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ABSTRACT The problem of electric vehicle (EV) charging scheduling in commercial parking lots has
become a meaningful study in recent years, especially for the parking lots near the workplace that serve
fixed users. This paper focuses on the optimization of the EV charging in the parking lot integrating
energy storage system (ESS) and photovoltaic (PV) system. A smart charging management system is first
established. The charging optimization problem is formulated as a cost minimization problem. Then, grey
wolf optimizer (GWO) is introduced as a method to find the optimal solution. Considering the constraint
conditions in the optimization problem, an improved binary grey wolf optimizer (IBGWO) is proposed,
which can improve the convergence speed and optimization accuracy. Finally, a real-time EV charging
scheduling strategy based on short-term PV power prediction and IBGWO is proposed. Several cases are
simulated to analyze the performance of the proposed strategy. The experimental results show that the
proposed IBGWO is superior in solving the proposed charging scheduling problem compared with other
meta-heuristic algorithms. Moreover, the proposed strategy can effectively improve the utilization rate of
the PV power and reduce the electricity cost of operators.

INDEX TERMS Electric vehicle, charging management, real-time strategy, grey wolf optimizer.

I. INTRODUCTION
In recent years, the increasing public awareness of envi-
ronmental pollution and fossil fuels depletion is leading to
the dramatic expansion of electric vehicles (EVs ) [1]–[3].
At present, it is difficult for many EV owners to install the
charging infrastructure in their home parking garages [4].
To alleviate this problem, it has been hypothesized that park-
ing lots can be utilized as recharging stations [5]. For urban
residents, a reliable alternative is to charge their EVs in
the parking lot near their workplace, because their working
time is longer than the charging time of their EV require-
ment. EVs are important for the development of sustain-
able energy and it is feasible and environment- friendly to
charge EVs with photovoltaic (PV) Power. So the PV system
can be installed in the parking lot with large space to
provide power for EVs [6]. However, a large number of
uncontrolled EV charging can result in negative impact
on the grid [7]. To alleviate this problem, energy storage
system (ESS) consisting of lithium batteries can be installed
in these locations [8], [9].

The associate editor coordinating the review of this manuscript and
approving it for publication was Yilun Shang.

The owner of parking lot makes a profit by providing
charging service for EVs. Since the parking time of each
EV is generally longer than the time required for charging
at workplace, a reasonable charging plan that determines
each EV when and how much to charge is needed. It can not
only avoid the problems mentioned in the literatures [7], but
also reduce the operation cost.

Charging scheduling problemwith various goals have been
widely studied. Coordinated charging of EVs can decrease
the passive influence of the charging load and maximize
the benefit of charging operators. In [10], a locally optimal
scheduling scheme is suggested to solve the charging problem
of large-scale EVs, which consider when the charging of each
EV begins and ends. Reference [11] proposes a decentral-
ized algorithm to update the charging profile of each EV
by control signal, the EV charging problem is formulated as
an optimal problem that how to fill the electric load valley.
Reference [12] investigates charging coordination problem
for multiple dwellings, two kinds of control strategies are
proposed to shift charging load to off-peak periods. In [13], in
order to prevent overloading of feeders andminimize the vari-
ance of the aggregate load in the distribution system, an effec-
tive charging algorithm is proposed. In [14], considering the
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influence of battery charging characteristics on EV charg-
ing scheduling process, an intelligent multi-charging system
is designed to maximize the profit of charging operator.
Under the charging and transformer capacity constraints,
an optimized strategy for multiple PEV aggregators is pro-
posed in [15] to achieve coordination between controlling
charging load and minimizing the electrical cost within the
time-of-use (TOU) price. In [16], considering market price
change and user-selected charging time, a real-time con-
trol strategy is adopted to coordinate the charging behavior
of EVs, which reduces the charging cost and the impact
on the grid. A two-layered management system is proposed
in [17] to handle the charging behavior of regular and irregu-
lar EVs, so as to maximize economic benefits and the number
of EV which meet charging demands. Reference [18] uses an
on-off strategy to transform the real-time scheduling prob-
lem into a binary optimization problem, charging loads of
EVs are coordinated based on dynamic electrical price (EP).
Reference [19] proposes a two-stage approximate dynamic
programming based on short-term prediction and long-term
estimation to optimize the parking lot charging management.

Although a lot of research has been done on coordinated
charging of EVs, it is necessary to further study the coordina-
tion of renewable energy and ESS to minimize the operation
cost in EV charging management. Reference [20] introduces
a new coordinated charging model for the parking lot with
PV energy and ESS, which considers the influence of charg-
ing price on the choices of EV drivers. In [21], a dynamic cost
optimization scheduling based on the real-time information
of EV charging demands and the PV power generation is
developed to control the charging process of each EV in
the parking lot, but ESS is not considered. To minimize
the mean waiting time of EVs in a charging station with
renewable energy and ESS, a constrained markov decision
process is proposed in [22]. A heuristics-based strategy is
proposed to optimize the EV charging for a charging station
with ESS in [23], and the relationship between operation cost
and ESS capacity is explored. A hybrid algorithm is proposed
in [24] to optimize the management of ESS and PV power
based on the fluctuation of EP, which is only suitable for
large-scale charging strategy. When the EV charging load is
low, it will cause the waste of PV power.

In this paper, a smart charging management system
(SCMS) is designed to minimize the operation cost of the
parking lot owners. This system integrates PV energy, ESS,
and power grid to provide charging service to the EV.
The main procedures and contributions of this paper are as
follows:

1) An EV charging optimization problem with character-
istics of an EV parking lot that integrates PV genera-
tion and ESS is formulated as a mixed integer linear
programming problem. The goal of optimization is to
minimize the operation cost of the parking lot.

2) An improved grey wolf optimizer is proposed to solve
the charging scheduling problem of EVs. Through pop-
ulation initialization and mutation, the convergence

speed and optimization accuracy of the algorithm are
improved, and the efficiency of solving the problem is
enhanced.

3) A real-time charging scheduling strategy is proposed to
manage the charging process of EVs. It can optimize
the charging scheduling according to the change of
EV load, and maximize the utilization of PV power.

The rest of this paper is organized as follows. Section II
describes the system model of a commercial parking lot and
the problem formulation. Section III introduces the improved
grey wolf optimizer. An efficient real-time strategy for charg-
ing scheduling is presented in Section IV. Afterwards, several
necessary case studies are introduced in Section V. Finally,
Section VI presents the conclusion and discussion of the
proposed research.

II. SYSTEM MODEL
In this paper, considering the regularity of parking modes
of EVs, the types of EVs are divided into two groups: reg-
ular EVs and irregular EVs. Regular EVs tend to follow a set
time on working days, they travel mainly between their home
and workplace. The owners of regular EVs pay a fixed fee for
a period of time (Monthly or quarterly) to the parking owner.
Irregular EVs represent customers who travel unconvention-
ally, their arrival and parking time are random. Compared
with regular EVs, the parking pattern of irregular EVs is
unpredictable.

The owner of the parking lot is responsible for providing
the required charging power of EVs from the electricity
market. In order to minimize the electricity cost of park-
ing owners, a smart charging management system (SCMS)
that controls the charging process of each EV based on the
fluctuation of EP is proposed. The charging time of each
regular EV can be calculated by the SCMS according to its
arrival time, departure time and charging demand which set
by its owners. After obtaining these information, the charging
scheduling of regular EVs that aims to choose appropriate
time slots to charge can be set up in advance.

To ensure the benefits of EV owners, it is assumed that:
each EV in the parking lot should be charged to its 90% of
upper SOC limit before departure and the charging behavior
of regular EVs can be obtained by SCMS in advance. In order
to simplify the discussion, the efficiency of EV batteries and
vehicle-to-grid (V2G) is not considered.

A. BASIC STRUCTURE OF THE SYSTEM
SCMS is proposed in this paper, as show in Fig. 1. The
grid is connected to the system via a transformer. The
PV system is connected to the bus through a DC-AC con-
verter, and the power it generates is first supplied to charge
the EVs. When the PV power is insufficient to satisfy the
EV demand, the power of grid or ESS is used to meet the
EV load. If there is excess PV power, it will be supplied
to the ESS or converted to AC power by the bidirectional
inverter to feed into the grid. The key role of ESS in the
system is that it can store the grid power in low EP periods
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FIGURE 1. The structure of SCMS.

or the excess PV power, and release it to the EV when EP is
high.

B. ESTABLISHMENT OF CHARGING MODEL
In order to satisfy EVs with different charging needs and
improve the quality of service, the charging modes of EVs
are divided into three types: M0(0KW), M1 (7KW), and
M2 (19.2KW). M1 and M2 are both belong to level 2 of
the charging pattern [25]. The charging mode of each EV is
determined based on its parking time and charging demand.
The variable i ∈ {1, 2 · · · I } represents the number of EVs
that need to be recharged in one day. Let Rp,i denote the
parking time of EV i and Demi denote its charging demand.
Their charging time inM1 andM2 is denoted by R1c,i and R

2
c,i

respectively. If the parking time of an EV is less than charging
time in M2, the charging demand of this EV will not be
satisfied. Therefore, SCMS will reject the requirement of the
EV to enter the parking lot for charging and its chargingmode
is denoted as M0. Then the choice of charging mode (CM)
for EV i is defined as follows

CMi =


M1 Rp,i ≥ R1c,i
M2 R1c,i > Rp,i ≥ R2c,i
M0 otherwise

∀i ∈ I , (1)

where

R1c,i =
Demi
7

, R2c,i =
Demi
19.2

∀i ∈ I (2)

For EVs charged in M1, SCMS can adjust their charging
time to the periods of low EP by on-off strategy. It is more
practical to turn charging on or off rather than adjust the
charging rate when controlling charging of a large number
of EVs. The charging process of these EVs can be delayed
at any time under certain restrictions. When charging power
is high, frequent charging will do harm to battery life. There-
fore, for EVs charged inM2, once they start charging, the pro-
cess will not be interrupted, SCMS just need to determine
when they start charging in the optimization scheduling.

It is assumed that each EV visits the parking lot once
in 24 hours. Let one day be divided into T time slots and
each slot t is half an hour. A binary variable k it is proposed
to represent the charging state of EV i in the time slot t .
k it = 1 denotes EV i is in charging and k it = 0 is in idle state.

FIGURE 2. Charging state of EVs in parking time.

[ai, di] denotes the parking time slot range of EV i. Rc,i rep-
resents the number of time slots to fulfil the charging task.
The parking time and required charging time of each EV is
updated in real time by SCMS. The remaining charging
time should not be less than the remaining parking time.
The charging time constraint that EV i should satisfy can be
given by

di∑
t=ai

k it = Rc,i, ∀i (3)

It should be noted that the EV i charged inM2 keeps k it = 1
during the charging periods. In order to better explain the
charging strategy, it is assumed that EV1 and EV2 are charged
in M1 and EV3 is charged in M2, and their charging states in
rolling horizon are as shown in Fig.2. Each square represents
a time slot and the length of the square bar represents the
parking time of each EV, the gray square represents that the
EV is charging in this period whereas blank square represents
that the EV is in idle state. The rolling horizon is the charging
optimal range. The charging period of each EV is scheduled
by SCMS in this scope.

Let Pi denote the charging power of the EV i and
PEVt represents the total charging load of the parking lot from
the connected EVs in time slot t . PEVt is calculated by

PEVt =
∑
i∈I

k itPi, ∀t (4)

C. ENERGY SUPPLY MODEL OF THE PARKING LOT
To meet the charging demand of EV PEV , the power provided
by ESS PESS , PV system PPV ,EV and grid Pgrid,EV are sup-
plied to charge the EVs. Therefore, the total charging power
of all EVs PEV during slot t can be calculated by

PEVt = PESS,EVt + PPV ,EVt + Pgrid,EVt , ∀t (5)

1) ESS MODEL
Let SOC t denote the state of charge (SOC) of the battery
energy storage system in time slot t . It can be calculated by

SOCt =
ERemt

ETotal
, ∀t (6)

where ERemt and ETotal respectively denote the remaining
capacity of ESS in time slot t and the total capacity of ESS.
Let 1PESSt denote the output power of the ESS, the ηESSc

and ηESSd respectively denote the converter efficiency of
the ESS in charging and discharging process. Therefore,
the dynamic adjustment of SOC can be shown as (7).
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In addition, 1PESSh should satisfy the follow (8)-(10) at any
time slot, where Pc,ESS and Pd,ESS represent the charging
power and discharge power of ESS, PPV ,ESS , Pgrid,ESS , and
PESS,grid represent the power from PV to ESS, grid to ESS
and ESS to grid.

SOCt = SOCt−1 +
1PESSt ·1t
ETotal

, ∀t, (7)

where

1PESSt = Pc,ESSt − Pd,ESSt , ∀t (8)
Pc,ESSt =

(
PPV ,ESSt + Pgrid,ESSt

)
· ηESSc , ∀t (9)

Pd,ESSt =

(
PESS,EVt + PESS,gridt

)/
ηESSd , ∀t (10)

2) PV POWER MODEL
The power generated by PV system can be charged for EVs,
sold to the grid and stored in ESS. The power balance among
them can be expressed by

PPVt = PPV ,gridt + PPV ,EVt + PPV ,ESSt , ∀t (11)

where PPV is the generated power of PV system, PPV ,grid is
the power from the PV to the grid.

3) GRID POWER MODEL
The EV or ESS can be directly charged by grid, and the
ESS and PV system can also sell excess power to the grid.
Accordingly, the grid power in period t can be expressed
by (12)-(14). Pgrid,b and Ps,grid represent the power pur-
chased from the grid and the power sold to the grid.

Pgridt = Pgrid,bt − Ps,gridt , ∀t (12)
Pgrid,bt = Pgrid,EVt + Pgrid,ESSt , ∀t (13)
Ps,gridt = PESS,gridt + PPV ,gridt , ∀t (14)

D. DESCRIPTION OF EV MODEL
Due to the lack of real-world EV charging data, the EV arrival
behavior and their charging demands are generated following
the Poisson distribution [19]. For the vehicles arriving at the
parking lot, the arrival/departure rates are modeled by giving
higher arrival rate in the morning and higher departure rate in
the afternoon. The parking time of EVs is set to be longer in
the morning and shorter in the afternoon, which refers to the
real data of workplace.

E. PROBLEM FORMULATION
In this paper, the objective is to minimize the electricity
cost of parking lot, while satisfying the charging needs for
connected EVs. Therefore, the optimization problem for the
parking lot can be formulated as follows:

min Cost =
T∑
t=1

(
Pgrid,bt Ub

t − P
s,grid
t U s

t

)
·1t (15)

Subject to SOCmin ≤ SOCt ≤ SOCmax, ∀t (16)
0 ≤ Pc,ESSt ≤ Pc,max

t , ∀t (17)
0 ≤ Pd,ESSt ≤ Pd,max

t , ∀t (18)
0 ≤ Pgridt ≤ Pgrid,max

t , ∀t (19)

Ub
h and U s

h represent the price of electricity purchased
from the grid and sold to the grid respectively. The upper
and lower limits of SOC are as shown in (16). Pc,max and
Pd,max represent the maximum charge and discharge power
of the ESS. The transformer capacity constraint (19), defines
the upper limit of total power that can be obtained from the
grid.

III. THE GREY WOLF OPTIMIZER
The Grey Wolf Optimizer (GWO) originates from the sim-
ulation of hierarchical system and predation behavior of
grey wolf population in nature, and achieves the goal of
optimization through wolf group tracking, encirclement, pur-
suit, and attacking prey. Compared with other meta-heuristic
optimization algorithms, GWO has the advantages of sim-
ple principle, few parameters and strong global search abil-
ity. It has been proved to be superior to Particle Swarm
Optimization (PSO) algorithm in accuracy and convergence
speed [26]. GWO is used to study complex and constrained
problems in recent years and it is proved to be a suitable
solution [27], [28].

A. CONTINUOUS VALUED GWO
In GWO, the wolf group is divided into four grades: α leads
the predation action, β makes the auxiliary decision, δ carries
out the specific action arrangement, ω obeys the orders of the
first three to track the prey. In the searching process for the
best solution, the current best individual in the population is
recorded as α, the current suboptimal individual is recorded
as β, the current third best individual is recorded as δ, and
the remaining individuals are recorded as ω, and the position
of the prey corresponds to the global optimal solution of the
optimization problem.

In the hunting process of grey wolves, their encircling
behavior can be modeled mathematically as

→

D =

∣∣∣∣→C →

·Xp (n)−
→

X (n)

∣∣∣∣ (20)

→

X (n+ 1) =
→

Xp (n)−
→

A ·
→

D (21)
→

A =
→

2a ·
→
r1−

→
a (22)

→

C = 2 ·
→
r2 (23)

where ED is the distance between each wolf and the prey,
EXp (n) is the position vector of the prey in the iteration n;
EX (n) is the position vector of the grey wolf individual in the
iteration n; EA and EC are coefficient vector; Ea decreases linearly
from 2 to 0 as the number of iterations; Er1 and Er2 are random
numbers between [0,1].
Among grey wolves, α, β, and δ are closest to the

prey. Therefore, for other grey wolves, the position of prey
is determined according to the positions of α, β, and δ.
Their positions are updated by:

→

X (t + 1) =

→

X 1 +
→

X 2 +
→

X 3

3
(24)
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→

X1 =
→

Xα −A1 ·
→

Dα
→

X2 =
→

Xβ −A2 ·
→

Dβ
→

X3 =
→

Xδ −A3 ·
→

Dδ (25)
→

Dα =

∣∣∣∣C1 ·
→

Xα (t)−
→

X (t)

∣∣∣∣
→

Dβ =

∣∣∣∣C2 ·
→

Xβ (t)−
→

X (t)

∣∣∣∣
→

Dδ =

∣∣∣∣C3 ·
→

Xδ (t)−
→

X (t)

∣∣∣∣ (26)

where A1,A2,A3 are calculated by (22), C1,C2,C3 are cal-
culated by (23).

B. IMPROVED BINARY GREY WOLF OPTIMIZER (IBGWO)
According to the previous introduction, the EV charging
scheduling problem is transformed to a linear programming
problem to determine the charging state of each EV in a
specific time range. Since the charging state of each EV in any
time slot is represented by 0 or 1, a binary grey wolf algorithm
is designed to solve the charging optimal problem.

As proposed in [29], the updated position vector of grey
wolf (24) is transformed to binary by the following equation

xn+1g =

1 sigmoid
(
x1 + x2 + x3

3

)
≥ rand

0 otherwise
(27)

where rand is a random number between [0, 1], xn+1g is the
updated binary position in dimension g at iteration n, and
sigmoid(a) can be represented as

sigmoid (a) =
1

1+ e−10[x−0.5]
(28)

1) ENCODING OF BINARY VARIABLES
It is assumed that the number of grey wolves is W . The
charging state of EV i of wth wolf during time slot t of
iteration n can be denoted as k i,nt,w. Therefore, a dimension of
I-by-T matrix is constructed for each wolf to find the optimal
solution. In the charging scheduling horizon, the matrix of
all EVs of wth wolf at iteration n is represented by K n

w. The
charging state solution of all grey wolves can be expressed as
K (n) =

{
K n
1 ,K

n
2 , · · · ,K

n
w
}
. K n

w is given by

K n
w =


k1,n1,w k2,n1,w L kT ,n1,w
k1,n2,w k2,n2,w L kT ,n2,w
L L L L
k1,nI ,w k2,nI ,w L kT ,nI ,w

 (29)

2) INITIAL POPULATION
The initial population is generated randomly. When solv-
ing the charging state coding problem, in order to improve
the convergence speed of the algorithm, all individuals in
the population must be effective. Each individual should be
guaranteed to contain enough 1 to satisfy the conditional
constraints of (3)-(4).

3) MUTATION
After selecting α, β, and δ, other grey wolves need to update
their positions according to these three, and the individuals
after iteration may not meet the previous constraints. There-
fore, mutation is used to change the number of 0 and 1 in these
individuals randomly. Mutation provides an opportunity for
the individuals that are not in the current population and can
avoid local optimum effectively.

4) FITNESS FUNCTION
To evaluate the performance of grey wolf individuals, the fit-
ness value of each individual is calculated by using (30),
which µ is coefficient that prevents fitness value from being
negative. ϕ is a penalty factor. When Pgridt > Pgrid,max, ϕ is
a large positive number. When Pgridt ≤ Pgrid,max, ϕ is equal
to 1. By setting the penalty factor ϕ, individuals who do not
meet the constriction can be effectively excluded in the search
process.

fitness =
1

ϕ · (Cost + µ)
(30)

Algorithm 1 Improved Grey Wolf Algorithm
Input: The population size, variable dimension and

maximum iteration number.
Output: The position of α, fitness value of α.
1: Initialize a constrained population
2: Initialize a, A, and C .
3: Calculate the fitness values of all wolves by (30)
4: Find the α, β, δ solutions
5: While the criteria for stopping not satisfied do

For each ω wolf
Update the current position by (27)
If the constraints(3) not met
Mutate the position of individuals.

End if
End for

6: Update a, A, and C .
7: Evaluate the fitness of each wolf.
8: Update α, β, δ.
9: End while

In order to apply the IBGWO to solve the charging schedul-
ing problem, the entire process of the IBGWO is shown in
Algorithm 1 according to the previous description.

IV. PREDICTION AND OPTIMAL METHODOLOGY
At the beginning of each period, the SCMS needs to update
input information about EVs, EP and PV power generation.
Due to uncertainty and fluctuation of input information in
future, the charging decision made in time slot t may not
be the optimal charging decision for future time periods. The
control system needs to update the charging decision within a
limited time interval. Therefore, a real-time charging schedul-
ing strategy based on a short-term prediction of PV power
generation and IBGWO is proposed to solve the problem.
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A. PREDICTION OF PV POWER GENERATION
The support vector machine (SVM) model [30] is chosen
for short-term prediction. The weather types are divided
into sunny, cloudy and rainy in different seasons. Then the
average generations of different weather types are calculated
according to the history data. Based on the current real-time
weather forecast, SCMS selects the PV power generation data
with similar weather characteristics as the forecast trend and
update PV generation forecast data with short-term forecast
in real time. Then, previously predicted data will be replaced
by the updated data and the scheduling of next time slot is
optimized according to the updated data.

B. REAL-TIME CHARGING SCHEDULING STRATEGY
Based on the prediction of PV power generation and
algorithm 1, a real-time charging scheduling strategy is
shown in algorithm 2. The SCMS keeps updating the current
time, the information of PV power, EP and working status
of each EV. Once the time is the beginning of each period,
real-time charging scheduling strategy will be performed to
optimal the charging decision. Firstly, charging optimization
is performed without ESS, ensuring that PV power is firstly
used to charge the EV. Secondly, find whether there is excess
PV power in the optimization interval, the excess power will
be charged to ESS at suitable charging periods or sold to the
grid at suitable selling periods. Thirdly, find the ESS charging
and discharging periods according to the EP, discharge when
EP exceeds a certain value and charge when EP is low. Next,
based on the updated Pgrid and PESS , the algorithm 1 is used
to solve the optimization problem. Finally, according to the
best individual of the output, the EV charging scheduling is
updated. The SCMS controls the operation and records the
working status of each EV in real time.

V. CASE STUDIES
To verify the performance of the proposed strategy in charg-
ing scheduling on daily electricity cost, several simulation
cases are studied, and the relevant results are discussed in this
section.

A. PARAMETER SETTING
Based on the Section II, it is assumed that the specifica-
tions of EVs are the same and their battery capacities are
set as 50 kWh according to common EV capacities such
as BYD e5 and Geely EV450. The arrival/department time
distribution and SOC distribution of EVs on working days are
shown in Fig.3 and Fig.4. Their detailed time information and
charging demands are listed in Table 1. Specific parameters
of ESS are listed in Table 2 and the TOU price is shown
in Table 3. It is assumed that the price of electricity sold
is one-fifth of electricity purchased. The data of PV power
generation in this paper can be obtained from [31], [32]. All
the cases are simulated on the plat of MATLAB installed on a
personal computer with an Intel Core i5 (3.4GHz) processor
and 4GB random-access memory.

According to the parameters set in the previous, several
case studies are described as follows to simulate the operation
of a parking lot in one day.

Algorithm 2 Real-Time Charging Scheduling Strategy
1: Repeat Update time
2: while current time is beginning of period do
3: Update input: EP, PPV , PEV ,Pgrid,max , SOC t .
4: Update charging scheduling for EVs without ESS by

algorithm 1.
5: Update Pgrid by (5) with PESS = 0.
6: If there is excess PV energy then
7: Find the periods can charge to ESS
8: If no period to change ESS
9: Find the periods can sell PV power to grid.
10: Determine the best selling periods by comparing

the electricity cost.
11: Update PESS and Pgrid .
12: End if
13: End if
14: Find the appropriate charge periods and discharge

periods of ESS according to the EP.
15: Update PESS and Pgrid .
16: Solve the problem (15) by algorithm 1.
17: Store the best individual α and the Cost.
18: Update charging scheduling for all the EVs.
19: End while
20: End

FIGURE 3. Arrival and departure time distribution of EVs.

Case1: The parking lot with the grid connection only and
the EV is charged from the arrival time and the charging
process is uninterruptible. It should be noted that there is no
limit to the power supply of the grid to meet the EV charging
needs. The performance of this case is the basis for evaluating
other studied cases.
Case 2: The parking lot with the grid connection only. This

case is optimized by the on-off strategy based on IBGWO to
get the running status and electrical cost of the parking lot.
The transformer capacity constraint should be observed.
Case 3: The parking lot with ESS and without PV system.

This case is generated to test the role of ESS in the parking
lot based on case 2.
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FIGURE 4. SOC distribution of EVs.

TABLE 1. The information of EVs.

TABLE 2. Parameter settings of ESS.

Case 4: The parking lot with ESS and PV. This case is gen-
erated to evaluate the effectiveness of the proposed system.
Case 5: Considering that the number of charging cars

will be greatly reduced at the weekend, We chose ten EVs
from Table 1 to be charged in that day. Their ID numbers
are 11, 13, 15, 17, 19, 21, 22, 27, 29, and 34. This case is
generated to evaluate the charging scheduling of the system
at the weekend.

TABLE 3. TOU electricity price.

FIGURE 5. Power curves of the EV charging in Case 1.

B. RESULTS AND ANALYSIS
1) PERFORMANCE IN DIFFERENT CASES
As shown in Fig.5, in the case 1, if the EV starts charging from
the arrival time, the peak load will exceed the set transformer
capacity limit in order to meet the total charging demand
of EVs. So, the EVs that arrive at the parking lot after the
grid power reaches the limit will not be charged in the actual
situation. This is clearly not what parking lot operators want.
Then the on-off strategy and IBGWOare used to complete the
simple scheduling of EV charging. From the Fig.6, by com-
paring with Fig.5, we can find that the IBGWO and on-off
strategy can effectively shift EV load to the periods with low
EP without exceeding the grid power limits. Since only the
grid provides the power in the parking lot, the EV charging
load is equal to the power of grid in these cases.

Due to the addition of ESS, We can see that the power of
grid is greatly reduced in Fig. 7 during the high EP periods.

The ESS releases the stored energy to charge the EV in
the high EP periods, compared with case 2, it reduces the
EV charging load during the low EP period. This is conducive
to charging the ESS under the maximum grid power limit
during the low EP periods, and storing energy for the next
high EP time to obtain themaximum economic benefit. At the
end of the high EP periods, the ESS will discharge to the
minimum capacity limit. Therefore, the ESS is fully utilized
to charge EVs under constraints in this case, its total output
power is limited by its maximum capacity.

Next, as shown in Fig. 8, with the coordination of PV
system and ESS, the demand for EV charging is more con-
centrated in the periods of low EP. During periods of high EP,
only small or no power of grid is purchased from the grid.
PV system and ESS play an important role in reducing the
power of grid. The charging and discharging number of ESS
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FIGURE 6. Power curves of the EV charging in Case 2.

FIGURE 7. Results of the charging scheduling in Case 3. a) Power curves.
b) The output power and SOC of ESS.

is reduced and it is beneficial to extend the life of ESS. If the
PV power predicted value is more than actual value, the grid
power will complement the error value (such as t = 21 to
t = 24). If the predicted value is less than the actual value,
the excess PV power will be used to offset the corresponding
value of grid power supplied to the system (such as t = 25
to t = 27) or be sold to the grid (such as t = 15 to t = 19).

FIGURE 8. Results of the charging scheduling in Case 4. a) Power curves.
b) The output power and SOC of ESS.

Compared with Case 3, the grid power is reduced during the
low EP periods, which provides tolerance for the PV power
prediction error.

When the charging load is low in the future optimization
range, as shown in Fig. 9, it is obvious that the PV power in
the optimized range is much more than the EV load. From
t = 15 to t = 30, excess PV power is stored in the ESS for
charging the coming EVs or sold to the grid according to the
EP. Under the premise of ensuring that ESS stores enough
power to meet the charging demands of EVs arriving in the
future, SCMS chooses to sell excess PV power to the grid
during periods of high EP, as shown in t = 19 to t = 21
and t = 26 to t = 29. If the excess PV power is always
given priority to charge the ESS, it is likely that there will be
excess PV power in the low EP period after the capacity limit
of ESS is reached, and they will have to be sold to the grid
at a low price. Compared with this, our proposed strategy has
better economic benefits. In the optimization process, only a
small amount of power is purchased from the grid to make up
the prediction error value, which greatly reduces the cost and
improves the utilization rate of PV power generation.

As can be seen from the several cases, the ESS and PV
system is critical for reducing the overall charging cost.
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FIGURE 9. Results of the charging scheduling in Case 5. a) Power curves.
b) The output power and SOC of ESS.

The accuracy of PV power generation prediction also has
an important impact on the reduction of system operation
cost. The comparison of the 5 different case studies in this
paper is summarized in Table 4. Compared with Case 1,
Case 2 reduced the cost by 2.7% under the transformer
capacity limit. Although the savings is very less without
ESS, the strategy is effectively to reduce the operation cost
of the system. When PV system and ESS are added to the
SCMS, the operation cost is greatly reduced. Compared with
Case 2, the cost is reduced by 12.3% and 55.0% respectively
in Cases 3 and 4. On weekends, the cost is negative because
that the PV power generation is abundant and excess power
is sold to the grid for profit under the premise of meeting EV
load. Compared with the ESS management strategy in [24],
the PV power utilization rate is greatly improved.

2) COMPARISON WITH OTHER APPROACHES
In order to better prove the effectiveness of the improved
algorithm in solving the proposed problem, we compare the
improved algorithm with GA [33], PSO [34], BGWO.

According to the literature or our experimental process,
the parameters of each algorithm are set to produce the

TABLE 4. The settings of the cases.

TABLE 5. Performance comparison of cases 4.

best results. As shown in Table 5, the performance of several
algorithms in solving case 4 is listed. From the comparison
of average and best cost, it can be seen that BGWO obtains
better results than GA and PSO, but their average running
time is longer. Compared with BGWO, the average cost and
best cost of IBGWO are reduced by 1.3% and 1.0% respec-
tively, and the running time is reduced by 50.6%. It is proved
that the improved method proposed in this paper enhances
the stability and efficiency of the BGWO, which greatly
improves the practicability of the algorithm in solving real-
time scheduling problems.

VI. CONCLUSIONS
In this paper, we designed a smart charging management
system for the parking lot integrating PV system and ESS.
This system completes a collaborative power flow scheduling
among the grid, ESS, and PV system to charge EVs and the
corresponding model is also established. We assume that the
daily regular EVs in future 24 hours are predictable. The vehi-
cle arrival behavior modeled by Poisson stochastic process is
generated to simulate real-life parking behavior. The charging
scheduling problem is transformed into an optimization prob-
lem of electricity cost minimization. Then, an improved grey
wolf optimizer is proposed to solve the charging scheduling
problem of EVs.

Through population initialization and mutation, the con-
vergence speed and optimization accuracy of the algorithm
are improved. A real-time scheduling strategy based on an
improved IBGWO and short-term PV power prediction is
proposed to make the charging decision. Through the simula-
tion results of different cases, it can be observed that the pro-
posed strategy can improve the utilization rate of PV power
generation and maximize the ESS energy storage benefit,
and achieve efficient charging optimization scheduling in the
parking lot. Compared with other algorithms, the proposed
IBGWO can achieve better results.

Some limitations of this study are as follows. The price
and lifespan of ESS and PV system are not considered in this
paper. The charging scheduling of irregular EVs has not been
studied. These are the future works need to investigate.
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