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Abstract. With the increasing popularity of electric vehicles, the disordered charging of large-scale electric
vehicles will have a great impact on the safe operation of regional distribution network. In order to solve the
security problems that may occur in the power grid, this paper uses the time-sharing pricing time division
method for EV charging to meet the needs of EV users. Based on this method, a multi-objective optimization
model is established, which takes the electric vehicle charging capacity and power as the constraints, and
based on the minimum user charging cost and the minimum load curve variance. Then, the model is solved
by non-dominated sorting genetic algorithm (NSGA -), and the optimal compromise solution is extracted by
using fuzzy set theory. Finally, the correctness of the proposed model is verified by the example.
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Introduction

With the country's strong support for the development of
electric vehicles and the increasing awareness of
environmental protection, the number of electric vehicles
will increase dramatically in the future. However, under
the existing technology, charging through the distribution
network is the main charging method for EVs. This will
increase the power supply pressure of the distribution
network and become an important new load for the
distribution system. At the same time, with the large-scale
development and popularization of electric vehicles, it
will inevitably have a major impact on the distribution
network, which will cause problems such as overloading
of transformers in the distribution network, voltage drops,
and increased peak-to-valley differences. Therefore, the
impact of large-scale electric vehicle charging 1  and
discharging behavior on the power grid and its charging
optimization strategy has become a current research
hotspot[1-3].
The optimization of electric vehicle charging strategies
mainly involves two objects: EV users and distribution
networks.Reference[4] proposed the optimization model
and method of the peak-valley electricity price period for
the impact of electric vehicle charging and discharging on
the peak and valley filling of the power grid, and solved
the optimization problem of the peak-valley electricity
price period. Reference[5] proposes to use dynamic
interpolation to solve the function with the minimum load
peak-valley difference as the target, so as to carry out
orderly charging control, but the above studies are only
from the perspective of the power grid, and do not
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consider the interests of users. Reference[6] from the
perspective of the operator, with the goal of the most
profitable charging station, establish a two-stage model to
study the optimization strategy of electric vehicle charging.
Reference[7] establishes an optimization model aiming at
the minimum charging cost of the user and the earliest
initial charging time of the battery. Although the user's
satisfaction is fully considered, the peak-to-valley load
difference is not effectively reduced. Although the above
research considers the interests of users or charging
stations, it will increase the peak-to-valley difference of
the power grid and affect the safe operation of the power
grid.
This paper takes the conventional charging methods of
electric vehicle charging stations as the research object,
comprehensively considers the economics of EV user
charging and the safe operation of the power grid, and
establishes a multi-objective charging optimization model
based on the minimum user charging cost and the
minimum variance of the load curve, and adopts The nondominated sorting genetic algorithm (NSGA-) solves the
established model and obtains the Pareto solution set of
the multi-objective optimization problem, and then uses
the partial fuzzy membership function to solve the Pareto
solution set to obtain the optimal compromise solution.
Finally, an example is given to verify the effectiveness of
the proposed charging strategy.
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function, and at the same time considering the economics
of EV user charging, the minimum user charging cost is
set as another objective function.
(1) Minimum user charge

Charging optimization strategy

2.1 Electric vehicle charging
electricity price period division

time-sharing

T

The TOU price of distribution network is set for the nonspecial load in a certain area. After electric vehicles are put
into the grid, the local distribution network will be faced
with the situation that the division of peak and valley time
periods of TOU electricity price is different from the load
fluctuation of actual load curve[7-8].For example, when the
electricity price of the power grid is in the normal period,
the load curve of the local distribution network presents a
peak state. If EV users charge under the guidance of this
strategy, a large number of EVs may be charged during the
peak load period, leading to the phenomenon that the local
distribution network appears to exceed the peak. This is
not conducive to the safe operation of the power grid,
reduces the utilization rate of equipment, and increases the
network loss of the local distribution network[1213]
.Therefore, on the basis of the original electricity price
division period, the ordinary period is further divided, and
the TOU electricity price division of electric vehicles is
obtained as shown in Table 1:

t 1 i 1

Where: N is the number of electric vehicles, cg is
the electricity price in the valley period, cn is the
electricity price in the flat period, c f is the electricity
price in the peak period, t gǃtnǃt f are the charging
time of the vehicle in the valley period, the flat period, and
the peak period, T is The number of time periods, ' t
is the length of the time period, ' t 1h .
(2) Minimum load curve variance
The load of the electric vehicle being charged in the
k period of time is Pevk , N is the number of electric
vehicles, xk is a sign of whether the vehicle is charging,
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In the k period, the total load Psumk of the local
distribution network is the sum of the electric vehicle load
Pevk and the original load Pk , then:

Psumk

Pevk  Pk

(3)

The variance of the load curve is˖
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In the formula: Pave is the average power of the load
f2

2.2 Charging optimization model

curve, T is the time period divided by one day, T

Charging optimization model this paper mainly studies the
centralized charging station of electric vehicles. When the
electric vehicle users access the charging station for
charging, the intelligent charging pile of the charging
station collects the current remaining battery capacity,
type, total capacity and other information from the EV
battery management system. The user needs to set the time
of vehicle pick-up and the desired state of electric quantity
at the end of charging. At the same time, the user can
forecast the original load curve of the local distribution
network on that day according to the historical load[9]. This
paper divides one day into 24 time periods with each
interval being 1h, and sets the original load of the local
area network as

0 indicates that the vehicle is not charging, then,
N

Table 1. Electricity price parameter setting
Charging time-ofType
Period
use electricity
price
Valley
period

N

m in ¦ ¦ ª¬ c f t f ( i )  c g t g ( i )  c n t n ( i ) º¼ ' t (1)

f1

2.2.2 Restrictions
(1) Target SOC constraints

(SOCendk  SOCstrk )Bk d pk (Tendk  Tstrk ) (5)
Where: SOC endk is the actual level when the k -th
car leaves, SOCstrk is the level when the k -th car
starts, B k is the battery capacity of the k -th car, Tstrk
is the charging start time, and Tendk is the charging end
time.
(2)澳Target charge state SOC constraints
SOC k d SOC endk d 100
(6)

3N in the first time period, and assumes

that the battery capacity of electric vehicles is

24 .

Q.

In the formula: SOCk is the expected SOC of the
k -th car.
(3)澳Charging power constraints
(7)
0 d ' p k d ' p k , max

2.2.1 Objective function
In order to reduce the adverse impact of the electric
vehicle charging load on the overall operation of the
power grid, the load variance is used as an objective
澳
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In the formula: ' p k ,max is the maximum charging
power of the electric vehicle.

3

Model solving method

3.1 Model solving method based on NSGA-ɉ
algorithm
Traditional genetic algorithms are mostly used to solve
single-objective optimization problems, and the effect of
solving multi-objective optimization problems is not ideal.
Therefore, traditional algorithms are difficult to solve the
problem of electric vehicle charging optimization models
with two different optimization goals. Therefore, the
NSGA- algorithm is used to solve it. Compared with the
traditional GA algorithm, it introduces a non-dominated
quick sorting method, the concept of crowding degree and
elite retention strategy. The resulting solution has better
convergence and robustness. The calculation steps of the
NSGA- algorithm are as follows:
(1)澳 Initialize the population. 100 populations are
randomly generated within the range of fixed decision
variables.
(2)澳Non-dominated sorting and crowding calculation.
The newly formed populations are sorted non-dominated
to generate different grades, and then the crowding degree
is calculated between the different grades.
(3)澳 Selection, crossover and mutation. The selection
operator selects individuals based on non-dominated
ranking levels and crowded distance. The SBX (binary
crossover) operator and polynomial mutation operator
perform crossover and mutation operations on the
population to form new offspring populations.
(4)澳 Population consolidation. The newly generated
child population and the parent population are combined
to generate a new population of 2N.
(5)澳Non-dominated sorting and crowding calculation.
Perform non-dominated sorting and crowding calculations
for the new population of 2N.
(6)澳 The elite retention strategy generates new parent
populations. Use the championship selection method to
screen a new generation of N populations.
(7)澳Repeat steps (2-6) until the genetic algebra meets
the requirements.

澳

Figure 1. NSGA- algorithm flow chart

3.2 Finding the best compromise
The solution obtained by the NSGA- algorithm shown in
Figure 1 is a set of Pareto solutions, and in actual operation,
generally only one optimal solution is selected. Here, we
use fuzzy theory to find the optimal compromise solution
[11]. When solving the optimal solution of the model,
because the optimization goal of the model sought is the
minimum problem, a partial fuzzy membership function is
selected, and each solution in the solution set is
represented by the value of the fuzzy satisfaction function.
The fuzzy satisfaction in the set The closer the degree
function value is to 1, the closer the corresponding
objective function value is to the optimal solution of the
model.

hk

f kmax  f k
, f kmin d f k d f kmax
max
min
fk  fk
h

Z

1

¦h
Z

k

(8)
(9)

k 1

In the formula:
optimization goal, f

fk is the function value of the
max
k

and f kmin are the maximum

and minimum values of the optimization goal. hk is the

membership function value of objective k , and Z is the
number of optimization objective functions. According to
formula (8) and formula (9), the h value corresponding
to each element in the solution set is obtained, and then the
objective function value corresponding to the largest h
in the set is selected as the optimal compromise solution.
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Example analysis

4.1 Simulation parameter setting
In order to verify the optimization model and conclusion
of this paper, we take all charging stations in a certain
region (population of 1 million or so, 2% of the total
population is predicted to be the number of electric
vehicles) as an example. The typical daily load curve of
this area is shown in Figure 2:

Figure 3. Pareto front

Figure 2 .Typical daily load curve.



In order to study the effect of charging optimization
strategy on different user responsiveness, 25%, 50% and
75% of user responsiveness are optimized and simulated
respectively, and the results are shown in Table 2. It should
be noted that when the user's response degree is 0, it
corresponds to the disordered charging of the electric
vehicle, that is, as long as the electric vehicle needs to be
charged, it is connected to the charging pile to charge at
the maximum power until the desired SOC is achieved.

澳

The arrival time of electric vehicle approximately
obeys the normal distribution of mean 9 variance 0.5. The
initial
SOC of the vehicle obeys the uniform
distribution between (0.2-0.6). The battery capacity of the
electric vehicle is 24 kw , and the charging power of the
charger is 5 kw . Because the guidance degree of the user
by the charging strategy is unknown, the response
coefficient K of the user charging strategy is introduced.
K is the percentage of the total number of electric private
cars that can respond to the charging strategy affected by
the charging strategy.

Table 2. Results under different user response factors

User
response
factor 

Number of
controlled
vehicles

Load
Chargin
curve
g charge
variance
/kw
0
0
413854.3 449.926
25%
5000
374699.1 366.621
50%
10000
331472.8 278.157
75%
15000
299781.6
57.2%
It can be seen from table 2 that the load variance of the
power system is the largest when charging out of order,
which leads to the decrease of the utilization rate of power
resources, and will have a negative impact on the power
grid. At the same time, the charging cost of users is the
highest. The higher the response coefficient of the user's
charging strategy is, the higher the vehicle's response to
the charging strategy is, the smaller the variance of the
total load is, reducing by 9.5%, 18.9% and 26.5%
respectively, which shows that the charging strategy used
in this model can smooth the load curve to a certain extent
and reduce the variance rate of the load curve. At the same
time, the user's charge cost decreases with the increase of
the response degree of the charging strategy, which is
18.5%, 38.2% and 57.2% lower than the disordered
charging. It can be seen that the charging optimization
strategy can significantly reduce the user's charge cost and
improve the user's satisfaction. In conclusion, with more
and more vehicles responding to the charging strategy, the
overall load variance of the system will gradually reduce,
and the user charging cost will also reduce, which shows
that the established optimization model can not only make
the system run more safely, but also improve the user
satisfaction.

4.2 Analysis of simulation results
The population number is 100, the maximum number of
iterations is 500, the cross rate is 0.8, and the variation rate
is 0.2. The initial user response coefficient K is 0.5, and
then use MATLAB software to solve the multi-objective
optimization model, and finally get a group of results.
As shown in Figure 3, the Pareto solution set obtained
is relatively smooth, which shows the effectiveness of the
algorithm for model solution; with the increase of
charging cost, the load standard deviation is decreasing,
because when the charging cost is very low, a large
number of users charge in the valley price period, resulting
in a new load peak, resulting in a large fluctuation of the
grid, increasing the load variance.
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Conclusion

Aiming at the problem of electric vehicle charging
optimization, this paper presents a multi-objective
charging optimization model, which considers the user's
expected SOC and charging power constraints, and takes
the minimum user's charging cost and the minimum load
curve variance as the optimization objective. The
simulation results obtained by studying the response of
different charging strategies verify the feasibility and
accuracy of the model, it is proved that the strategy can
effectively reduce the charging cost and load variance, and
enhance the economy and stability of the system operation.
This paper assumes that all electric vehicles are of one
type, and later research can be carried out for different
types of electric vehicles.
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