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Considering that the charging behaviors of users of electric vehicles (EVs) (including charging time and charging location) are
random and uncertain and that the disorderly charging of EVs brings new challenges to the power grid, this paper proposes an
optimal electricity pricing strategy for EVs based on region division and time division. Firstly, by comparing the number of EVs
and charging stations in diﬀerent districts of a city, the demand ratio of charging stations per unit is calculated. Secondly,
according to the demand price function and the principle of proﬁt maximization, the charging price between diﬀerent districts of a
city is optimized to guide users to charge in districts with more abundant charging stations. Then, based on the results of the zonal
pricing strategy, the time-of-use (TOU) pricing strategy in diﬀerent districts is discussed. In the TOU pricing model, consumer
satisfaction, the proﬁt of power grid enterprises, and the load variance of the power grid are considered comprehensively. Taking
the optimization of the comprehensive index as the objective function, the TOU pricing optimization model of EVs is constructed.
Finally, the nondominated sorting genetic algorithm (NSGA-II) is introduced to solve the above optimization problems. The
speciﬁc data of EVs in a municipality directly under the Central Government are taken as examples for this analysis. The empirical
results demonstrate that the peak-to-valley ratio of a certain day in the city is reduced from 56.8% to 43% by using the optimal
pricing strategy, which further smooth the load curve and alleviates the impact of load ﬂuctuation. To a certain extent, the problem
caused by the uneven distribution of electric vehicles and charging stations has been optimized. An orderly and reasonable
electricity pricing strategy can guide users to adjust charging habits, to ensure grid security, and to ensure the economic beneﬁts of
all parties.

1. Introduction
Since the 1990s, environmental pollution and fossil-energy
shortages have become increasingly serious [1]. Thus, energy-saving and environmentally friendly electric vehicles
(EVs) have attracted worldwide attention [2]. The United
States, Japan, and many countries in Europe have formulated relative policies to encourage the development of the
EV industry [3]. Through a series of policy incentives, the
Chinese government has also strongly supported the development of its domestic EV industry to promote the
production and sales of EVs, as well as the construction of
charging infrastructure [4]. According to statistics from the
Ministry of Industry and Information Technology of China,

the average fuel consumption of fuel passenger vehicles was
6.7 L/100 km in 2017. Calculated by kilometers traveled, the
emission factor of greenhouse gases was 152 g/km. In
comparison, the average fuel consumption of pure electric
passenger vehicles was 16.2 kWh/100 km, and the emission
factor of greenhouse gases was 0 g/km [5]. According to the
data released by the Ministry of Ecology and Environment of
China, the emission factor of air pollutants for pure electric
passenger vehicles during operation phase is 0 g/km. Thus,
EVs can reduce not only greenhouse gas emissions [6] but
also the emissions of pollutants such as hydrocarbons [7];
both reductions are conducive to achieve green, low-carbon
travel, to mitigate the global warming and climate change
crisis, and to alleviate environmental pollution [8]. Further,
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EVs can help promote the consumption of renewable energy
and reduce the dependence on fossil energy [9], thereby
promoting the development of a low-carbon economy and
the sustainable development of society. EVs are therefore an
important means in solving energy, environmental, and
transportation problems [10]. EVs encourage people to
adopt green and low-carbon travel, and EVs have promising
development prospects as well [11].
With continuous breakthroughs in key EV technologies
and the increasing improvements in charging infrastructure
[12], countries around the world have accelerated EV
technological innovation and have actively participated in
market competition [13, 14]. According to the “Global EV
Outlook 2018” released by the International Energy Agency
(IEA), the global electric vehicle market has grown to more
than 3 million vehicles in 2017, with an increase of 54% yearover-year. According to this estimation, global electric vehicle ownership will reach 13 million by 2030. By the end of
June 2018, there were 19.9 million new energy vehicles in
China, of which 1.62 million were pure EVs, leading world
production. As the Chinese government attaches great
importance to the development of the electric vehicle industry, a series of policies has been issued in macroplanning,
industry management, ﬁnancial subsidies, technological
innovation, and infrastructure construction [15]. According
to data released by the China Association of Automobile
Manufacturers, production and sales of EVs have been
steadily increasing from 2013 to 2018.
As seen in Figure 1, sales of pure EVs increased the most
in 2014 and 2015, indicating that the industry development
plan formulated by the government in the earlier period and
the current subsidy policy have achieved remarkable results.
In 2018, sales of pure EVs increased by more than 50%,
showing a strong momentum in the development of the
electric vehicle market. With the rapid growth of electric
vehicle ownership, China also has the fastest growth in
charging infrastructure (according to the data released by
China Electric Vehicle Charging Infrastructure Promotion
Alliance, there were approximately 7154 new public
charging stations installed every month in 2018, which is
18.2% higher than that in 2017). At present, China has
become the country with the most charging stations in the
world [16]. The distribution of charging stations in various
provinces and cities in China (excluding Hong Kong,
Macao, and Taiwan) at the end of 2018 is shown in Figure 2.
It can be seen that most provinces in China are equipped
with charging facilities. Among them, Beijing, Shanghai,
Guangdong, and Jiangsu are the leaders with more than
30000 charging stations.
With the promulgation and implementation of a series of
policies and incentives by the Chinese government, the use
of EVs has been widely promoted [17]. As such, problems
related to EV charging have gradually emerged, mainly in
the following three aspects.
Firstly, large-scale, unguided, and spontaneous EV
charging can aﬀect the safe operation of the electric power
grid, which is reﬂected in load balance, power quality, and
power grid construction planning [18]. The rapid increase in
the number of EVs and charging stations suggests that EVs
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are an important load on the power grid. When large
numbers of EVs charge during peak hours, it further aggravates the peak-to-valley diﬀerence and increases the
burden on the power grid. Even worse, when EVs charge in a
disordered manner, it enlarges the diﬃculty of peak shaving,
brings incremental cost of generator, increases pressure on
electricity transmission and on distribution networks, and
reduces the security and reliability of the power grid [19]. In
addition, charging EVs will create negative eﬀects on power
quality and increase the harmonic content of the power grid.
For power generation, the large-scale connection of EVs to
the power grid places higher requirements on the capacity of
the generator assembly [20]. For transmission and distribution networks, if there is large-scale EV charging at peak
hours, the charging may lead to overload, making the
construction planning of future power systems much more
uncertain [21].
Secondly, unreasonable charging pricing mechanisms
and methods have led to a failure of EVs being able to
respond eﬀectively to demand [22]. When large numbers of
EVs charge in an orderly way, the peak-to-valley diﬀerence
can be reduced, and the grid load characteristics can be
improved. Moreover, as distributed energy storage facilities,
EVs can adjust their real-time charging plans to meet the
needs of the electric power system [23]. Price is an important
means to guide EVs in playing their role in demand response. However, except in Beijing, the EV charging service
as a market has not started up in other places. Electric
vehicles have uniform prices set by the government, with the
pricing mechanism having little eﬀect on guidance and
adjustment by EV users. Under this circumstance, it is
diﬃcult for EVs to play their role in peak shaving and valley
ﬁlling [24] and in reducing the operating cost of the system
[25].
Thirdly, there also exist some problems in charging
stations, such as unbalanced utilization, high maintenance
costs, and poor revenue in the charging business. Generally,
the utilization rate of charging stations, such as stations for
public transportation and logistics, which are constructed
and operated according to the speciﬁc needs of their users, is
relatively high [26]; thus, the result is congestion in the
charging queue during peak hours. Meanwhile, other
charging stations, especially those located in remote areas,
experience low utilization rates. Even a part of the proportion of charging stations is 0%. The utilization rate of
charging stations in each area is extremely uneven, causing
idleness and wasting of resources to certain extents (from the
perspective of revenue, even the charging stations with high
utilization rates have very poor economic beneﬁts because of
the large preinvestments, high operating costs, and single
source of income [27]).
Using the above context, and fully considering the
charging demand of users and the impact of safe operation of
charging stations, this paper explores how to formulate a
reasonable and orderly charging strategy and how to formulate an eﬀective price response mechanism for electric
vehicles. Through the reasonable and orderly guidance of
user behavior, we can reduce not only the peak-valley difference in grid load but also the charging costs for users. To
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Figure 1: Production and sales of pure electric vehicles from 2013 to 2018.
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Figure 2: Distribution of electric vehicle charging stations in major provinces and cities in China (excluding Hong Kong, Macao, and
Taiwan).

guide the orderly charging of electric vehicles, users can
assist the grid frequency modulation to ensure the safe and
stable operation of the power system. Therefore, it is of great
signiﬁcance to optimize the pricing strategy of electric vehicle charging stations. Thus, the organization of the rest of
this paper is as follows. Section 2 summarizes the existing
research literature. Section 3 introduces the model description and construction process. Section 4 describes the

empirical analysis based on the modeling process and discusses the results. Section 5 summarizes the conclusions.

2. Literature Review
With the depletion of fossil fuels and the aggravation of
environmental problems, electric vehicles, as new energy
vehicles, have great potential in reducing environmental
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pollution and greenhouse gas emissions. However, with an
increasing number of electric vehicles being connected to the
grid for charging, the unreasonable charging plan of electric
vehicles may have a great impact on the safe operation and
economic beneﬁts of the grid system. Therefore, a reasonable
arrangement of the orderly charging of electric vehicles has
become a major research trend. In view of the above
problems, scholars in China and abroad have put forward
many research methods for orderly charging. These methods
can be summed up in two principle ways: one method is a
direct load control method, and the other method is based
on pricing strategy.
The direct load control method describes controlling the
charging power of the charging station by the distribution
network dispatching center or charging station and charging
on the basis of meeting the system safety and vehicle
charging requirements [28]. Qi et al. [29] proposed a
charging control method combining online control and
oﬄine control, which can charge by controlling charging
power. The current academic studies on EV charging stations mainly focus on a pricing mechanism. The research can
be divided into the following categories. On the one hand,
some studies mainly consider the technical factor of EV
charging on the power grid to design the pricing mechanism.
In other words, the cost of the charging technology is the
most important factor. Salah and Flath [30] applied a
deadline diﬀerentiated pricing scheme to incentivize ﬂexible
loads and claimed that varying PV capacity and the costs of
conventional generation were the main factors. He et al. [31]
formulated a multiclass combined distribution and assignment model, estimated electrical loads on the power distribution network, and optimized electricity prices at public
charging stations and road tolls. Due to the high technical
cost, this kind of pricing strategy often led to the charging
price exceeding aﬀordability for local residents, which is not
conducive to the development of EVs.
On the other hand, some studies mainly consider the
social and economic factors such as the developmental status
of EVs, residents purchasing power, and the public attributes
of electric products to the design the pricing mechanism.
This kind of pricing strategy can be further divided into three
categories: electricity consumption-based pricing, time-ofuse pricing, and zonal pricing. The electricity consumptionbased pricing strategy aims at reducing the electric load in
peak hours and managing the charging behavior by EVs
through controlling the amount of power supplied in corresponding time periods. The time-of-use pricing strategy is
more mature [32]. The main idea is to encourage EV users to
consume less electricity during the peak time period and
more electricity during the valley time period, in order to
guide the orderly charging of EVs. This method realizes the
role of load adjustment for the power grid and reduces load
ﬂuctuation and the associated adverse eﬀects when large
numbers of EVs access the power grid. According to existing
studies, peak–valley pricing [2, 33] and time-of-use pricing
[34, 35] can mitigate the negative eﬀects caused by the
aggregate charging behavior of EVs to a certain extent and
can play a better role in leveraging pricing. However, there
exist corresponding deﬁciencies in ﬂexibility and
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adaptability. Real-time pricing mechanisms [27, 36, 37] have
been less studied due to related technological restrictions.
The zonal pricing strategy mainly works by analyzing the
utilization ratio of charging stations in diﬀerent regions to
guide users’ charging behavior. Dong et al. [38] developed a
double-layer optimization model to redistribute the
charging load of EVs to optimize the charging pricing
scheme and minimize the total voltage magnitude deviation
of distribution networks [39]. Li et al. [4] took the users’
charging time and space constraints into consideration to
minimize the cost of each EV user. From the perspective of
the participants, there are three research perspectives. The
ﬁrst is a pricing strategy that prioritizes the interests of the
power grid and charging stations. For instance, Li et al. [40]
put forward a charging pricing strategy that would improve
the economic beneﬁts of electric power enterprises. The
second is a pricing strategy with priority given to EV users’
interests, such as Pu et al. [41] who established a customer
satisfaction model and proposed a coordinated pricing
strategy for charging stations based on multiagents. The last
pricing strategy considers multiple participants’ interests, for
example, the multiobjective charging optimization model
based on time-of-use price with the security of power grid
operation proposed by Cui et al. [42]. In this model, the
individual needs of users and the interests of all parties are
both addressed. Recent studies have changed from simply
ensuring the maximization of one participant’s interests to
considering the common interests of multiple participants.
In summary, most of the current works only consider a
single factor in the design of a pricing strategy. However, a
single time-of-use (TOU) pricing strategy cannot solve the
contradiction between charging congestion and charging
station abandonment by EVs nor can a single zonal pricing
strategy alleviate the impact of large-scale EV charging on
the power grid during peak usage periods. Only by examining the two dimensions of zonal and TOU pricing simultaneously can we formulate eﬀective strategies to solve
the above problems. There are currently few studies focused
on comprehensive analysis of multifactor pricing strategies,
which is an area that requires further exploration and more
detailed work. Accordingly, studies on multifactor, multidimension, and multiobjective pricing strategy are of great
signiﬁcance in motivating and guiding EV users to choose
the appropriate time and location for charging. Moreover, it
is conducive to improve the utilization eﬃciency of charging
stations, alleviate the negative eﬀects on the power grid,
enhance the demand response ability, and improve the
economic beneﬁts of EV charging services.
In the previous research, the optimal pricing model and
strategy of EV charging stations for the promotion of green
and low-carbon behavior are proposed from two dimensions: space and time [43]. A multiobjective optimization
model for centralized charging of EVs based on zonal and
TOU pricing is put forward to formulate an optimal pricing
strategy for EV charging. Firstly, through the demand of EVs
for unit charging stations in diﬀerent regions, the zonal
pricing model is constructed based on the demand price
function with the goal of maximizing proﬁts. Through price
diﬀerences, the model can guide users to transfer from
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regions where the charging stations are in short supply to
regions where the charging stations are in oversupply.
Secondly, taking the comprehensive consideration of user
utility maximum, grid revenue maximization, and grid
ﬂuctuation minimum, this paper constructs a TOU
pricing objective function and constraints. Thirdly,
nondominated sorting genetic algorithm II (NSGA-II),
which is a mature multiobjective optimization algorithm,
is utilized to optimize the pricing strategy [44]. The
empirical data from a municipality directly under the
Central Government is used to verify the validity of this
model. By exploring the pricing strategies for diﬀerent
periods in diﬀerent regions and further reﬁning the
charging price classiﬁcation of EVs, the utilization rate of
charging stations in diﬀerent regions can be improved,
reducing the impact on the power grid, but it can also
decrease users’ charging costs and improve the revenue of
charging stations through dynamic pricing strategies.
Thus, a win-win situation can be achieved.

charge station. Thus, the proﬁt function is a quadratic
function of price P with respect to L, and the optimal solution of the function appears at the point where the ﬁrst
derivative is 0; namely,
dL
(4)
MaxL �
� 0.
dP
Combining the ownership and demand of EVs in different regions, the optimal charging pricing of EVs in different regions can be obtained.
3.2. Multiobjective Optimal Model for Time-of-Use Pricing
(TOU Pricing)
3.2.1. Objective Function. Taking the economic beneﬁts of
users and power grids, as well as the power quality, into
account, this paper establishes a multiobjective pricing
optimization model, which has the objective of maximizing
the beneﬁts for both users and the power grid and minimizing the ﬂuctuation in the loads.

3. Model Description and Construction
3.1. Zonal Optimal Pricing Model. Based on the demand and
price, the demand price function of electric vehicles is
constructed, and then the proﬁt function is established.
Proﬁt can be obtained from charging revenue and then
subtracting costs, which include electricity costs, construction costs, operation and maintenance costs, and bank
interest, to obtain the optimal pricing strategy of each region
through calculation.
Establish the demand price function of electric vehicle
charging in each region:
Qid � d Pi  � bi − aPi .

(1)

Among them, Qid indicates the demand for electric
vehicle charging in the area i, bi is a constant, which
presents EV ownership of area i, Pi is the price for different regions, and a is a coeﬃcient. The formula reﬂects
the relationship between the quantity of charging demand
and the charging price. It is a monotonic decreasing
function; that is, the demand decreases with the increase
in charging price. We believe that for the regions with
high demand for charging, we can set a higher charging
price through the demand price function to increase the
charging cost of electric vehicles to guide some electric
vehicles to the neighboring regions that have lower demand for charging.
On this basis, the beneﬁts of charging station operators
cannot be ignored, we can establish a proﬁt function:
n

L(P) � Di × Pi − p)(1 + r)n ] − C,

(2)

i�1

Di � Qid × t,

(3)

where L(P) represents a proﬁt function and p expresses the
electricity purchase price (units: yuan/kWh). r represents
the annual growth rate of electric vehicles. t represents the
charging capacity per car. C represents the ﬁxed cost of the

(1) Maximizing User Beneﬁts. The purpose of setting a TOU
price is to guide users to charge when the price of electricity
is low to earn the price diﬀerence and reduce the peak-valley
diﬀerence in grid load [45]. However, users are not willing to
charge in all areas where price diﬀerences exist. Only when
the diﬀerential value of electricity prices exceeds a certain
range will users change their charging behavior and transfer
the charging to a diﬀerent region. In other words, we believe
that there is a certain threshold for the transfer of electricity.
Within the threshold range, users are willing to change their
charging mode (transfer charging capacity). While beyond
the threshold range, no matter how much the price changes,
users are not willing to change their behavior. Figure 3 shows
the relationship.
x is the diﬀerential value of electricity price and x1
represents the start threshold for users to change charging
behavior. In the region which is less than x1 , the incentive
eﬀect of changing electricity price on users is ineﬀective.
Similarly, electricity price spreads will not endlessly change
users’ charging behavior. x2 represents the saturation
threshold for users to change charging behavior. After this
threshold, no matter how the price increases, the users’
charging behavior will not change. y represents the probability that the user will change his/her charging behavior or
the probability of a power transfer.
This paper does not take the purchase cost of EVs into
consideration, but only considers the user’s satisfaction in
both the electricity consumption mode and the cost expenditure after the implementation of the TOU price.
Through reading and summarizing the literature, the
degree of satisfaction of electricity consumption mode can
be calculated by the following formula [42]:

 t
^ i − ge  × Δt
Tt�1 g
(5)
βi � 1 −
.
Tt�1 gti Δt
The satisfaction degree of the cost expenditure can be
expressed as
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Figure 3: Charging behavior change (power transfer probability) diagram.

ci �

′
g  × gti × Δt
tt�t+m−1
Pti − P
′
′

f − P
g ) × gti × Δt.
tt�t+m−1
P
′

(6)

Among them, Pti is the price for a period of time i;
Pf , Pg represent the peak hour price and trough price,
 ti is the
respectively; gi is the charging power for EV; g
charging power of the electric vehicle i in the period t
when the single user has the greatest travel satisfaction; Δt
is the charging time; and m is a time window for rolling
optimization. The greater the diﬀerence between the
optimized TOU price Pi and the original price is, the
higher the satisfaction of users with charging charges is,
and the greater the utility is.
To maximize user satisfaction, the objective function is
set as follows:
N

F1 � max  α1 βi + α2 ci ,

(7)

i�1

where α1 , α2 are the weight coeﬃcient.
(2) Maximizing the Revenue of Power Grid. For power grid
companies, dynamic electricity prices can make users of EVs
choose a charging start time that is independent of their own
needs for reducing charging costs. However, in the economic
market, the goal of all industries is to maximize economic
beneﬁts. Power grid companies can also achieve this goal by
setting a reasonable TOU price.
24 T

 i − c × Δt,
F2 � max  n × μj × P

(3) Minimizing Load Fluctuation in Power Grid. A large
number of decentralized and disorderly charging stations of
EVs will create challenges for the safe and stable operation of
the power system. As builders and operators of charging
stations, power grid companies need to consider not only
their own beneﬁts, but also power quality and grid security
as objectives. Through reasonable TOU pricing, users can be
guided to charge at staggered peaks to suppress load ﬂuctuations and facilitate the stable operation of the power grid.
The load ﬂuctuation of the power system is incorporated
into the objective function. The deviation between the total load
and the average load level after considering the charging load of
EVs is investigated. The objective functions are shown as follows:
T

n

2

1 ⎝
⎠ ⎥⎥⎤⎦,
F3 � min⎡⎢⎢⎣ ⎛
L +  gt − g⎞
Tt�1 t i�1 i

(9)

n
1 T⎝
⎠.
g � ⎛
Lt +  gti ⎞
T t�1
i�1

Among them, Lt is the basic load of the power grid at
time t and g represents the average load of the grid at time t.
3.2.2. Constraint Conditions
(1) Limit Constraints for TOU Price. The formulation of TOU
prices should be within the price range that users can aﬀord.
To avoid excessive TOU pricing, it is necessary to restrict the
ﬂuctuation limits of TOU prices.
 min ≤ P
i ≤ P
 max ,
P

i�1 j�1

(8)
N

1
μj �  gi,j .
N i�1
In this formula, μj represents the expected value of
charging power for the time periods j of an electric vehicle.

24
,
 avr � 1  P
P
24 i�1 i


f + P
 g 

P
 ≤ ε,
P


 i −
2 


(10)
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 min is the lower limit of the charging price for the ith
where P
 max is the upper limit of the charging price for the ith
hour; P
 avr is the ﬂoating benchmark value for the TOU
hour; and P
price.
(2) Beneﬁt Constraints of Power Grid. After implementing
the TOU price, power grid companies should be guaranteed
no reduction in revenue; that is,
R1 ≥ R 0 .

Qf − ΔQfp − ΔQfg  × Pf + Qp − ΔQpg + ΔQfp  × Pp
+ Qg + ΔQfg + ΔQpg  × Pg ≥ Qf + Qp + Qg  × P0 ,
ΔQfp � η1 ΔPfp ,
ΔQfg � η2 ΔPfg ,
ΔQpg � η3 ΔPpg .
(12)
According to the analysis of changes in users’
charging behavior, it can be seen that the transfer of
electricity is related to the price diﬀerence. In the formula, Qf , Qp , and Qg express the power demand in peak
hours, ﬂat hours, and valley hours, respectively; ΔQfp ,
ΔQfg , and ΔQpg are peak–ﬂat demand transfer,
peak–valley demand transfer, and ﬂat–valley demand
transfer, respectively. Pf , Pp , and Pg are the prices at the
peak, ﬂat, and valley time periods, respectively; P0 is the
price before optimization; η1 , η2 , and η3 are the demand
transfer rates of the peak-to-ﬂat, peak-to-valley, and ﬂatto-valley periods, respectively.
(3) Probability Constraints of Charging Volume Transfer for
Users. The power transfer probability of the TOF price is
related to the price diﬀerence, and there remains a trigger
threshold, which should meet the following constraints:
c l ≤ Pf − Pg .

(13)

(4) Voltage Oﬀset Constraint. According to GB/T
12325–2008, the deviation limits of 20 kV and the following
three phases supply voltage are nominal voltage. Therefore,
the normal range of node voltage Ui,j is
(1 − 7%)UN ≤ Ui,j ≤ (1 + 7%)UN .

(14)

(5) Expectation Constraints of Voltage Qualiﬁcation Rate.
Voltage qualiﬁcation rate (VQR) indicators FVQR are the
percentage of cumulative runtime tVQR and the total runtime T
that the actual operating voltage deviation is within the limits.
tVQR
(15)
FVQR �
× 100%.
T
The expected value MVQR,n of voltage qualiﬁcation rate
of charging TOF price node v can be expressed as
96
j�1 1 − qn,j 
96

MVQR,n ≥ 99%.

(17)

(11)

Speciﬁcally,

MVQR,n �

Among them, qn,j is the probability of voltage overrun of
node n in the time period j.
According to the regulation that the qualiﬁed rate of
voltage in EN50160 is not less than 99%, there are the
following constraints:

× 100%.

(16)

3.3. Optimization Algorithm. In engineering practice, the
mathematical model of many issues can be generalized as the
multiobjective optimization problem, which is not similar to
the single-objective optimization problem and its only one
optimal solution. The solution is a set called the Pareto
solution set. NSGA-II is robust and the noninferior solution
has a uniform distribution in the target space and good
convergence. With these characteristics, NSGA-II has become one of the popular multiobjective optimization algorithms and widely applied in engineering practice and
various disciplines. The NSGA-II, an improved version of
the NSGA, was proposed by Deb et al. [46]. The algorithm
improved NSGA mainly by enhancing nondominated
sorting eﬃciency, using crowding distance instead of sharing
parameters, and introducing elitist-preserving approach,
thus eﬀectively overcoming the three major deﬁciencies of
NSGA [47]. Meanwhile, by introducing a fast, nondominant
sorting procedure, the computational complexity is greatly
reduced, and the optimal preservation mechanism is provided. In this case, it can not only ensure the diversity of the
population by using a parameterless niching operator [48]
but also improve the ability of the optimization result to
approach the Pareto optimal frontier [41]. NSGA-II mainly
includes operators such as selection, crossover, and mutation. The selection mechanism is based on nondominated
sorting and crowding distance. Simulated binary crossover
(SBX) and polynomial mutation are utilized in NSGA-II, as
stated by Murugan et al. [49].
The speciﬁc procedures of NSGA-II are described as
follows and are shown in Figure 4.
Step 1. Set the algorithm parameters and the domain of
values of each decision variable.
Step 2. Randomly generate the initial population P0 in
the domain of decision variables, that is, coding the
feasible schemes and initializing a majority of pricing
strategy schemes that satisfy the constraint conditions.
Step 3. Calculate the ﬁtness value of each individual in
the parent population P0 , which means calculating the
values of multiple objective functions corresponding to
each scheme according to the established multiobjective optimization mathematical model.
Step 4. Perform nondominated sorting on the current
population according to their nondomination level
based on the objective function values, enable individuals to enter their own front set, and calculate the
crowding distance of individuals in each front
separately.
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4. Empirical Analysis

Start

4.1. Data Setting and Instructions
Set the algorithm parameters and the domain
of values of each decision variable

Randomly generate the initial population P0 in the
domain of decision variables; set iteration number t = 0
t=t+1
Calculate the fitness value of each individual in
the parent population P0

Perform nondominated sorting on current population according to
their nondomination level based on the objective function values,
enable individuals to enter their own front set, and calculate the
crowding distance of individuals in each front separately
Select dominant population according to the binary tournament
selection based on crowding-comparison operator, and perform
crossover and mutation on the selected parent population to generate
offspring population Q0

Combine parent and offspring population P0 and Q0 to generate R0;
then perform nondominated sorting on individuals in R0, and
calculate the crowding distance of them

Select the top N individuals as the parent
population P1 using the elitist-preserving approach

No

t > maximum
iterative number?

Yes
Output optimal solution

End

4.1.1. Case Background. To verify the feasibility and eﬀectiveness of the strategy proposed in this paper, the data
of new energy electric vehicles used in summer in a
municipality directly under the Central Government are
taken as research objects. We selected six municipal
districts in the city for research. For convenience, they
are expressed by the letters A–E. The municipal district
is a core component and regional development center of
the city and is characterized by a concentrated population, close regional connections, and strong mobility.
The characteristics of these municipal districts lay the
foundations for carrying out the zonal and TOU pricing
strategy for this paper.
After collecting the operational data from the charging
stations and other relevant information, this paper analyzes
the uncertain factors according to the power supply demand
of each region and the actual operation of the charging
stations; the aim is to improve the operating revenues of the
charging station and to guide EV users to charge reasonably
according to pricing strategy. Zonal pricing is to price the
electricity selling price at charging stations in diﬀerent regions. Using the data of the number of electric vehicles,
charging stations, and the eﬃciency of charging stations in
diﬀerent regions, the optimal pricing strategies in diﬀerent
regions are analyzed. On this basis, TOU pricing is to price
the electricity selling price of diﬀerent regions in diﬀerent
time periods. According to the peak and valley situation of
the traﬃc ﬂow and the working eﬃciency of the charging
station in diﬀerent periods, and considering the objectives of
user beneﬁt, operator beneﬁt, and grid ﬂuctuation and
multiple constraints, the optimal charging price of diﬀerent
regions in diﬀerent time periods is determined by comprehensive analysis [50]. Thus, we can achieve diﬀerentiated
pricing strategies in diﬀerent regions for diﬀerent time
periods.

Figure 4: Flowchart of NSGA-II algorithm calculation.

Step 5. Select dominant population according to the
binary tournament selection based on crowdingcomparison operator, and perform crossover and
mutation on the selected parent population to generate
oﬀspring population Q0 .
Step 6. Combine parent and oﬀspring populations P0
and Q0 to generate R0 ; then perform nondominated
sorting on individuals in R0 , and calculate the crowding
distance of them.
Step 7. Select the top N individuals as the parent
population P1 using the elitist-preserving approach.
Step 8. Determine whether the algorithm has reached
the set maximum iteration number. If so, stop optimization and output the optimal solution. Otherwise, return to Step 3 and repeat the above operation
until the set maximum number of iterations is
reached.

4.1.2. Data Setting. To facilitate the analysis, we set the
following parameters. Due to the characteristic that EVs stay
in residential or working areas for a long time, this paper
assumes that EVs are charged at a constant power and slow
speed. The sample number of EVs was 20000 with 70 kWh
battery capacity and 7.3 kW charging power. The minimum
control period of charging power of EV charging station is 1
hour, the charging price before optimization is 1.5 yuan/
kWh, and the maximum charging power transfer is 95%. On
this basis, the initial data of EV ownership and charging
stations are shown in Figure 5.
Notes. Number of electric vehicles per charging�The number
of electric vehicle/The number of charging stations.
From Figure 5, we can see that in the areas selected in
this paper, regions C and D have a suﬃcient number of EVs,
but a relatively inadequate supply of charging stations, while
region E, with a relatively small number of EVs, has a
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Figure 5: Contrast chart of electric vehicle ownership and charging station.

relatively large number and suﬃcient supply of charging stations. In the selected case, the demand for charging stations
varies in diﬀerent regions. For instance, in region D, which has
a higher number of EVs per charging station, the charging
stations may be inadequate, with EV users needing to wait in
line during the peak periods of charging, while in region E,
which has a lower number of EVs per charging station, the
utilization rate is low owing to the desolation of some charging
stations for weeks and months. Expanding charging stations in
places where EVs are in great demand can solve this problem,
but the execution is more diﬃcult and will be restricted by
technology, venue, and other aspects. The formulation of
electricity pricing policies in diﬀerent regions that guide users
to decentralize charging (charging in adjacent areas with
suﬃcient charging stations) can not only reduce the charging
cost of users but also increase the utilization rate of charging
stations and reduce the waiting time of charging queues,
providing a basis for zonal pricing.
4.1.3. Analysis of the Inﬂuence of Unguided EV Charging on
Power Grid. To analyze the inﬂuence of unguided charging
behaviors of electric vehicles on the grid, we have drawn the
daily demand data of charging vehicles and the original data
of the conventional load of the power grid in the corresponding analysis period. Figure 6 shows the comparison of
daily charging demand of EVs and daily load curves of the
power grid on a given day.
As seen from Figure 6(a), the daily demand curve of EV
charging is a normal distribution. The early peak period of
charging commences from 8:00 am to 3:00 pm, and the peak of
night charging starts from 18:00 to 20:00, which is consistent
with people’s life routine. Compared with the changes of daily
load curve from Figure 6(b), it can be seen that the trend of
charging peak is consistent with that of power consumption
peak. That is, this unguided and spontaneous charging behavior increases the ﬂuctuation on the grid. Charging in the
peak period of electricity consumption will undoubtedly

increase the load pressure on the grid and further widen the gap
between the peak load (maximum load) and low load (minimum load). As we all know, electricity cannot be stored. Power
generation, transmission, and use should be completed instantaneously, and the ideal load curve should be a horizontal
straight line. In this event, the generator unit can operate stably
for a long time with the lowest operation cost. However, there
will be incapability to emerge frequent starts and stops of
electric generating units and frequent dispatching of the power
grid. The peak–valley diﬀerence refers to the diﬀerence between
the maximum load and the minimum load in a certain period
of time. An increase in the peak–valley diﬀerence means that
we need to shut down more units in the low valley and start
more units in the peak valley. However, frequent starts and
stops of a unit will not only shorten its service life but also
increase its use cost. Additionally, it will further increase the
ﬂuctuation of the power grid, bringing security risks to the
power grid and increasing the diﬃculty of power grid dispatching. Charging during the peak period of the grid load will
further increase the peak load and widen the peak-to-valley
diﬀerence in the load, which will adversely aﬀect the safety and
economy of the grid. Under the circumstances, the formulation
and implementation of TOU pricing can make users respond
to the price and guide users to charge during the lowest periods
of power consumption, thus achieving the win-win goals of
reducing user charging costs, suppressing load ﬂuctuation of
the power grid, and ensuring the safety of the power grid
operation.

4.2. Optimization Strategy for Zonal Pricing. According to
formulae (1)–(3) and the principle of proﬁt maximization,
this paper optimizes the charging price of 6 regions in a city.
Combined with the data of electric vehicle ownership and
charging demand in diﬀerent regions, we can get the optimal
pricing results for each region, as shown in Table 1 and
Figure 7.
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Figure 6: Comparison of daily charging demand of electric vehicles and daily load curves of power grid. (a) Daily demand curve of charged
vehicles. (b) Graph of basic daily load curve of power grid.

Table 1: Optimal pricing of electric vehicle charging in various regions of a city.
Regions
A
B
C
D
E
F

Number of EVs

Supply–demand ratio
for charging station

578
845
1398
758
670
420

10.51
13.85
15.67
12.71
5.92
11.05

Daily demand (kW)
(before and after
optimization)
245
282
478
351
835
768
393
275
269
343
260
230

Optimal price
(yuan/kWh)
1.77
1.90
1.87
2.04
1.25
1.81
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Figure 7: Variations before and after optimization in diﬀerent regions.

Compared to the previous uniﬁed electricity price,
diﬀerent regions have diﬀerent pricing after optimization.
In Region A, for example, the charging price before optimization is 1.5 yuan/kWh (including 0.8 yuan/kWh for
electricity price and 0.7 yuan/kWh for service fee), and the
optimized charging price is 1.77 yuan/kWh, with an increase of 18%. Compared with the supply–demand ratio for
EV charging stations, there is a positive correlation between them. That is, the greater the ratio of supply–demand
for EV charging stations is, the higher the charging price
for the region is. When the ratio is large, there are more
EVs and fewer charging stations in this region. At the same
moment, it is likely that there are not enough charging
stations and charging needs lead to queuing and other
phenomena. According to the theory of supply and demand, when demand exceeds supply, the prices rise. Some
users can be guided into changing their charging behavior
and charging in adjacent regions with a lower charging
price, which can reduce the charging pressure. After optimization, the daily demand for EV charging in each
region has also shifted. In Region E, which has a lower
charging price, the daily demand has increased from
269 kW to 343 kW, with a 27.5% rise, while in Region D,
with the highest charging price, there is a downward trend
in daily charging demand. That is, to a certain extent, the
charging behavior is transferred from the high-price region
to the low-price region. The zonal pricing strategy can
eﬀectively guide users to decentralized charging, improve
the utilization eﬃciency of charging stations, and reduce
queuing time due to charging congestion. However, relying
solely on the zonal pricing strategy cannot solve the impact
of large-scale electric vehicle charging load on grid

security. Additionally, we believe further study into the
guiding role of pricing strategies for users in diﬀerent
periods based on zonal pricing is required.
4.3. Optimization Strategy for TOU Pricing. According to
the load change of 24 hours in a day shown in Figure 6, to
reduce the peak-to-valley diﬀerence in the daily load curve
and to make the charging load of electric vehicles reach
the eﬀect of peak-cutting and valley-ﬁlling, this paper ﬁrst
divides the time period into the peak, ﬂat, and valley of the
daily load, as shown in Table 2.
The TOU pricing strategy in this paper is analyzed on the
foundation of this division. The optimization model is solved
by programming with MATLAB. The parameters of NSGAII settings are as follows. The population number is 50, the
maximum number of iterations is 200, the crossover rate is
0.8, and the variation rate is 0.3. The optimized time window
for scrolling is 9.
In this paper, the charging of electric vehicles is
arranged in disorderly mode and orderly mode. Disorderly charging refers to the random charging behavior of
electric vehicles without a guidance mechanism. Orderly
charging refers to the arrangement of charging according
to the optimal pricing strategy proposed by the charging
station. Before optimization, the impact of disordered
charging behavior on grid load is quantitatively analyzed,
as shown in Figure 8. The black solid line represents the
original load of the power grid, and the purple dotted line
indicates the load condition after the superimposing of
disordered charging for EVs. It can be seen clearly from
the ﬁgure that the disordered charging behavior further
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Table 2: Time division for TOU price.

Time period
Peak
Flat
Valley

Speciﬁc classiﬁcation
8:00–12:00; 14:00–16:00; 18:00–20:00
12:00–14:00; 16:00–18:00; 20:00–24:00
0:00–7:00

2600
2400

Load value (kW)

2200
2000
1800
1600
1400
1200
1000
800

0 1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18 19 20 21 22 23 24 25
Time (h)
Original load value
Load value under the effect of unordered charging

Figure 8: Inﬂuence of disordered charging behavior on grid load.

increases the load peak from the original 2173.5 GW to
2503 GW, and the peak-to-valley diﬀerence ratio rises
from 56.98% to 62.45%, which enlarges the operating
pressure on the grid. Thus, there is an urgent need to guide
and control the charging behavior of EVs through a price
mechanism.
Based on the zonal pricing, this paper studies the impact
of TOU pricing in diﬀerent regions on the charging behavior
of EVs, mainly considering the peak, ﬂat, and valley periods.
The optimization results are shown in Table 3 by NSGA-II
optimization. The corresponding user satisfaction and the
grid load curve under the orderly charging are obtained as
shown in Figures 9 and 10.
As seen from Figure 9, the user satisfaction with the
optimized TOU price has signiﬁcantly improved [51].
Among them, it mainly reﬂects in the satisfaction with the
amount of electricity expenditure. Under the premise of
guaranteeing the trip plan, the user’s expenditure on the
charging cost has been reduced, which will reach an overall
optimal state. Figure 10 shows the guiding eﬀect of optimized TOU price on electric vehicle users. The optimized
grid load distribution is more uniform with a lower variance of the load. The load ﬂuctuation is more gradual with a
nearly 14% reduction in the peak-to-valley diﬀerence,
which is conducive to the safety of the grid operation.

Moreover, the average rate of electricity transfer of EV
users is 65%. That is, comprehensive strategies of zonal
pricing and TOU pricing can motivate users to change their
original electricity usage habits and transfer the charging
period from the peak load period to the low valley period of
the grid and transfer the charging region from a dense area
with fewer charging stations to areas with suﬃcient
charging stations. This not only improves the utilization
eﬃciency of charging stations in various regions but also
plays a role in cutting peaks and ﬁlling valleys, which is
conducive to the safer and more orderly operation of power
grids and charging stations.
For a more intuitive understanding, the impact of the
optimized pricing strategy on the charging power arrangement of EVs, this paper randomly selected 150 EVs and
plotted the charging power distribution, as shown in Figure 11 below.
By comparing the data of the above graphs, it can be seen
that after adopting the optimized pricing strategy, the
charging probability of EVs in peak period is signiﬁcantly
reduced, and the charging load time range of EVs is extended, which can distribute the charging load of EVs in a
longer period. In this way, the ﬂuctuation of load in the
power grid can be smoothed more eﬀectively, and the impact
on the power grid can be reduced.
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Table 3: TOU tariﬀs of peak-ﬂat-valley period in diﬀerent regions.
Region
A
B
C
D
E
F

Peak period
1.89
2.21
2.09
2.35
1.50
1.94

Flat period
1.45
1.80
1.77
1.86
0.98
1.72

Valley period
1.53
1.65
1.60
1.74
1.12
1.58

Price before optimization
1.77
1.90
1.87
2.04
1.25
1.81

Satisfaction degree

2.0

1.5

1.0

0.5

0.0
A

B

C

D

E
F A′ B′
Municipal district

C′

D′

E′

F′

Comprehensive satisfaction
Satisfaction with electricity expenditure
Satisfaction with electricity consumption mode

Figure 9: User satisfactions before and after optimization. A to E represent satisfaction before optimization and A′ to E′ represent
satisfaction after optimization.
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Figure 10: Load curve of power grid under ordered charging behavior.
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Figure 11: Charging power distribution before and after optimization of 150 EVs.

5. Conclusion
Electric vehicles, with clean electricity as fuel, can lessen
dependency on fossil fuels and reduce greenhouse gas
emissions. Promoting green and low-carbon behavior is vital.
Based on the analysis of the charging characteristics of EVs,
and considering the problems of large ﬂuctuation on the grid
and the imbalance in distribution and utilization of charging
stations, a comprehensive optimization model based on zonal
and TOU pricing for EVs is proposed in this paper. The
empirical analysis is carried out with 6 municipal regions in a
municipality directly under the Central Government as the
research object. Compared with the disorderly charging behavior of EVs, the following conclusions are obtained:
(1) Formulating the charging price in diﬀerent regions is
beneﬁcial to guide users to perform decentralized
charging. The research shows that reasonable zonal
pricing can eﬀectively guide users to charge in adjacent areas and can eﬀectively alleviate the charging
pressure in crowded areas. The price signal is conducive in guiding the user to select a suitable
charging station in advance, which can not only
reduce the charging cost of the user but also improve
the utilization eﬃciency of the charging station and
increase the operating income of the power grid.
(2) Establishing a reasonable time-of-use price of peakvalley-ﬂat is conducive to guiding users into
choosing a reasonable charging time and optimizing
the charging load of electric vehicles. The results
show that, under the guidance of TOU pricing, the
charging period of EVs is lengthened and the
charging load is evenly distributed for a longer period. It can more eﬀectively smooth the ﬂuctuation of
the grid load and alleviate the impact on the grid.

(3) Single zonal pricing strategy cannot optimize the
daily load curve. Meanwhile, a single TOU pricing
strategy cannot change the charging path of users
and improve the utilization eﬃciency of charging
stations. The rationality of zonal and TOU pricing
strategy determines the user satisfaction, which in
turn aﬀects the user’s electricity consumption behavior, ﬁnally achieving the eﬀect of “shifting the
peaks and ﬁlling the valley,” calming the load ﬂuctuation of the power grid to ensure a beneﬁt for all
parties and the safe operation of the power grid.
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