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With the increase in renewable energy, improving the utilization rate of renewable energy is of great practical significance. ,e
microgrid has been proved effective in addressing this issue. As a flexible load, electric vehicles are connected to the grid on a large
scale, which will have an impact on the grid. In order to solve this problem, this paper proposes a microgrid energy management
model for electric vehicle charging stations, which takes into account the economics of microgrid operation and the stability of
grid operation. Subsequently, this paper proposes an evolutionary multiobjective optimization algorithm to deal with constraints.
Finally, this paper verifies the effectiveness of the proposed model and algorithm through experiments.

1. Introduction

With the continuous development of the social economy,
our demand for energy has greatly increased [1]. ,e tra-
ditional energy sources are mainly the combustion of fossil
energy, such as thermal power generation and various
equipment using gasoline as fuel, which have brought se-
rious harm to the environment [2]. On the one hand, the
current renewable energy construction has made remarkable
achievements and the installed capacity of photovoltaic and
wind turbines has continued to increase. However, because
renewable energy has the characteristics of uncertainty and
randomness, the situation of power curtailment is very
prominent, a large amount of renewable energy production
capacity is wasted, and the development of renewable energy
is a serious problem [3]. On the other hand, with the change
of domestic people’s ideology and the strong support of the
government, the number of new energy vehicles represented
by electric vehicles has increased year by year, which has
played a certain role in alleviating environmental pollution.
However, a large number of electric vehicles connected to
the grid will also bring challenges to the stability and safety
of grid operation [4]. If a large number of electric vehicles are
connected to the grid for disorderly charging, during the

peak period of electricity consumption, especially in the
summer and winter seasons, the demand for electricity will
rise rapidly, which will bring huge challenges to the power
supply capacity and power transmission [5]. ,ere are
hidden dangers to electricity safety; in the low electricity
consumption valley, such as late at night, the electricity
consumption is less, and the electricity from the power
station is nowhere to be used, resulting in a waste of re-
newable energy. ,erefore, reasonable arrangements for the
orderly charging of electric vehicles are of great significance
to maintaining the stability and safety of the grid operation.

,rough the microgrid management system [6], the
electric vehicle can be used as a dispatchable load; that is,
after the EV is connected, the energy network EMS will take
over the control process, allocate the charging power and
charging time of the EV, and manage the entire process
during the charging process. ,rough supervision, the
impact on the grid can be mitigated. In addition, consider
the energy interaction between electric vehicles and the grid
(Vehicle to Grid, V2G). After connecting to electric vehicles,
electric vehicles will regard electric vehicles as a special
mobile energy storage system (because electric vehicles
require energy to reach a certain level at a specific time). ,e
charging and discharging power and charging/discharging
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time of electric vehicles are allocated by the energy network
EMS. Studying the impact of electric vehicles on the grid is
the basis for formulating charging and discharging strate-
gies. At present, the research on the access of electric vehicles
is mainly divided into two aspects. On the one hand, as an
electric vehicle as a load, its charging behavior affects the
power grid; on the other hand, as an energy storage device, a
reasonable configuration of electric vehicles has positive
significance for power grid regulation.

,e disorderly charging of a large number of electric
vehicles has an impact on the grid. If the charging behavior
of EVs is coordinated and optimized and charging is per-
formed in an orderly manner, the load fluctuation of the
system can be reduced [7]. To a large extent, the above-
mentioned negative effects are reduced; with the populari-
zation of electric vehicles, charging stations came into being.
,e research on charging control of charging stations will
play an important role in the rational use of renewable
energy and alleviating the pressure on the power grid.
,erefore, this article firstly models the electric vehicle
charging station microgrid, fully taking into account the
random arrival of electric vehicles, taking the economy of
charging station microgrid operation, stabilizing the grid
load, and enhancing the stability of grid operation as the
optimization goals, and designing the multiobjective opti-
mization algorithm solves the actual problem and verifies the
correctness and effectiveness of the proposed model and
algorithm through experiments.

,e follow-up writing of this article is arranged as fol-
lows. Chapter 2 introduces the energymanagement model of
the charging station microgrid. Chapter 3 introduces the
evolutionary multiobjective optimization algorithm to solve
this problem in detail. Chapter 4 verifies the proposed
method with experiments.

2. Charging Station Microgrid Model

2.1. Objectives. ,e electric vehicle charging station
microgrid model includes photovoltaic power generation
systems, energy storage systems, user loads, and electric
vehicles.,is is a grid-connected microgrid that is physically
connected to the large power grid. When the microgrid is in
operation, the energy supplier mainly includes the large
power grid and photovoltaic power generation system and
the energy user includes user loads and electric vehicles; the
energy storage system can be used as an energy consuming
device or as an energy storage device. To make the operating
load economy and stability principles of the entire micro-
grid, the orderly control of electric vehicle charging is the
key.

For the operation planning and design of the hybrid
renewable energy system, different optimization goals will
bring different optimization results [8]. From the research
status of the first part of the hybrid energy system, it can be
seen that many goals can be considered in the optimal design
of hybrid energy systems, and some consider only a single
goal, and some consider multiple goals at the same time.
Although these optimization goals have different names and
meanings, they can be divided into three categories:

economic goals, reliability goals, and environmental benefits
goals. Economic goals are mainly indicators related to
system cost, such as total system cost, system net present
value cost, system capacity cost, and system annualized cost;
reliability goals include total unmet load, unmet load ratio,
and power supply missing rate; environmental benefit tar-
gets mainly refer to emission-related indicators such as
annual carbon dioxide emissions, greenhouse gas emissions,
and equivalent carbon dioxide emissions during the life
cycle. ,ese three types of goals represent three aspects that
need to be considered during system planning and design.
An optimal system configuration scheme should weigh these
three goals into consideration.

Penalty fee for not reaching the expected charging ca-
pacity is as follows:

C
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leave
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,e electric energy charge caused by charging is
expressed as follows:

Ccharge � 

Ncharge

i�1


Tend

k�0
Price(k)PEV,i(k)Δt. (2)

2.2. Constraints

2.2.1. Electric Vehicles. At any time, the arrival and de-
parture of electric vehicles is a random process [9], and the
probability of arrival and departure can be summarized and
predicted based on historical data. In the predicted period,
the arrival and departure of electric vehicles at a certain time
can be approximately regarded as a Poisson distribution;
that is, the probability of the number of electric vehicles
arriving at any time is as follows:

P(X � k) �
λ(t)

k

k!
e

−λ
, k � 0, 1, . . . , N, (3)

where λ(t) is the amount that changes with time and N is the
maximum vehicle arrival amount at time t. Based on sta-
tistical data and the arrival and departure Poisson distri-
bution model of tourists, this paper uses the Monte Carlo
method [10] to generate a series of electric vehicle arrival
time, departure time, and remaining power data to solve the
model.

As a flexible access load for electric vehicles, the charging
time and power constraints are mainly considered. In this
paper, NEV represents the number of electric vehicles; δEV,i

represents the status of electric vehicles connected to the
charging pile, where 1 means connected to the charging pile
and 0 represents not connected; δP,i(k) represents the
charging status of the electric vehicle; ηEV is the charging
efficiency of the electric vehicle energy storage device; and
εEV and Δt, respectively, represent the self-discharge energy
loss of the electric vehicle energy storage device and the
length of each cycle. Specifically, the staying time of electric
vehicles is as follows:
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,e constraints of EV can be illustrated as follows:
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δP,i(k)≤ δEV,i(k), (6)
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,e above formula restricts whether the electric vehicle is
in a state where it can be connected to the charging pile. ,e
electric vehicle is in the state of being connected during the
stay in the scenic spot and in the state of being inaccessible
during the rest of the time. Equation (6) means that electric
vehicles can only be connected to charging piles for charging
when they are in an accessible state; equation (7) indicates
that the number of electric vehicles currently connected to
charging piles should be less than the number of existing
charging piles; equation (8) is the maximum and minimum
power constraints of charging piles; equation (9) is the
dynamic constraint of electric vehicle charging energy, and
the amount of charge that can be charged during the stay in
the scenic spot; equation (10) represents the energy rela-
tionship of electric vehicles.

2.2.2. Energy Storage System. ,e energy storage system is
one of the most flexible and directly controllable devices in
the microgrid [11].,e position of the energy storage system
is very unique. It can not only absorb excess electrical energy
but also can be used as a backup power supply when the
power is insufficient. Its main constraints include the
maximum and minimum capacity limits of the energy
storage system, the maximum charge and discharge limits,
and charge and discharge energy transfer. ,e mathematical
model of the electric vehicle charging station microgrid
energy storage system can be described as follows:
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bess(k)≤ 1. (15)

Equations (11) and (12), respectively, constrain the
charging and discharging power constraints of the energy
storage system. When the energy storage system is not in the
charging or discharging state, the charging and discharging
power of the system is zero. Equation (13), respectively,
represents the energy level constraint and dynamic energy
transfer constraint of the energy storage system; equation
(14) indicates that the energy storage system cannot be
charged and discharged at the same time during operation.

2.2.3. Interval with Grid. ,epower grid serves as the energy
supply in the grid-connected microgrid and is the most
important component of maintaining the stability of the
power grid.

δingrid(k)P
in,min
grid ≤P

in
grid(k)≤ δingrid(k)P

in,max
grid , (16)

δoutgrid(k)P
out,min
grid ≤P

out
grid(k)≤ δoutgrid(k)P

out,max
grid , (17)

δingrid(k) + δoutgrid(k)≤ 1. (18)

Equations (16) and (17) are the minimum and maximum
power constraints for interaction with the large power grid.
Equation (18) restricts the purchase and sale of electricity at
any time.

,e prerequisite for the microgrid to achieve stable and
reasonable dispatch is that the microgrid system can
maintain stable and reliable operation at all times. ,is
requires the microgrid to be able to ensure the balance of
supply and demand within the system at all times, which is
also one of the important constraints of the microgrid which
is as follows:

P
in
grid(k) + Psolar(k) + P

d
bess(k) � P

out
grid(k) + 

NEV

i�1
PEV,i(k)

+ P
c
bess(k) + Pload(k).

(19)

In the formula, the left side represents the power pur-
chased, the power of photovoltaic power generation, and the
discharge power of the energy storage system, which are the
power supply of the microgrid system. ,e right sideshows
the selling power, electric vehicle charging power, energy
storage system charging power, and public load power in
turn.
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3. Archive-Based Multiobjective
Evolutionary Algorithm

,ere are many approaches to deal with constraints in a
multiobjective optimization problem (MOP) [12]. ,ese
approaches can obtain favorable results on benchmark
problems. However, real-world engineering problems are
generally complex and multimodal. Generally, the feasible
regions of these problems are usually separated from each
other in objective space and decision space.

To address this issue, we proposed an archived-based
constrained evolutionary multiobjective optimization al-
gorithm, termed ACEMO, which introduces an archive to
help explore the whole decision space. ,e thoughts of
two-archive can be widely found in some state-of-the-art
algorithms [13], which is proved effective and efficient.
Specifically, we do not process the constraints in the in-
troducing archive. ,is archive aims to find the Pareto
optimal front of a normal MOP without considering the
constraints. ,erefore, solutions in the archive will quickly
converge to the true Pareto front. In the beginning of the
evolution process, solutions in the main population and
the archive are randomly generated. As the algorithm runs,
solutions in main population will converge to the optimal
without constraints, which is similar to that of traditional
constrained EMO. As a result, the main population will
utilize the information provided by the archive and help
jump out of the local optimal. ,e framework of the
proposed algorithm is explained in Algorithm 1.

As we can see from Algorithm 1, the main population and
the introduced archive will coevolve by sharing their offspring
(line 8-9). ,erefore, solutions can be added to the main
population and help to converge to the truePareto front.

4. Experiment

4.1. Experimental Setting. ,is paper selects a microgrid
demonstration project in a certain scenic spot as the research
object for analysis and research, and its simplified model is
shown in Figure 1. In order to verify the effectiveness of the
algorithm, we chose the SRA algorithm [14], which has
outstanding performance in handling constraint problems,
as a comparison. ,e population size of the algorithm is set

to 100, the number of iterations is set to 800, and the
probability of crossover and mutation is set to 0.8 and 0.1,
respectively. In order to reduce the influence of random
factors, we carried out the experiment 31 times and dis-
played the result that was closest to the average value. Other
related parameters are set in Table 1.

,e microgrid in this scenic spot is connected to the
external power grid and belongs to the grid-connected
microgrid. ,e system includes an energy storage system
(accessible or not can be controlled), photovoltaic power
generation equipment, public loads, and public charging
piles. ,ere are a total of 15 charging piles provided in the
scenic spot, which can provide charging services for tourists’
electric vehicles. ,e maximum charging power that can be
provided is 7 kW, the charging efficiency is 0.95, and the
energy self-loss is 0.02 kW. ,e maximum energy storage
capacity of the energy storage equipment is 70 kWh, the
charge and discharge efficiency is 0.95, the self-discharge
energy loss of the energy storage system is 0.02 kW, and the
maximum interactive power is 80 kW.

4.2.ResultAnalysis. Figure 2 shows the Pareto frontier of the
ACEMO and SRA algorithm on the charging station
microgrid problem. It can be seen from the figure that the
front edge obtained by the ACEMO algorithm is closer to the
origin of the coordinates, which means that the results
obtained by the ACEMO algorithm have better convergence.
At the same time, it can be seen from the figure that the
Pareto front obtained by the SRA algorithm performs poorly
in terms of distribution and uniformity. ,is is because the
ACEMO algorithm introduces archive, which can explore
the entire decision space without considering the constraints
of the problem, and the probability of jumping out of the
local optimum is greatly improved.

In order to better display the optimization results of the
algorithm, we need to choose a solution from many Pareto
fronts. Generally speaking, if the decision maker can give his
preference information for this problem, such as the weight
value between different goals, he can calculate the weighted
objective function and take the smallest solution as the
optimal solution. However, it is often difficult for decision
makers to give their preference value. ,erefore, some

Input: Maximum generations MaxGen, population size N

Output: Nondominated solutions Pop
(1) Pop⟵ Initialization(N)

(2) Arc⟵ Initialization(N)

(3) while gen≤MaxGen do
(4) Mating Pool1⟵Tournament Selection(Pop)

(5) Mating Pool2⟵Tournament Selection(Arc)
(6) OS1⟵Variation(Mating Pool1)
(7) OS2⟵Variation(Mating Pool2)
(8) Pop⟵Environmental Selection(Pop,OS1,OS2)
(9) Arc⟵Update Arc(Arc,OS1,OS2)
(10) end while

ALGORITHM 1: General framework.
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auxiliary decision-making methods are particularly im-
portant, such as TOPSIS [15], gray correlation analysis [16],
and knee method [3, 17]. For simplicity, we used the TOPSIS
method for selection in this article.

After confirming the optimal solution, we analyzed the
details of the solution. ,e operating status of each com-
ponent of the charging station microgrid is shown in Fig-
ure 3. From the figure, we can see that the renewable energy
power generation peaked at noon (10 : 00–14 : 00), and
during this process, the energy storage system began to

charge in a plan to make rational use of the excess electric
energy. Since the peak time for electric vehicles arrives at
around 15 : 00, the peak time for electric vehicle charging is
also after this. ,rough the control of the charging pile and
the energy storage system, it can be found that the excess
electric energy has been efficiently used, and the daily op-
erating costs of the charging station microgrid have also
been reduced.

,e experimental results verify the effectiveness of our
proposed algorithm, and its performance on the microgrid
problem is better than SRA. In addition, the correctness and
validity of the charging station microgrid model proposed in
this paper can be verified by analyzing the operating status of
each component of the microgrid.

5. Conclusion

With the extensive development and use of renewable en-
ergy sources, a large number of new devices continue to
emerge, which puts forward new requirements for microgrid
energy management planning. Although the current re-
search on energy management of microgrid has achieved
certain results, there are still considerable problems in
solving the uncertainty problem. In this paper, after con-
sidering the random arrival of electric vehicles, the corre-
sponding research on the energy management of the
charging station microgrid is carried out, and the relevant
mathematical model is established. Secondly, this paper
proposes a multiobjective optimization algorithm that deals
with constraints to solve the model. ,rough experiments,
the effectiveness of the model and solutionmethod proposed
in this paper is verified. ,e study also pointed out that the
reasonable management of electric vehicle charging can
greatly reduce the load fluctuation of the large power grid,

Grid

User load Energy storage
system

Diesel generatorPhotovoltaic
Wind turbine

Charging piles

Figure 1: Illustration of a microgrid.

Table 1: Parameter settings.

Parameter name Data
Battery capacity (kWh) 57
Maximum power (kW) 90
Pure electric driving kilometers (km) 316
Charging time (h) 7
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Figure 2: ,e Pareto front of ACEMO and SRA on microgrid
problem.
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Figure 3: ,e running status of microgrid components.
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improve the stability of the power grid, and reduce the
operating cost of the microgrid at the charging station.

,is paper considers the stochastic process of electric
vehicles to establish a microgrid energy management model
and verifies its feasibility through experiments. However,
this article still has deficiencies and needs to be improved in
the following aspects. ,e first is that the scale of electric
vehicles is small. Although it can reflect the actual results to a
certain extent, as more and more electric vehicles are put
into use, the scale of the problem will be further expanded.
Secondly, electric vehicles are a very special and flexible
mobile energy storage system.,is article only considers the
use of electric vehicles as mobile loads, without considering
its potential advantages as mobile energy storage. In the next
work, we will focus on the above issues and conduct more in-
depth research.
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