; Moff
i is the

minimum shutdown time of unit i ; and Toff
i;t�1 is the continu-

ous shutdown time of unit i at time t � 1.

(4) System backup service constraints
(1) The generators only include thermal units and wind
plants

XI

i¼1

ui;tðgmax
i;t � gi;tÞð1� hiÞP R1

t þ R1
w;t

XI

i¼1

ui;tðgi;t � gmin
i;t Þð1� hiÞP R2

w;t

8>>>><
>>>>:

ð12Þ

R1
t ¼ k

XI

i¼1

ui;tgi;t ðn ¼ 1;2Þ

Rn
w;t ¼ gn

XM

w¼1

pw;t ðn ¼ 1;2Þ

(2) The generators include thermal units, wind plants and
vehicle to grid (V2G) power

XI

i¼1

ui;tðgmax
i;t � gi;tÞð1� hiÞP R1

t þ R1
w;t þ R1

d;t

XI

i¼1

ui;tðgi;t � gmin
i;t Þð1� hiÞP R2

w;t þ R2
d;t

8>>>><
>>>>:

ð13Þ

R1
t ¼ k

XI

i¼1

ui;tgi;t ðn ¼ 1;2Þ

Rn
w;t ¼ gn

XM

w¼1

pw;t ðn ¼ 1;2Þ

Rn
d;t ¼ cnpd;t ðn ¼ 1;2Þ

where R1
t is the system spinning reserve capacity at time t; R1

w;t is
the spinning reserve capacity for wind power when load goes up;
R2

w;t is the spinning reserve capacity for wind power when load

goes down; R1
d;t is the spinning reserve capacity for V2G power

when load goes up; R2
w;t is the spinning reserve capacity for V2G

power when load goes down; k represents the proportionality
coefficient of system spinning reserve capacity; and gn; cn repre-
sents the proportionality coefficient of spinning reserve capacity
for wind power and V2G power, respectively.

4.2.3. Constraints for battery swapping stations
Due to the feasibility of battery capacities in battery swapping

stations, they could accomplish battery charging and discharging
at the same time, which is different from direct charging mode.
However, the total capacity of battery charging and discharging
should not surpass that of all of the batteries in battery swapping
stations. Moreover, battery discharging cannot be performed until
the EV users’ demands are satisfied.

(1) Electricity supply and demand balance for batteries

(1) Only considering battery’s charging

Ct ¼ Ct�1 þ pc;t�1 � p�c;t�1 ð14Þ

(2) Considering battery’s charging and discharging

Ct ¼ Ct�1 � xd;t�1pd;t�1 þ xc;t�1pc;t�1 � p�c;t�1 ð15Þ

where Ct is the electricity quantity of all of the batteries at
time t and p�c;t is the electricity demand for EVs.

(2) Constraints for battery capacity
xd;tpd;t þ xc;tpc;t 6 Ctotal ð16Þ
Ct 6 Ctotal ð17Þ

where Ctotal is the total capacity of all of the batteries in bat-
tery swapping stations.
(3) Constrains for the priority of EV user’s demand

(1) Only considering battery’s charging

Ct þ pc;t P p�c;t ð18Þ

(2) Considering battery’s charging and discharging

Ct � xd;tpd;t þ xc;tpc;t P p�c;t ð19Þ

5. Case study

In this paper, two cases are considered when analyzing the
impacts of EV drivers’ swapping behaviors, the process is depicted
in Fig. 5. Compared with Case A, Case B adds more batteries in the
battery swapping stations for storage and V2G demand and keeps
other conditions unchanged. Based on this premise, the constraints
for Case A and Case B are partly different accordingly. Ultimately,
we could get the results of different combinations of ORCM and
OCM for Case A and Case B, respectively.

The main wind farms near Haikou City are Eman wind farm and
Wenchang wind farm. The installed capacity of Wenchang wind
farm is 120 MW and that of Eman is 49.5 MW. Considering other
cities would share this power source, the installed wind power
for Haikou City is set as 120 MW, and the average wind power out-
put rate is 25.6% according to the Long-term operation safety and
economic research report of China Southern Power Grid [29]. In this
paper, we adopt a four-unit thermal power system to simulate
thermal units and run the simulation via GAMS optimization tools.
5.1. Basic data

Many scholars [30–32] have used the unit simulation system
and verified its feasibility. According to Song and Ju [30–32], the
basic data set for thermal power units in this paper is shown in
Table 1.

According to the output rate distribution of wind power in the
New Energy Consumptive Research Report by China Southern Power
Grid, the output power of wind plants in 24 h could be obtained,
as shown in Table 2. Moreover, the proportionality coefficients of
the spinning reserve capacity k;gn; cn are set as 5%.



Fig. 5. Analysis process.

Table 2
Output power of wind plants.

Hour Available wind
power (MW)

Hour Available wind
power (MW)

Hour Available wind
power (MW)

1 32.4 9 38.4 17 69.6
2 33.6 10 40.8 18 54
3 32.4 11 42 19 43.2
4 34.8 12 46.8 20 33.6
5 33.6 13 49.2 21 27.6
6 36 14 55.2 22 28.8
7 37.2 15 61.2 23 25.2
8 39.6 16 70.8 24 24

R. Rao et al. / Applied Energy 155 (2015) 547–559 553
5.2. Case A – Battery swapping stations only conduct EV charging

In this case, operators only conduct battery charging and swap-
ping service. So, they only purchase enough batteries to meet the
demands of EV charging. According to the practical charging
demand per hour of users, we assume that the capacity of the
reserve batteries in the battery swapping station is 40 MW. The
total amount of charging power per hour should meet formulas
(7), (14) and (18). The programming results are displayed in
Table 3.

From Table 3, with the increase of OCM, all five indicators
fluctuate significantly. The fluctuation trends of total coal
consumption, total thermal power generation, unit thermal power
generation coal consumption, and unit system power generation
coal consumption are similar. The total thermal power generation
arrives at its maximum value at 40% OCM, while the peak value of
total coal consumption, unit thermal power generation coal con-
sumption, and unit system power generation coal consumption
appears at 50% OCM. It is worth noting that those indicators are
significantly improved at 90% OCM and reach the optimized value
at 100% OCM. That is, when all drivers’ charging behaviors comply
with 100% OCM, it could reduce nearly 100t coal consumption and
more than 7 g/kW h unit power coal consumption on the genera-
tion side. Therefore, the effects of the optimized charging mode
are significant. Conversely, the tendency of total wind power gen-
eration also fluctuates. When OCM is 0%, 30%, 60%, 70%, 90%, and
100%, all of the wind generation power could be integrated into
the power grid, while in other cases, a wind curtailment phe-
nomenon happens.

The simulation results indicate that the generation side could
reduce coal consumption and eliminate wind curtailment in some
charging optimization scenarios, but it is difficult for supervisors to
control the optimization degree because the simulation effects
fluctuate. To explore the impacts of EV volume on the simulation
results, we assume that the number of EVs increases to 10,000,
15,000, and 20,000, respectively. In each case, the batteries
Table 1
Basic data for thermal power units.

Unit gmin
i (MW) gmax

i (MW) Dgþi (MW) Dg�i (MW) ai (1

1# 150 300 150 �150 2.39
2# 100 200 100 �100 4.59
3# 70 150 70 �70 4.15
4# 30 80 50 �50 9.01
reserved in the battery swapping stations are just enough for EV
demands, and the conditions for residential power loads, genera-
tion unit parameters, wind power plant parameters and drivers’
swapping behaviors are kept the same.

Figs. 6 and 7 illustrate the total thermal power coal consump-
tion and unit coal consumption across different scales of EVs,
respectively. With the growth of EV quantity, the total coal con-
sumption increases due to additional charging demands.
However, Fig. 6 indicates that the unit coal consumption decreases
along with an increase in EV quantity. Total coal consumption and
unit coal consumption show similar change trends for each EV
quantity. In the case of 10,000 vehicles, although the simulation
results still fluctuate, the fluctuation degree is weakened compared
with the case of 5000 EVs. Moreover, the peak values in the case of
10,000 EVs decrease significantly with the increasing OCM. When
the number of EVs increases to 15,000 and 20,000, the fluctuations
of the simulation results disappear, and both the total and unit
thermal power coal consumption decrease with the increasing
OCM. In addition, the unit thermal power coal consumption in
the case of 20,000 EVs is significantly smaller than that of the case
of 15,000 EVs. The empirical results indicate that the development
of EV features a significant scale economy.
0�5) bi ci Mon
i (h) Moff

i (h) Si (t) hi (%)

0.304 7.27 6 6 48.6 6.1
0.328 4.65 5 5 22.9 7.3
0.332 3.54 4 4 12.9 8.3
0.337 1.43 3 3 6.3 7.7



Table 3
Programming results in case A.

Charging
mode

Total coal
consumption (t)

Total thermal power
generation (MW)

Total wind power
generation (MW)

Unit thermal power generation
coal consumption (g/kW h)

Unit system power generation
coal consumption (g/kW h)

100%ORCM 3125.29 8927.72 990.00 350.07 315.12
10%OCM and 90%ORCM 3325.24 9088.03 860.91 365.89 334.23
20%OCM and 80%ORCM 3338.20 9088.03 845.98 367.32 336.04
30%OCM and 70%ORCM 3107.47 8920.89 990.00 348.34 313.54
40%OCM and 60%ORCM 3330.93 9097.64 867.91 366.13 334.24
50%OCM and 50%ORCM 3370.59 9093.32 883.31 370.67 337.85
60%OCM and 40%ORCM 3167.18 8921.06 990.00 355.02 319.56
70%OCM and 30%ORCM 3115.50 8924.84 990.00 349.08 314.23
80%OCM and 20%ORCM 3229.16 9085.30 880.23 355.43 324.03
90%OCM and 10%ORCM 3058.03 8918.46 990.00 342.89 308.63
100%OCM 3033.60 8850.88 990.00 342.75 308.27

Note: Unit system power generation coal consumption = total coal consumption/(total thermal power generation + total wind power generation).
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Fig. 6. Total coal consumption in different EV volumes.
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Fig. 7. Unit thermal power coal consumption in different EV volumes.
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Fig. 8 shows the wind power generation across diverse quanti-
ties of EVs. The wind curtailment is obviously reduced with the
augments of EVs. Especially, the wind curtailment is cleared in
the cases of 15,000 EVs and 20,000 EVs, which also implies that
the development of EV has the characteristic of scale benefit.
Interestingly, the curve direction of wind power generation in
the case of 5000 EVs and 10,000 EVs is mostly opposite to that of
coal consumption, which could explain the reasons that cause
the fluctuations of the other indicators. More thermal power is
needed when the wind power plants could not operate in full load,
which leads to a growth in total coal consumption, thermal power
generation, and unit coal consumption. On the other hand, the
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Fig. 8. Wind power generation in different scales of EVs.

Table 4
Programming results in case B.

Total coal
consumption
(t)

Total thermal
power
generation
(MW)

Total wind
power
generation
(MW)

Unit thermal power
generation coal
consumption
(g/kW h)

Unit system power
generation coal
consumption
(g/kW h)

Quantity of
discharging
power (MW)

100%ORCM 3102.05 8921.05 990 347.72 312.83 5.02
10%OCM and 90%ORCM 3082.99 8901.42 990 346.34 311.20 15.43
20%OCM and 80%ORCM 3074.33 8918.51 990 344.71 310.11 5.02
30%OCM and 70%OCM 3068.18 8917.02 990 344.08 309.70 0
40%OCM and 60%ORCM 3067.11 8916.54 990 343.98 309.27 10.86
50%OCM and 50%ORCM 3065.47 8916.86 990 343.78 309.43 0
60%OCM and 40%ORCM 3063.88 8917.90 990 343.57 309.24 0
70%OCM and 30%ORCM 3055.23 8918.36 990 342.58 308.35 0
80%OCM and 20%ORCM 3043.88 8917.84 990 341.32 307.22 0
90%OCM and 10%ORCM 3031.26 8914.50 990 340.04 306.05 0
100%OCM 3007.16 8850.22 990 339.78 304.87 23.43

Note: Unit system power generation coal consumption = total coal consumption/(total thermal power generation + total wind power generation + total quantity of dis-
charging power).
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wind power can replace the thermal power when wind power
plants are fully operated, which causes a reduction in total coal
consumption, thermal power generation, and unit coal consump-
tion. To summarize, the simulation results indicate that the effects
of OCM are significant and stable as the number of EVs increases.
5.3. Case B – Battery swapping stations conduct EV charging and
discharging

In case B, operators reserve more batteries, which can be taken
as a power storage station. Considering battery cost and a reason-
able surplus range, this paper assumes that the capacity of total
reserve batteries in case B is 80 MW, twice the value in case A.
Battery swapping stations charge batteries during off peak load
time and transfer the reserved energy back to the power grid after
satisfying EV users’ demand. The programming results are dis-
played in Table 4.

Unlike the results of case A, the results of case B show linear
trends in each indicator, and the results of each indicator are
improved with the increasing OCM even if the scale of EVs is
5000. As shown in Table 4, the results of the total coal consump-
tion, total thermal power generation, unit thermal power genera-
tion coal consumption, and unit system power generation coal
consumption decrease with the rise of OCM. From 100% ORCM to
100% OCM, 94.892t coal and 70.833 MW thermal power are
reduced. Moreover, both the unit thermal power generation and
unit system power generation coal consumption decrease nearly
8 g/kW h. In addition, the wind power plants are operated in full
load for each charging scenario.

We also simulate case B at different scales of EVs. Although the
total coal consumption swells along with the growing EV volumes
(Fig. 9), the unit coal consumption decreases with the EV scales
(Fig. 10). Figs. 9 and 10 also show that both the total and unit coal
consumption decrease significantly with the growth of OCM.
Specifically, approximately 100t coal is saved from 0% OCM to
100% OCM, and the unit coal consumption decreases more than
4 g/kW h with OCM.

Fig. 11 indicates that the discharging volume of batteries is very
small in the case of 5000 EVs and will increase when the scale of
EVs increases. However, the discharging volume of batteries fluctu-
ates significantly with the growth of OCM in each case. Therefore,
the discharging effects are not as obvious as the effects of saving
coal across OCM rates.

To summarize, the results of case B show that a larger quantity of
batteries in battery swapping stations could stabilize the
generation of renewable energy and expand the benefits of the
generation side. Because the discharging effects are not obvious,
the benefits for the generation side are mainly due to the storage
function of battery swapping stations other than battery discharging.
5.4. Comparison analysis

According to the report of China Southern Power Grid
Corporation [29], the coal price of Hainan Province was
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1010 yuan/t in 2014, a relatively high price due to the scarce coal
resources in this region. In this section, we take the results of case
A and case B together to compare their generation cost. We use a
solid line to represent case A and a dashed line for case B. The
results are shown in Figs. 12 and 13.
From Fig. 12, the total coal consumption cost of case A is higher
than that of case B regardless of the scale for EVs. However, the dif-
ference between case A and case B shrinks significantly with the
growth of the EV scale. Due to fluctuations of case A, the difference
between case A and case B is not stabilized across various optimal
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charging rates when the EV scale is 5000 and 10,000. In the case of
5000 EVs, when the charging optimization ratio is 10%, 20%, 40%,
50%, and 80%, the total coal cost of case B reduces to nearly 0.25
million yuan per day compared with that of case A. When the
charging optimization rate is from 10% to 40% in the case of
10,000 EVs, the cost of case A is over 0.2 million yuan per day
higher than that of case B, and the difference is lower than 0.1 mil-
lion yuan per day for other optimization rates.

From Fig. 13, unlike the total cost comparison, the unit genera-
tion cost in case A is constantly higher than that of case B. Because
of the fluctuations in case A, the unit coal cost at some optimal
charging rates is obviously higher than that in case B when EV
capacity is 5000. For example, when the optimal rate is 10%, 20%,
40%, 50%, and 80%, the unit generation cost of case A is nearly
0.02 yuan/kW h higher than that of case B. The difference is small
when the amount of EVs reaches 10,000, even if fluctuations are
still exiting. When the number of EVs arrives at 15,000 and greater,
the difference is very small and becomes stable. Therefore, a larger
number of EVs alleviate the disparity between case A and case B.

Moreover, wind power generation in case B keeps fully generat-
ing constantly at each EV amount, while that of case A has wind
curtailment at certain rates when the quantity of EVs is 5000 and
10,000.

The empirical results indicate that the optimization effect in
case B is more prominent than that in case A. Since there are more
reserve batteries in battery swapping stations, case B achieves a
lower total coal consumption and coal consumption of unit ther-
mal power, and more wind power is integrated into the grid. In
addition, the effectiveness of the optimal charging distribution is
more obvious in case B regardless of the scale for EVs. Because of
the limited quantity of EVs and the limited capacity of reserved
batteries, the effectiveness of saving generation costs is very sensi-
tive to the OCM rate, and it would improve with additional EVs on
the road and a larger battery capacity reserved in the stations.
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By the comparisons, from the generation side, increasing bat-
tery capacity could lower the total coal consumption and the coal
consumption of unit power and improve the grid permeability of
wind power. Changing and optimizing drivers’ battery swapping
time could increase the benefits of the generation side as well.
However, when the volume of batteries is small, as in the status
quo, changing drivers’ battery swapping behaviors would have a
limited effect on the generation side.
6. Conclusions

This paper optimizes the driver’s battery swapping behaviors to
realize the potential environmental benefit of EVs. OCM is pro-
posed as an optimized charging situation. We place emphasis on
the impacts of driver’s swapping behavior on the power grid side
and generation side.

For the impacts of OCM on the power grid side, empirical results
verify that the proposed optimal charging strategy is beneficial for
balancing the total load during a day by lowering the peak load and
the difference between the peak and valley load.

For the generation side, simulation results show that the quan-
tity of batteries in the battery swapping stations and the scale of
EVs will influence the OCM benefits on the generation side. A larger
volume of EVs or a larger capacity of batteries in stations could
improve the OCM effectiveness. On one hand, a large quantity of
EVs would improve wind power generation and help lower the
generation cost constantly. On the other hand, a large capacity of
reserve batteries in stations is an effective way to reduce genera-
tion cost and wind curtailment, even if the EV capacity is small.
When only based on these conditions, a higher OCM rate could
guarantee lower coal consumption and a higher generation volume
of wind power.

The empirical results indicate that the development of EV fea-
tures scale economy. Therefore, the ideal condition for the
improvement of EVs’ effectiveness under BSM is additional EVs
on the road and more batteries in the battery swapping stations
together with more reasonable drivers’ battery switch behaviors.
Under the actual situation in Haikou City, more electrified vehicle
fleets would achieve greater energy efficiency with BSM, and
meanwhile a larger scale of battery swapping stations could help
to achieve better efficiency as well. Moreover, OCM will benefit
the power grid and power generators and its benefits would be
strengthened when the number of EVs enlarges, which in turn will
promote the potential environmental benefits of EVs.

The methods for formulating OCM in Haikou City could be
applied in other areas in China as well. Similar with OCM for
Haikou City, 3 conditions should be considered when developing
the OCM for other cities, namely when is the busiest time for taxis,
when is the peak period for basic power load and when is generally
the rest period for drivers. Based on these 3 conditions, specific
OCM could be formulated for other areas.

In future works, we will place greater emphasis on the incen-
tives for guiding drivers’ behaviors and the business operation
model for battery swapping stations.
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