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ABSTRACT This paper studies the optimal charging scheduling for electric vehicles (EVs) in a workplace
parking lot, powered by both the photovoltaic power system and the power grid. Due to the uncertainty and
fluctuation of solar energy and the time-varying EV charging requirements, it is challenging to guarantee the
economic operation of the parking lot charging station. To address this issue, we formulate the EV charging
scheduling in the parking lot as a benefit maximization problem. First, by analyzing the relationship among
the EV charging requirements, the charging load, and the harvested solar energy, we derive several necessary
conditions for obtaining an optimal decision, such that the primal optimization problem can be simplified.
Then, we design a dynamic charging scheduling scheme (DCSS) to manage the EV charging processes,
in which the model predictive control method is employed to deal with the real-time information of EV
charging requirements and the solar energy. Simulation results demonstrate the effectiveness and efficiency
of the designed DCSS.

INDEX TERMS Electric vehicle, charging scheduling, photovoltaic power, model predictive control.

NOMENCLATURE

t The t-th time slot.
t̄ The current time slot.
t ′ An upcoming time slot in the time period.
xi,t Charging decision of EV i during time slot t .
x̂i,t Maximal charging duration for EV i during time

slot t .
λt Total number of EVs that arrive at the parking lot

during time slot t .
Ai Arrival time of EV i at the parking lot.
C t̄
T Total expected benefit of the parking lot during

time slot t̄ to T .
CG
t The electricity cost of the parking lot during time

slot t .
Di Departure time of EV i at the parking lot.
ERt Total amount of the harvested solar energy during

time slot t .
ER0t Total amount of the unused solar energy during

time slot t .
EGt Total amount of the energy that from the power

grid during time slot t .

ED The expected energy consumption per kilometer
of EV.

Ei,t The amount of energy that is charged to EV i
during time slot t .

Ēt Total charging load of the parking lot during time
slot t .

Ēmax
t The maximal charging load of the parking lot dur-

ing time slot t .
ÊRt ′ The estimated value of ERt during upcoming time

slot t ′.
I The set of EVs that are charged in the parking lot

during the entire time period.
Ī(t) The set of EVs that are connected to the charging

system at time slot t .
MA
t The number of EVs that arrive at the parking lot

during time slot t .
MD
t The number of EVs that leave the parking lot

during time slot t .
P̄ Charging power of one charging pile during each

time slot.
Rti The charging requirement of EV i during time

slot t .
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ROi Total charging requirement of EV i.
Rt̄I The total amount of the EV charging requirements

during the remainder time period at current time
slot t̄ .

T Total amount of time slots in one time period.

I. INTRODUCTION
Climate change and extreme weather, highly related to the
Greenhouse Gases (GHGs) emission, have been a critical
issue facing the world. Recent data show that transporta-
tion and electricity generation, two of the major contrib-
utors to the GHGs, have an increasing trend [1]. Electric
Vehicles (EVs) are a key to promote the sustainable energy
development and address the air quality and climate change
issues. Solar energy is green and renewable, so using Pho-
tovoltaic Power (PV) to charge EVs is promising, especially
for the workplace parking lots thanks to their large space for
installing the PV system and long available daytime for EVs
to be charged [2].

Using solar energy solely may not satisfy the EV charging
requirements due to its fluctuations and limited quantities.
To satisfy the EV charging requirements, the combination of
the solar energy and the power grid, namely the PV–Grid,
becomes prominent [3]. The economic operation objective of
the parking lot charging station is to maximize the utilization
of solar energy given its low cost and smooth the load on the
power grid to avoid the peak load penalty. However, the time-
varying EV charging requirements and the fluctuated solar
energy make the management of charging processes more
difficult. That is because an aggressive charging scheduling
scheme tries to finish all charging tasks earlier and may lead
to a low utilization of the solar energy, while a conservative
one may delay a large number of charging requirements until
the last minutes and increase the peak load on the power
grid. It is necessary to design an optimal charging scheduling
scheme based on the realtime information of the EV charging
requirements and the solar energy [4].

The charging scheduling problems with various goals for
the charging system, powered by the power grid with or with-
out renewable energy sources, have been widely studied [5],
such as reducing the cost and guaranteeing system stability
[6]–[8], maximizing total benefit [9]–[12], smoothing the
charging load on the power grid [13]–[15], improving oper-
ation efficiency [16]–[18], and other objectives [19]–[21].
These solutions are typically based on a combination of
the current data and the estimated data in future. Given the
highly dynamic EV charging requirements and intermittent
renewable energy sources, how to optimize the scheduler to
respond quickly to realtime information remains an open and
critical issue.

To deal with the challenge, Model Predictive Con-
trol (MPC) has been used to design the charging schedul-
ing scheme since MPC allows the current time slot to be
optimized while keeping future time slots in account. In this
paper, based on the realtime information at current time
slot and estimated information in the upcoming time slots,

a dynamic model has been proposed to update the EV charg-
ing requirements and the energy supply of the parking lot.
Then, a benefit maximization problem is formulated to max-
imize the total benefit of the parking lot. We derive several
necessary conditions for the optimal solution to simplify the
primal problem. To handle the time-varying solar energy
and EV charging requirements, we proposed a MPC-based
distributed scheme to solve the charging scheduling problem.
The contributions of this paper are summarized as follows:
• We formulated the charging scheduling for a workplace
parking lot, powered by both the PV system and the
power grid, as a benefit maximization problem.

• We analyzed the relationship among the EV charging
requirements, the charging load on the power grid, and
that on the solar energy, and derived several necessary
conditions for the optimal solution to simplify the primal
problem.

• We proposed a Dynamic Charging Scheduling Scheme
(DCSS) based on MPC to manage the EV charging
processes to maximize the benefit of the parking lot.

The rest of the paper is organized as follows. Section II
introduces the related works. Section III presents the system
model and the problem formulation. Section IV derives sev-
eral necessary conditions for the optimal solution. A DCSS is
proposed in Section V. Section VI presents the performance
analysis, followed by the concluding remarks and further
research issues in Section VII.

II. RELATED WORKS
According to the optimized objectives, EV charging schedul-
ing research can be classified into two categories: cost-aware
charging scheduling schemes and efficiency-aware charging
scheduling schemes.

A. COST-AWARE CHARGING SCHEDULING SCHEMES
Mohamed et al. [6] designed a fuzzy controller to man-
age the charging processes of EVs to reduce the overall
daily cost and mitigate their impact on the power grid.
Tushar et al. [7] proposed a classification scheme of EVs,
such that the PV driven charging station can trade with dif-
ferent energy entities to reduce its total energy cost. Under
the Time of Use (TOU) price, Liang et al. [8] studied the
charging/discharging scheme in Vehicle-to-Grid (V2G) sys-
tem and obtained a state-dependent policy to minimize the
charging cost for individual EVs. Considering the battery
characteristic and TOU price, Wei et al. [9] designed an
intelligent charging management mechanism to maximize
the interests of both the customers and the charging opera-
tor. Considering unpredictable EVs patterns and EV various
charging preferences, Wang et al. [10] designed a Hybrid
Centralized-Decentralized (HCD) charging control scheme
for EVs to coordinate the EV charging processes, such that
the revenues of the whole charging system can be maxi-
mized. Kim et al. [11] developed an algorithm to find the
optimal charging scheduling, service pricing and energy stor-
age scheme, such that the profit of charging stations can be
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maximized. Jin et al. [12] presented a Lyapunov optimiza-
tion for EV charging scheduling problems to maximize the
utilization of renewable energy and reduce total charging
cost. These works typically assumed that the EV charging
requirements or the renewable energy can be estimated and
do not consider the realtime EV charging requirements and
renewable energy.

B. EFFICIENCY-AWARE CHARGING
SCHEDULING SCHEMES
Zhou et al. [13] achieved the Demand Side Management
(DSM) by scheduling intelligent EV charging to relieve the
power grid pressure. Wang et al. [14] designed a novel
Two-stage EV charging mechanism to determine the energy
generation and charging strategy dynamically, such that the
peak-to-average ratio (PAR) and the energy cost can be
reduced. Liu et al. [15] proposed a leader-follower game
model between the EV owners and the distribution service
provider, and then designed an optimal pricing based EV
charging scheduling scheme to avoid system peak load.
Zhang et al. [16] proposed aMarkovDecision Process (MDP)
based charging scheduling scheme to minimize the mean
waiting time for EVs. Wang et al. [17] proposed a mobility-
aware coordinated charging strategy for EVs in VANET-
Enhanced Smart Grid, which can improve the overall energy
utilization, avoid power system overloading, and can address
the range anxieties of individual EVs. Farzin et al. [18]
developed a novel framework based on the non-sequential
Monte Carlo simulation method to quantify the potential
contribution of parking lots to the reliability of PV–Grid
charging systems. Yang et al. [20] proposed a risk-aware day-
ahead scheduling and realtime dispatch algorithm to min-
imize the EV charging cost and the risk of the load mis-
match. Lee et al. [21] took the competition with neighboring
EV charging stations with renewable energy sources into
account using game theory, and proved that there exists a
unique pure Nash equilibrium for best response algorithms
with arbitrary initial policy. These works mainly focused on
operational efficiency of charging systems and the utilization
of renewable energy in long-term, rather than the realtime
benefit of the parking lot. Also, they lack the quick response
abilities to the realtime changing information.

III. SYSTEM MODEL AND PROBLEM FORMULATION
Considering a workplace parking lot for a company, whose
office hours are given, e.g., from 8:00am to 5:00pm. There
are N charging piles with the AC level II charging mode in
the parking lot. Each charging pile connects to the power
bus of the parking lot with a centralized-controller-managed
switch, such that the charging process of each EV can be
managed by the controller. The power bus can be powered
by both its internal PV system and the power grid. In this
system, the central controller can not only collect/estimate
the information of the PV system, the power grid and EVs, but
also manage the charging processes of all the EVs by toggling
the switches. The system model is shown in Fig. 1. Note that,

FIGURE 1. The operation model of the designed system.

the solar energy collected by the PV system can only be used
by the parking lot since it cannot be fed back to the power
grid due to stability and safety concerns.

In the following parts, we first introduce the models of
charging processes, EV charging requirements, energy sup-
plement, and operation requirements of the parking lot. Then,
we formulate a benefit maximization problem to schedule the
charging processes of EVs in the parking lot.

A. CHARGING MODEL OF THE PARKING LOT
Let one day be a time period, which can be divided into T
time slots. Let t̄ denote the current time slot and t ′ denote an
upcoming time slot in the time period, respectively. Hence,
t ′ > t̄ always holds in this paper. Let xi,t denote the charging
decision of EV i during time slot t , t ∈ [t̄,T ], which is
decided by the central controller. Here, the charging decision
xi,t of EV i satisfies

0 ≤ xi,t ≤ 1, ∀t, (1)

and the total amount of energy Ei,t that is charged to EV i
during time slot t is

Ei,t = xi,t P̄, (2)

where P̄ denotes the regular charging power of one charging
pile during one time slot.1

Let I denote the expected set of EVs that are charged in
the parking lot during the entire period and Ī(t) denote the set
of EVs that are connected to the charging system during time
slot t , respectively. Thus, Ī(t) ⊂ I and I =

⋃T
t=1 Ī(t) always

hold. Then, we have{
0 ≤ xi,t ≤ 1, if i ∈ Ī(t);
xi,t = 0, otherwise.

(3)

Let Ēt denote the total charging load of the parking lot from
the connected EVs during time slot t . Ēt can be given by

Ēt =
∑
i∈Ī(t)

Ei,t =
∑
i∈Ī(t)

xi,t P̄. (4)

1According to SAEJ1772 − 2009 standard in [22], the charging power
of the charging pile with the AC Level II charging mode is 19.2 kW. Thus,
P̄ = 19.2 ∗ 24/T = 460.8/T (kWh).
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Note that the total charging load Ēt not only depends on
the charging decision xi,t and the regular charging power P̄,
but also depends on the set of the connected EVs Ī(t). Let
Ēmax
t denote the maximal value of Ēt . Without considering

the limited energy supply, Ēmax
t can be given by

Ēmax
t =

∑
i∈Ī(t)

x̂i,t P̄, ∀t, (5)

where x̂i,t = 1 iff EV i belongs to Ī(t). Obviously, the maxi-
mal charging load Ēmax

t depends on Ī(t).

B. CHARGING REQUIREMENT MODEL OF EVs
Generally, different EVs may have different arrival times,
departure times, and charging requirements, which impact the
charging decision. According to the status of EVs, we classify
them into two classes: The connected EVs and the upcoming
EVs.2 For each connected EV, it needs to report its arrival
time, departure time and charging requirement to the central
controller when it is connected to the parking lot. For the
upcoming EVs, the central controller needs to estimate their
information and then update them based on the realtime
information since it is difficult to know their information with
a high accuracy in advance.

For connected EV i, let Ai, Di and ROi denote its arrival
time, departure time and charging requirement, respectively.
Obviously, EV i only can be charged during time slot t ,
t ∈ [Ai,Di], and the relationship between EV i and Ī(t) can
be defined as {

i ∈ Ī(t), if t ∈ [Ai,Di];
i /∈ Ī(t), otherwise.

(6)

Let MA
t and ML

t denote the number of EVs that arrive at the
parking lot and that leave the parking lot during time slot t ,
respectively. We have

t̄∑
t=1

(MA
t −M

L
t ) =

∑
i∈Ī(t̄)

x̂i,t̄ , ∀t̄. (7)

For the upcoming EVs, based on the statistics of the work-
place parking lots [23], the distribution of their arrival times
can be approximated to a normal distribution, where the mean
and standard deviation are µA and σA, while their departure
times can be approximated to another normal distribution,
where themean and standard deviation areµL and σL , respec-
tively. Let λ denote the expected total number of the EVs
that are charged in the parking lot during the entire period.
We have

MA
t ′ = λ

∫ t ′+1

t ′
fA(x)dx = λ(FA(t ′ + 1)− FA(t ′)), (8)

where fA(t) is the probability density function (PDF) of
the arrival times, and FA(t ′) is the corresponding cumula-
tive distribution function (CDF). In addition, a lognormal

2The connected EVs denotes the EVs that have arrived at the parking lot
and connected to the charging pile at current time slot t̄ , and the upcoming
EVs denotes the EVs that are expected to connect to the charging pile in
future.

distribution function, with two parameters µD and σD, can
approximate the PDF of EVs’ travel distances [23], given by

fD̂(x : µD, σD) =
1

xσD
√
2π

exp{−
(ln x − µD)2

2σ 2
D

}. (9)

Let ED denote EV’s expected energy consumption per kilo-
meter. The expected charging requirement of each upcoming

EV can be given by ED exp{µD +
σ 2D
2 }.

Let Rti denote the charging requirement of EV i at time
slot t . According to the EV charging requirement and the pre-
vious charging decision {xi,t ,∀i ∈ I}, the charging require-
ment Rt̄i at current time slot t̄ can be given by

Rt̄i =


ROi −

∑t̄−1

t=Ai
xi,t P̄, if Ai < t̄;

ROi , if Ai = t̄;

ED exp{µD +
σ 2
D

2
}, if Ai > t̄ .

(10)

Note that the expected charging requirements of the con-
nected EVs will be changed by the charging decision while
the charging requirements of upcoming EVs will be updated
when the EVs connect to the parking lot.

C. ENERGY SUPPLY MODEL OF THE PARKING LOT
The parking lot can be powered by both the PV system
and the power grid. Let ERt denote the solar energy that is
collected by the PV system, ER0t denote the total amount of
excessive harvested solar energy that cannot be scheduled to
any EV by the parking lot, and EGt denote the total amount of
energy from the power grid during time slot t , respectively.
According to the energy conservation constraint, we have

Ēt = EGt + E
R
t − E

R0
t , (11)

where

ER0t ≤ E
R
t , ∀t. (12)

Generally, for safety and reliability concerns, the power
grid always issues an upper bound on its available energy for
the parking lot during one time slot, denoted by ĒG. Thus, for
the total energy from the power grid, we have

EGt ≤ Ē
G, ∀t. (13)

In addition, due to the limited charging load of the connected
EVs, the total energy from the power grid satisfies

EGt = min{Ēt − ERt + E
R0
t , Ē

G
}. (14)

Note that the total amount of energy from the power grid
depends on not only the charging load of the connected EVs,
but also the total amount and the utilization of the solar energy
during the time slot. The expected total charging load Ēt of
the parking lot during time slot t satisfies

Ēt ≤ ERt + Ē
G, ∀t. (15)

Since it is difficult to know the precise value of the solar
energy collected by the PV system in the future, the central
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controller needs to estimate the solar energy in the upcoming
time slots. Let ERt ′ and Ê

R
t ′ respectively denote the estimation

and the real value of the solar energy during time slot t ′,
and ε denote maximal estimation error in percentage. Thus,
we have

ERt ′ ∈ [(1− ε)ÊRt ′ , (1+ ε)Ê
R
t ′ ], (16)

where t ′ ∈ (t̄, t̄ + T ]. Fortunately, several existing solar
energy prediction models, e.g., the historical-data-based
method [24] and statistical-learning based method [25], show
that the short-term estimation of the solar energy can be guar-
anteed within a limited error range. Hence, we set ε ≤ 20%
in this paper. By now, the controller can manage the EV
charging processes based on the estimation of the solar energy
and then update its decision when the realtime information is
obtained.

D. OPERATION REQUIREMENT OF THE PARKING LOT
For the parking lot, the charging decision, {xi,t ,∀i, t}, needs
satisfy the charging requirements of all the EVs. Thus, for
each EV i, we have

ROi =
T∑
t=1

xi,t P̄ =
Di∑
t=Ai

Ei,t ,

since xi,t = 0 when t /∈ [Ai,Di]. It means that EV i’s charging
requirement should be satisfied when it is connected to the
parking lot.

For connected EV i, since the charging requirement Rt̄i
has been changed according to (10), the charging decision,
{xi,t ,∀t ∈ [t̄,T ]}, should satisfy

Rt̄i =
T∑
t=t̄

xi,t P̄ =
Di∑
t=t̄

Ei,t (17)

For upcoming EV i, the charging decision, {xi,t ,∀t ∈
[t̄,T ]}, should satisfy

Rt̄i =
T∑
t=t̄

xi,t P̄ =
Di∑

t ′=Ai

Ei,t , (18)

where Ai > t̄ and Di = µL .

E. OPERATION GOALS OF THE PARKING LOT
In general, the main concern of the parking lot is to maximize
its benefit while satisfying the charging requirements of all
the EVs. Here, the benefit of the parking lot depends on the
energy cost and the income. Since the collecting cost of the
solar energy is low once the PV system has been installed,
only the electricity cost from the power grid is considered.

To smoothen the charging load on the power grid, the elec-
tricity spot price, consisting a load-independent part and a
load dependent part, has been widely employed [26]–[28].
Specifically, the electricity cost of the parking lot, denoted
by CG

t , is

CG
t = a1(EGt )

2
+ a2EGt , (19)

where a1EGt and a2 are load-dependent and load-independent
prices respectively.

Let a3 denote the income of the parking lot for charging
one kWh energy to EVs. Since the total energy charged to
EVs during time slot t is Ēt , the total income of the parking
lot during time slot t is a3Ēt .

The benefit of the parking lot during time slot t is a3Ēt −
(a1(EGt )

2
+ a2EGt ). Let C

t̄
T denote the expected total benefit

of the parking lot from the current time slot t̄ to the end of the
time period T , which can be given by

C t̄
T =

T∑
t=t̄

(
a3Ēt − (a1(EGt )

2
+ a2EGt )

)
. (20)

F. PROBLEM FORMULATION
In this paper, we aim at designing an optimal charging
scheduling scheme to maximize the total benefit of the park-
ing lot while satisfying the charging requirements of all the
connected EVs. Let X t̄

= {xi,t̄ , xi,t̄+1, · · · , xi,T ,∀i} be the
charging decisions from current time slot t̄ to the end of the
time period T . The charging scheduling optimization problem
for the parking lot can be formulated as follows:

P0 : max
X t̄

C t̄
T (21)

s.t. Ēt ≤ ERt + Ē
G, ∀t ∈ [t̄,T ], (22)

0 ≤ xi,t ≤ 1, ∀i ∈ Ī(t), t ∈ [t̄,T ], (23)

R̄t̄i =
T∑
t=t̄

Ei,t , ∀i. (24)

The objective function is to maximize the total benefit of
the parking lot from current time slot t̄ to the end of the
time period T . The first constraint gives the upper bound
on the charging load, and the second constraint gives the
available range of the charging decision. The third constraint
ensures that the charging requirements of all the EVs should
be satisfied.

If the amount of the solar energy and the charging require-
ments of all the EVs are known, the charging scheduling opti-
mization problem is a convex optimization problem, which
can be solved by existing centralized toolboxes. However, due
to the time-space coupling variables and the high computa-
tion complexity, these toolboxes may not satisfy the realtime
operation requirement. Furthermore, these approaches cannot
deal with the realtime dynamics of EV charging requirements
and the solar energy from PV system. In order to solve this
problem in an efficient way, we analyze the relationship
among the system parameters, and derive several necessary
conditions for optimal solution to simplify the primal prob-
lem, and then propose a distributed algorithm to update the
charging decision in realtime.

IV. SYSTEM PARAMETER ANALYSIS
Let Rt̄I denote the total amount of the EV charging require-
ments during the remainder time period at current time slot t̄ .
For Rt̄I, we have the following Lemma:
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Lemma 1: The expected value of Rt̄I can be given by

Rt̄I =
∑
i∈Ī(t̄)

Rt̄i +
T∑

t=t̄+1

MA
t ED exp{µD +

σ 2
D

2
}. (25)

Proof: In general, the total amount of the expected EV
charging requirements Rt̄I can be divided into two parts: the
first part depends on charging requirements of the connected
EVs and the other part depends on that of upcoming EVs.

Since each connected EV i needs to report its charg-
ing requirement ROi to the parking lot, its current charging
requirement Rt̄i can be obtained by (10). Thus, the total
amount of the charging requirements of the connected EVs
at current time slot t̄ can be obtained by

∑
i∈Ī(t̄) R

t̄
i .

Based on the distribution of EVs’ arrival times, MA
t EVs

are expected to arrive at the parking lot during time slot
t and the expected charging requirement of each upcom-

ing EV is ED exp{µD +
σ 2D
2 }. Thus, the total amount of

the expected charging requirements of upcoming EVs is∑T
t=t̄+1M

A
t ED exp{µD +

σ 2D
2 }.

Thus, the total amount of the expected EV charging
requirements Rt̄I can be given by (25).

Note that Rt̄I = λED exp{µD +
σ 2D
2 } when t̄ = 0.

In order to satisfy the charging requirements of all the EVs,
the total amount of the energy from the power grid

∑T
t=t̄ E

G
t

should satisfy the following Lemma:
Lemma 2: If ĒG is large enough, the total amount of the

energy from the power grid
∑T

t=t̄ E
G
t and the total amount of

the charging requirements Rt̄I should satisfy

T∑
t=t̄

EGt = Rt̄I −
T∑
t=t̄

(ERt − E
R0
t ). (26)

Proof: In order to satisfy the charging requirements of
all the EVs, (17) and (18) should be satisfied simultaneously.
Since the total charging load of all the connected EV during
time slot t is

∑
i∈Ī(t) Ei,t , the following constraint should be

satisfied

Rt̄I =
∑

i∈
⋃T
t=t̄ Ī(t)

Rt̄i =
T∑
t=t̄

∑
i∈Ī(t)

Ei,t =
T∑
t=t̄

Ēt .

According to EGt given by (11), i.e., Ēt = EGt + E
R
t − E

R0
t ,

if ĒG is large enough, we have

Rt̄I =
T∑
t=t̄

(
EGt + (ERt − E

R0
t )
)

H⇒

T∑
t=t̄

EGt = Rt̄I −
T∑
t=t̄

(ERt − E
R0
t ). (27)

Given the charging requirements of all the EVs Rt̄I and the
solar energy ERt , it can be found that the total amount of
energy from the power grid,

∑T
t=t̄ E

G
t , is an increasing func-

tion of the unused solar energy ER0t .

By analyzing the relationships among C t̄
T , E

G
t and ER0t ,

we have the following Lemma:
Lemma 3: The expected total benefit of the parking lot C t̄

T
is a decreasing function of EGt and ER0t .

Proof: Since the charging requirements of all the EVs
should be satisfied, we have∑

i∈I
Rt̄i =

T∑
t=t̄

Ēt . (28)

According to energy conservation constraint (11), we have

T∑
t=t̄

EGt =
T∑
t=t̄

(
Ēt − (ERt − E

R0
t )
)
. (29)

Based on (28) and (29), the total benefit C t̄
T can be written as

C t̄
T = (a3 − a2)

∑
i∈I

Rt̄i −
T∑
t=t̄

(
a1(EGt )

2
− a2(ERt − E

R0
t )
)
.

(30)

It can be found that the total cost C t̄
T is a decreasing function

of EGt and a decreasing function of ER0t .
For EGt and ER0t , we have the following theorem:
Theorem 1: For the optimal charging decision, at least one

of EGt and ER0t should equal 0.
Proof: According to (14) and (27), both of EGt and∑T

t=t̄ E
G
t are increasing functions of ER0t . According to the

definition of C t̄
T given by (30), its expected value is an

increasing function of the unused solar energy ER0t and the
energy from the power grid EGt . To minimize C t̄

T , E
R0
t should

be minimized. The following conclusion can be obtained: if
Ēt ≤ ERt , E

R0
t ≥ 0 and EGt = 0; Otherwise, ER0t = 0

and EGt > 0. Thus, at least one of EGt and ER0t should
equal 0.
The maximal charging load Ēmax

t is bounded by both the
amount of energy from the PV system and the power grid,
and the number of connected EVs during time slot t . Thus,
for the maximal charging load Ēmax

t , we have the following
lemma:
Lemma 4: The maximal charging load Ēmax

t during time
slot t can be given by

Ēmax
t = min{

t∑
t̂=1

(MA
t̂ −M

L
t̂ )P̄,E

R
t + Ē

G
} ∀t. (31)

Proof: According to the definition of charging decision
xi,t , 0 ≤ xi,t ≤ 1 should be satisfied for any connected EV
i during time slot t . Since the regular charging load of each
connected EV is P̄, the maximal charging load Ēmax

t from all
the connected EVs is

Ēmax
t =

t∑
t̂=1

(MA
t̂ −M

L
t̂ )P̄, (32)

according to (5) and (7). In addition, since the charg-
ing load during time slot t should satisfy constraint (15),
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i.e., Ēt ≤ ERt + Ē
G, another bound on the charging load of all

the connected EVs is

Ēmax
t = ERt + Ē

G. (33)

Thus, the maximal charging load Ēmax
t from all the connected

EVs can be given by (31).
Based on Lemma 4 and Theorem 1, we have the following

lemma for the energy from the power grid EGt :
Lemma 5: The energy from the power grid EGt satisfies

EGt ≤ min{
t∑

t̂=1

(MA
t̂ −M

L
t̂ )P̄− E

R
t + E

R0
t , Ē

G
}. (34)

Proof: According to Lemma 4, the charging load Ēt is
bounded by (31). Thus, based on the number of the connected
EVs and Theorem 1, the energy from the power grid EGt can
be divided into three cases:
Case I:When ERt ≥

∑t
t̂=1(M

A
t̂
−ML

t̂
)P̄, we have

Ēt = ERt − E
R0
t H⇒ EGt = 0.

Case II: When ERt <
∑t

t̂=1(M
A
t̂
− ML

t̂
)P̄ ≤ ERt + ĒG,

we have

Ēt ≤
t∑

t̂=1

(MA
t̂ −M

L
t̂ )P̄ H⇒ EGt ≤

t∑
t̂=1

(MA
t̂ −M

L
t̂ )P̄− E

R
t .

Case III:When
∑t

t̂=1(M
A
t̂
−ML

t̂
)P̄ > ERt + Ē

G, we have

Ēt ≤ ERt + Ē
G
H⇒ EGt ≤ Ē

G.

Thus, the maximal amount of energy that from the power grid
during time slot t can be given by the right hand of (34).
Based on the above analysis, we obtain the relationship

among the total benefit C t̄
T , the energy from the power

grid EGt , and the unused solar energy E
R0
t , which can be used

to simplify Problem P0 in the following section.

V. PROBLEM TRANSFORMATION AND DCSS
In this section, we first transform Problem P0 into an easier
to solve one. Then, we propose a DCSS to obtain the optimal
charging decision in realtime.

According to Lemma 1, the total amount of the EV
expected charging requirements Rt̄I at current time slot t̄ is
a constant. In addition, the amount of the solar energy during
time slot t̄ and upcoming time slot t ′ are given. Thus, the total
benefit of the parking lot, defined by (30), can be rewritten as

C t̄
T = ξ −

T∑
t=t̄

(
a1(EGt )

2
+ a2ER0t

)
, (35)

where ξ = (a3 − a2)Rt̄I + a2
∑T

t=t̄ E
R
t , which can be treated

as a variable-independent constant in this paper.
Remark: In order to maximize the total benefit,∑T
t=t̄

(
a1(EGt )

2
− a2ER0t

)
should be minimized. According

to Lemma 5 and Theorem 1, the optimal values of ER0t and
EGt satisfy the following constraints: 1) ER0t > 0 and EGt = 0
hold iff ERt > Ēt ; 2) ER0t = 0 and EGt = 0 hold iff ERt = Ēt ;

3) ER0t = 0 and EGt = min{Ēt − ERt , Ē
G
t } iff Ēt > ERt .

For conditions 1) and 2), the energy that is charged to the
connected EVs cannot be increased since it reaches its upper
bound and EGt = 0, and the optimal solution is to set xi,t as
large as possible. For condition 3), ER0t = 0 holds, and we
only needs to minimize

∑T
t=t̄ a1(E

G
t )

2.
By now, Problem P0 can be transformed as:

P1 : min
X t̄

T∑
t=t̄

a1(EGt )
2 (36)

s.t. Ēt ≤ ERt + Ē
G, ∀t ∈ [t̄,T ], (37)

0 ≤ xi,t ≤ 1, ∀i ∈ Ī(t), t ∈ [t̄,T ], (38)

R̄t̄i =
T∑
t=t̄

Ei,t , ∀i. (39)

It can be found that the objective function in problem P1 is
an increasing and convex function of charging decision X t̄

since EGt is a linear function of charging decision X t̄ . Thus,
the transformed problem is a convex optimization problem
at t̄ , which can be solved by the dual decomposition method
and subgradient method.

Let β = {βt̄ , βt̄+1, · · · , βT } and γ = {γi,∀i ∈ I} be the
Lagrange multipliers. The partial Lagrangian of Problem P0
at current time slot t̄ is

L(X t̄ ,β, γ ) =
T∑
t=t̄

a1(EGt )
2
+

T∑
t=t̄

βt (
∑
i∈Ī(t)

Ei,t − ERt − Ē
G)

+

∑
i∈I
γi(

T∑
t=t̄

Ei,t − R̄t̄i ). (40)

The dual problem of Problem P1 is

D(β, γ ) = sup
0≤xi,t≤1, ∀i∈Ī(t)

L(X t̄ ,β, γ ). (41)

The objective of the dual problem is

min
β,γ

D(β, γ ). (42)

Given β and γ , the Lagrangian of ProblemP1 is an increasing
and convex function of xi,t . Thus, the problem can be solved
by the subgradient method, i.e.,

xk+1i,t = [xki,t − α
∂L(X t̄ ,β, γ )

∂xi,t
]10; (43)

where α is the step size and k is the iteration number. The
dual problem can be solved using the subgradient projection
method, where the Lagrangian multipliers, βt , and γi, are
adjusted in the direction opposite to the subgradients, i.e.,

βk+1t = [βkt + α
∂D(β, γ )
∂βt

]+, (44)

γ k+1i = γ ki + α
∂D(β, γ )
∂γi

, (45)

where [•]+ denotes max{0, •}. The optimal charging decision
based on the information at the current time slot will be
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obtained by the proposed algorithm if a small enough step-
size is selected [29].

Due to uncertainty and fluctuation of solar energy and the
time-varying EV charging requirements in future, the charg-
ing decisionmade at current time slot t̄ may not be the optimal
charging decision for future time slots. Thus, the central
controller needs to update the charging decision according
to the realtime information. In this paper, MPC is adopted
to deal with dynamic system parameters since it optimizes
the decision in the current time slot, while tracking the the
performance in future time slots.

Specifically, at current time slot t̄ , based on the charg-
ing decision X t̄−1 and the realtime information from the
EVs that just arrived at the parking lot, the central con-
troller updates the charging requirements of connected EVs
{Rt̄i ,∀i ∈ I}. Also, the central controller collects the informa-
tion of the solar energy ÊRt̄ . Then, it calculates the optimal
charging decision X t̄ , and implements the charging decision
{x t̄i,t̄ ,∀i ∈ Ī(t̄)}. At time slot t̄ + 1, the central controller

updates {Rt̄+1i ,∀i ∈ I} and ÊRt̄+1 based on the realtime and
estimated information again, and then calculates the optimal
charging decision and implements the charging decision for
time slot t̄ + 1. The program will be executed continu-
ously until Ī(t̄) = ∅ or t̄ = T . This DCSS is sketched
as Algorithm 1.

Algorithm 1 The DCSS

Initialization P̄,λ, µA, σA, µL , σL , µD, σD,ED, ÊRt ,T ,Ē
G

• for t̄ = 1, 2, · · · ,T

1) EV i, which arrives at the parking lot during time
slot t̄ , reports {Ai, Di, ROi } to the central controller;

2) The central controller updates ÊRt̄ and {Rt̄i , i ∈ I}
based on the realtime information;

3) The central controller updates the charging decision
by solving Problem P1 distributively;

4) The central controller implements the charging
decision {x t̄i,t̄ ,∀i ∈ Ī(t̄)} by toggling the corresponding
switches;
end for

return {x ti,t ,∀i, t}, {Ê
R
t ,∀t}, and {E

G
t ,∀t}.

Noted that, the time-horizon will be narrowed with the
increase of time slot t̄ . The operation flow of the designed
DCSS can be found in Fig. 2.

VI. NUMERICAL SIMULATIONS
To demonstrate the performance of the proposed DCSS,
numerical simulations are conducted in comparison with the
Two-stage scheduler proposed in [14], which calculates an
upper bound of charging load based on the estimated infor-
mation and then updates the charging decision based on the
realtime information.We consider a workplace parking lot for

FIGURE 2. The operation flow of the designed DCSS (t + + denotes the
next time slots).

a company, whose office hours are from 8:00am to 5:00pm.
The parking lot is powered by both a 15kWh PV system
and the power grid with an upper bound ĒG = 40kWh per
hour. Let one day be a time period and one quarter-hour be
a time slot, such that T=96. The maximal estimation error
of harvested solar energy is ε = 0.2. Similar as the setting
from [23], the arrival times and leave times of EVs follow
(µA = 7:30, σA = 3 slots) and (µL = 17:30, σL =
3 slots), respectively, and the total expected amount of EVs
during entire time period is λ = 20. The travel distance of
EVs follows a log-normal distribution with (µD = 3.37,
σD = 0.5 mile) and the expected energy consumption is
0.2kWh/mile. The electricity spot price is a1 = $0.15/kWh
and a2 = $0.015/kWh2 and the income of providing charging
service is a3 = $0.3/kWh, respectively.

A. CASE STUDY
For fair comparison, we set the total number of EVs and
their total charging requirements according to the expected
values. However, different EVs may have different charging
requirements. The estimated and actual data of the solar
energy is shown in 3(a) and the arrival and departure times
of EVs are shown in Fig. 3(b).

FIGURE 3. Simulation setting: a) Solar energy; b) Arrive and departure
times.

The total charging load of connected EVs, load on the
power grid, and utilization of the solar energy are shown
in Fig. 4, respectively. It can be found that both the proposed
DCSS and Two-stage scheduler in [14] can reduce the peak
load on the power grid significantly comparing to the FIFO
scheduler. Furthermore, both of the proposed DCSS and the
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FIGURE 4. Simulation results: a) The total charging power of the parking
lot; b) The total energy from the Power Grid; c) The total energy from the
PV system; d) The total amount of unused solar energy.

Two-stage schedulers can utilize the solar energy in an effi-
cient way, while the parking lot with FIFO scheduler wasted
a lot of the solar energy since all the connected EVs have
been charged too soon to fully utilize the solar energy source.
From Fig. 4(a), our algorithm has small fluctuations since the
actual collected solar energy is different from the expected
one and our algorithm adjust the scheduling scheme based on
the realtime information.

Fig. 5 shows the Cumulative Distribution Function (CDF)
of the charged energy to the charging requirement for the
connected EVs and the benefit of the parking lot during
each time slot, respectively. Since the parking lot with FIFO
scheduler will charge the connected EVs to full as soon
as possible, the charging requirements of all the connected
EVs can be satisfied. The proposed DCSS can charge more
than 85% connected EVs to full and all the connected EVs
to more than 95% their charging requirements, while the
Two-stage scheduler in [14] only charges 30% connected
EVs to full and near 25% connected EVs under 95% their
charging requirements. That is because the upper bound on
the charging load on the power grid in existing work depends
on the estimation of the charging requirements and the solar
energy, and thus cannot guarantee the performance when the
charging requirements is time-varying. From Fig. 5(b), it can
be found that the proposed DCSS obtains the highest benefit,
about 200% higher than that of FIFO scheduler. Furthermore,
although the parking lot under the proposed DCSS buys more
energy from the power grid, it can obtain a higher benefit than
the Two-stage scheduler in [14].

B. SYSTEM STATISTICAL PERFORMANCE
To explore the performance of the proposed algorithm,
we assumed that the number of arrived EVs varies in
[16, 26] and applied 100 more sets of the operational data
for each of them. The expected value of the peak load on the

FIGURE 5. The performance: a) the CDF of the charged energy to the
charging requirement; b) The total benefit of the parking lot.

power grid, the utilization of the solar energy, total amount of
charged energy, and the total benefit can be found at Fig. 6,
respectively.

FIGURE 6. The performance: a) The peak load on the power grid; b) the
utilization of solar energy; c) The total amount of charged energy to the
connected EVs; d) The total benefit of the parking lot.

Form Figs. 6(a)-6(c), it can be found that the Two-stage
scheduler keeps the peak load on the power grid at the lowest
level. However, with the gap between expected and real num-
bers of EVs increase, more EV charging requirements cannot
be satisfied, e.g., when the number of EVs is 26, near 30%
EV charging requirements cannot be satisfied. This is because
the Two-stage scheduler cannot make a quick response to
the time-varying information so it fails to satisfy the EV
charging requirements with the increase of the number of
EVs. The FIFO scheduler has the highest peak load on the
power gird and lowest utilization of the solar energy. Note
that, the proposed DCSS can adjust the load on the power
Grid based on the realtime EV charging requirement and the
solar energy, such that it can make use of all the solar energy
and satisfy the EV charging requirements with a lower load
on the power grid.

From results shown in Fig. 6(d), the proposed DCSS has
the highest benefit of the parking lot comparing to other

VOLUME 6, 2018 57003



Y. Zhang, L. Cai: Dynamic Charging Scheduling for EV Parking Lots With PV Power System

algorithms. That’s because the FIFO scheduler has a high
electricity cost due to its high peak load on the power grid
while the Two-stage scheduler just satisfied part of the EV
charging requirements due to its limited peak load on the
power grid. Thus, the proposed DCSS can maximize the total
benefit of the parking lot while satisfying the EV charging
requirements and maximizing the utilization of the solar
energy.

VII. CONCLUSION
In this paper, we addressed the charging scheduling prob-
lem for the workplace parking lot powered by both the PV
System and the power grid. Considering the realtime infor-
mation collected by the central controller and the predictive
values for upcoming EVs and solar energy, we formulated
a benefit maximization problem for the parking lot. Then,
we analyzed the relationship among the system parameters
of the optimal solution, and derived some necessary condi-
tions, which can be used to simplify the formulated problem.
At last, we proposed a realtime DCSS to update the charg-
ing decision according to the realtime information collected
by the central controller, such that near optimal charging
decisions can be obtained. Simulation results demonstrated
the efficiency of the proposed charging scheduling scheme,
which can increase the benefit of the parking lot signifi-
cantly, while satisfying the charging requirements of all the
connected EVs.

The proposed DCSS can be extended and improved in
various aspects. First, the effects of EV owners preference
on the proposed DCSS can be investigated, e.g., considering
variable charging requirements, flexible departure times, and
other Quality of Service requirements. Second, the energy
supply model for the parking lot can be extended to mutli-
energy sources with different costs, and their effects on the
proposed DCSS can be analyzed. Another interesting exten-
sion is taking the energy storage system (with/without extra
cost) into consideration, such that the total benefit of the
parking lot can be further increased.
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