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Abstract: It takes electric vehicles (EVs) a long time to charge, which is bound to influence the charging
experience of vehicle owners. At the same time, large-scale charging behavior also brings about large
load pressure on, and elevates the overload risk of, the power distribution network. To solve these
problems, we proposed a high-efficiency charging service system based on charging reservation and
charging pile binding services. The system can shorten the average charging time of EVs and improve
the average immediate utilization rate of new energy sources at charging stations (CSs). In addition,
the system also guarantees that the EVs are charged within the allowable range of the capacity of the
distribution network and avoids overloading of the distribution network caused by the charging of
EVs. The key support for the utility of the system is rooted in the three-level CS selection model and
the CS energy control algorithm (CSECA) proposed in the research. Finally, the proposed model and
algorithm were verified to be valid through numerous simulation experiments.
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1. Introduction

As environmental pollution and oil resource availability become increasingly prominent issues,
electric vehicles (EVs), as alternatives to oil-fueled vehicles, have attracted worldwide attention.
In recent years, the power batteries mounted on EVs have witnessed rapid development and the
driving range of the EVs has also increased to now allow mid-long-distance journeys. In such a context,
it is inevitable that en route EV charging occurs [1,2]; however, conventional public EV charging
equipment mainly provides a slow charging service and it generally takes up to 6–8 h to charge an
EV [2], which is inconvenient. While, vehicle owners have become used to the rapid refueling of
oil-fueled vehicles, so it is hard for them to adapt to the slow charging regime of an EV [3]. Therefore,
developing a high-efficiency EV charging service to shorten the waiting time is a feasible step to take
when trying to solve this problem.

At present, numerous studies have been carried out to investigate high-efficiency charging of EVs
and these studies can be divided into two types: high-efficiency charging of EVs used for intercity
transport and high-efficiency charging of urban EVs, which take the charging of EVs driving on
highways or inside a city as objects, respectively.

Two highway charging models were proposed in [4], and they are based on local information
about the EVs and interactive information between global CS-selection (GCS) and EVs. Simulation
results indicated that the two models can effectively shorten the waiting time for charging of EVs
on highways. In [5], an intelligent EV charging schedule method based on the A* algorithm and a
point-to-point EV scheduling system was developed and the method arranges the charging plans of
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EVs by assessing the real-time status of EV charging stations (CSs) to shorten the overall travel time
of EVs. In [6,7], a method for regulating the queue for EVs waiting to be charged at highway EV CSs
based on queuing theory was proposed. The method reduces the waiting time of EVs and improves
the overall utilization rate of highway CSs by dispatching EVs needing to be charged to CSs with a
high queue limit. In [8], the authors utilized railway infrastructures to supply the charging power of
EVs in highways.

Three strategies based on EV charging price were proposed in [9] to arrange EVs that need
charging in cities on a dynamic basis. The strategies can not only reduce the charging cost of EVs but
also are able to boost the overall profit of the CSs. In [10], the framework for an EV cooperative charging
agreement suitable for residential areas was proposed to solve the problem that an EV parking space
for charging was occupied by an EV that had been fully charged and to help EVs needing charging
to find available parking spaces for charging. An intelligent machine learning algorithm was put
forward to help EV owners to find charging piles that can be used upon arrival to shorten the time
needed to look for charging piles and the waiting time [11]. A high-efficiency charging system was
proposed in [12] to serve the EVs that need to be recharged in the trip. The system highlights the
charging management of EVs and can shorten the average waiting time for EV charging. In [13],
the management strategies for charging of EVs during the parking lots were proposed, which can
minimize the power losses on distribution system and the cost of purchased energy.

The above studies are all based on the assumption that the capacity of the distribution network
is able to satisfy the charging demand of all EVs while ignoring the influences of capacity constraint
of the distribution network: however, numerous studies have revealed that the large-scale charging
of EVs can increase the load pressure on the distribution network, such as the increases in power
losses [14], voltage deviations [15] and peak load [16]. If such large-scale charging behavior is not
controlled, local overloading of the distribution network is likely to occur in peak load periods [17].
Guiding EVs to be charged in an optimally ordered fashion can decrease the peak load on the power
grid and therefore achieve the aim of peak clipping [18,19]. Among existing methods, the guidance
method of EV charging based on charging price is widely used to control the charging of EVs. In [20],
two valley-filling pricing mechanisms were proposed to incent EV owners to charge their EVs during
valley load period and the results proved the efficacy of the mechanisms. The authors proposed
a pricing strategy based on the actual load on the grid for controlling the charging of EVs, which
can minimize transmission costs in the distribution grid [21]. In [22], a multi-objective optimization
framework that can set the retail charging price for the charging service provider was proposed
and the simulation results show that the price can decrease the load pressure on the grid. In [23],
the authors used time-of-use (TOU) power price to guide the charging of EVs for reducing charging
cost and the power network loss rate and the results proved its effectiveness. In these methods, users
determine whether to charge their EVs or not according to price and the method places emphasis on
the orderly guidance of EVs in terms of time. However, the control effect of the method is sensitive
to the degree of participation of EV owners and a low degree of participation is likely to decrease
the control effect. Different from the guidance method based on electricity price, an EV charging
strategy based on the on-off mechanism was proposed in [24]. According to the method, the charging
behavior is not determined by EV owners but by the output result of the centralized charging algorithm
after connecting EVs with charging equipment. The charging equipment comes under on-off control
according to the results of the algorithm. The strategy can control the charging load of EVs and reduce
the operating pressure on the power grid. However, the charging behavior is wholly determined by the
control algorithm which ignores the feelings of EV owners, which influence the charging experience of
users, especially under conditions in which EVs need to be charged as a matter of urgency.



Energies 2018, 11, 911 3 of 20

The research focused on high-efficiency charging of EVs in cities. Differing from previous research,
we designed a high-efficiency charging system for EVs in cities by combining the orderly guidance
and control of EV charging: the system framework is shown in Figure 1. The system is composed of
four parts: (1) charging demand transfer platform (CDTP); (2) smart grid OMS (SGOMS); (3) charging
management platform (CMP); and (4) CS energy controller (CSEC). The information exchange among
these four parts is realized over the Internet. The system provides real-time charging reservation, CS
selection, and charging pile binding services. By using the system, an EV owner only need apply for
charging reservation by using mobile networks while driving. Afterwards, the system helps the owner
to search for an optimal CS for selection by the owner and binds a charging pile at the CS before the
owner makes the selection decision, so as to avoid the charging pile being occupied by another EV
before the owner makes a decision, and to guarantee that the EV applying for charging reservation
can be charged upon arrival. The optimal CS is determined by using the three-level CS selection
model proposed in the research, and the model is applicable to conventional grid-connected CSs and
grid-connected CSs that contain new energy sources and energy storage. Differing from the orderly
guidance model in terms of the time, the CS selection model is designed to realize the orderly guidance
of EV charging in a spatial domain and is based on the assumption that the charging price at a CS is
not determined at the discretion of single CS operators but by a unified pricing agency. In addition,
the CSs within the same service area adopt the same charging price, which is known as the charging
price of a service area, and different service areas have disparate charging prices. It was proposed
in [25] that the CO2 emissions of an EV are higher than those of an equivalent oil-fueled vehicle if the
electricity used by the EV mainly comes from the thermal power plant that applies coal as its primary
energy. Obviously, if as much electricity as is used by the EV derives from new energy sources, it can
reduce the possibility, and even avoid the occurrence, of the above situation. Therefore, improving the
average immediate utilization rate of new energies in service areas of the system is also taken as an
aim of the model. Moreover, to improve the charging efficiency and reduce anxiety among EV owners,
we also apply the reduction of the average waiting time for EV charging as an aim of the model.
As to the EV charging control, we assume that the EVs in service areas of the proposed high-efficiency
EV charging service system have achieved scale development. In addition, it is assumed that the
capacity of the distribution network in an area is limited, so the charging of EVs needs to be controlled
to some extent. Considering this, we also came up with a CSECA. It is worth noting that the algorithm
uses the first-in/first-out (FIFO) charging rule (EVs arriving earlier at a CS preferentially obtain the
optimal charging power) as the premise from which obtain maximum utility. By using the algorithm,
the distribution network load of CSs can be maintained within the allowable range, thus avoiding
the overloading of the distribution network caused by EV charging. Given this precondition, the EV
charging demand at a CS can be met to maximum effect. For the CSs containing energy storage battery
(ESB), the algorithm guarantees that the state of charge (SoC) and output of the ESB are within the
allowable working range. The remainder of the paper is arranged as follows: Section 2 introduces the
design and communication frameworks of the proposed high-efficiency EV charging service system;
Section 3 explains the service rules of the system and then describes the three-level CS selection model,
as well as the aims and meanings of each level. Finally, the section elaborates the CSECA algorithm,
including the control aims and means of the algorithm; Section 4 verifies the proposed model and
algorithm through simulation; and Section 5 draws conclusions from the research.
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Figure 1. Framework of the high-efficiency electric vehicles (EVs) charging service system.

2. System Framework

The CDTP is mainly responsible for receiving the charging demand from EV owners by the
GPRS/4G and sends the information across the Internet to specific CMPs for distributed processing.
After receiving the charging demand information from EV owners, the CMP intelligently selects a CS
according to the day-ahead charging power constraints of CSs and the real-time CS information sent
over the Internet by the CSEC. This not only guarantees the high-efficiency charging experience of
EV owners but also improves the average immediate utilization rate of new energy sources at CSs in
the service area. The CSEC manages the energy in CSs according to the day-ahead charging power
constraint sent by the CMP, and real-time CS information, to ensure that the sum of loads of all CSs in
the high-efficiency charging service areas is within the range of the day-ahead EV charging plan, thus
realizing the aim of reducing the overload risk in the distribution network.

2.1. Assumption

We assume that the EVs have gained large-scale development in the high-efficiency charging
service areas. EV owners can apply for charging reservations to the CDTP while driving, or when
parking, and send charging demand information, including the locations of EVs, residual mileage, vehicle
identification number (VIN), rated charging power, and amount of electricity needed. Afterwards, EV
owners will receive the demand response from the CDTP, which includes the name of the selected CS,
serial number of the charging pile, and charging time. In addition, the SGOMS can offer the day-ahead
charging power constraint of each area and sends it to the CMP for the corresponding area. The CMP
transforms the received information to the day-ahead charging power constraints for each CS around
responsibility and transmits the information to its corresponding CSEC in an end-to-end way. After
receiving the information, the CSEC saves it to its own database.

2.2. Distributed Design

With the scale development of EVs, the amount information pertaining to charging demand also
grows. If centralized processing is used to deal with such a large amount of information [26,27], it will
increase the hardware investment cost of the overall system, and even influences the efficiency of
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operation thereof. Distributed processing of information can solve this problem. To realize distributed
processing, we divide the service area of the whole system into several small areas (Areas 1 to N),
in each of which a CMP is deployed to govern the charging service for the area. These CMP are
mutually independent and each one only receives charging service information (charging demand and
service dissatisfaction (SD)), real-time CS information, and the day-ahead charging power constraint
for the area sent by the SGOMS within the area of its responsibility.

2.3. Communication Framework

The proposed high-efficiency EV charging service system has the same communication framework
in each service area. Taking the charging reservation of an EV in Area 1 as an example, the section
describes the communication framework, as shown in Figure 2.

1. Step 1: the SGOMS sends the day-ahead charging power constraint of the area which the CMP
is responsible for to the CMP. Then, the CMP transforms the information to the day-ahead
charging power constraints for each CS around responsibility and sends the information to the
corresponding CSEC in an end-to-end manner. The CSEC saves the information. As the status
of the CSs is influenced by the random access, or departure, of EVs, the status information
of CSs also changes at random. Therefore, to reduce the influences of such randomness on
CMP computations, the CSEC will periodically send real-time CS information to the CMP.
After receiving the information, the CMP saves it to its database.

2. Step 2: the EV owner applies for a charging reservation to the CDTP which performs area
matching for the reservation information and transmits the charging demand to the CMP which
is responsible for the charging service of the area within which the EV is located. The CMP selects
a CS and then sends the selection result as the demand response to the CDTP which transmits
the information to the EV owner. After receiving the response, the EV owner can choose to go to
the recommended CS for charging according to the response information and then the service
ends or chooses to reject the recommendation or cancel it en route. In case of the latter, it turns
to Step 3: in addition, to guarantee that the EV can be successfully charged after arriving at the
recommended CS, the CMP sends the charging pile binding information to the CSEC in charge
of the recommended CS while sending the charging proposal. The CSEC binds the assigned
charging pile after receiving the instruction. It is worth noting that, once a charging pile is bound,
it only provides service to the assigned EV until such binding is removed.

3. Step 3: the EV owner sends the SD information to the CDTP which transmits that information to
the CMP. Here, the SD information can be divided into two types: instructions 1 and 2 which
correspond to the two selections of the EV owner: needing the system to find another CS or no
longer needing service from the system. On receiving instruction 1, the CMP turns to the CS
selection link in Step 2 and fulfils the residual links of Step 2. On receiving instruction 2, the CMP
immediately stops providing service to the EV owner. No matter which instruction the CMP
receives, it will send that instruction to the CSEC responsible for the recommended CS to remove
the binding. After receiving the instruction, the CSEC immediately removes the binding of the
assigned charging pile, so that the charging pile can be used by another EV.
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Figure 2. The communication framework of the sub-systems in the high-efficiency EV charging service system.

3. Problem Formulation

3.1. Charging Reservation Rules

The EV owner as the initiator of charging demand needs to accomplish the following two
operations: (1) sending a charging reservation to the CDTP and offering reservation information
and (2) making decisions (agreement or denial) according to the demand response information.
As mentioned above, the system binds a charging pile at the recommended CS at first to avoid
the charging pile being used by other EVs, which thus benefits the EV owner sending a charging
reservation; however, if the EV owner neither goes to the assigned charging pile for charging all the
time, nor sends SD information to the system, the charging pile will always be bound and cannot
provide a service to other EVs, thus bringing about a loss to the CS. To avert this situation, the following
two charging reservation rules are formulated:

1. Rule 1: the EV owner is expected to accomplish the second operation (making decisions) in a
contracted response time, the starting moment of which is the moment when the EV owner
receives the charging demand response. If the operation time exceeds the response time,
the vehicle intelligent terminal (VIT) will automatically send the SD information containing
instruction 2 to the system to terminate the charging service.

2. Rule 2: on the condition that Rule 1 is not broken, the EV owner needs to arrive at the assigned
charging pile to charge within the contracted time Tcon. The EV owner is aware of the time before
the reservation and Tcon starts from the time when the EV owner receives the charging demand
response. If the EV is not charged by the charging pile within Tcon, the binding on the charging
pile is removed.
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3.2. Optimal Charging Demand Model of EVs

The queue and waiting time for EV charging, the charging price, and the traffic condition of the
road to the CS are major criteria from which the EV owner can decide whether to charge the EV at the
CS or not. In this research, it was supposed that the EV owner is aware of the charging prices in each
service area before charging, so it implies that the EV owner accepts the charging price of a service
area if they apply for a charging reservation therein. For this reason, the influence of the charging price
on the CS selection of the EV owner can be ignored. Therefore, only the waiting time for EV charging
and the traffic conditions along the route to the CS need be considered. The waiting time of the ith EV
for charging at the jth CS can be expressed as

Tcha
ij = (argmin

∣∣∣∣∣ 1
60
·
∫ t

tij

Pcha
ij (u)du− Echa

i

∣∣∣∣∣− tij) (1)

where Tij
cha stands for the time taken for charging the ith EV at the jth CS. The variable tij is the

starting time for charging the ith EV (min). Pij
cha(u) is actual charging power of the ith EV at the jth CS

at time step u. Ei
cha is the amount of electricity obtained by the ith EV through charging. As to the

traffic conditions along the route to the CS, it is represented by the time taken Tij
travel by the ith EV for

driving to the jth CS. Owing to Tij
travel having the same dimension as the result of Equation (1), they

are combined and the result is defined as the waiting time for charging and is expressed as follows

Twait
ij = Tcha

ij + Ttravel
ij

(2)

The moment when the ith EV arrives at the jth CS can be considered as

tij = Ttravel
ij + tres

i (3)

where ti
res stands for the moment when the ith EV applies for charging reservation. An EV owner

would prefer a lower value result from Equation (2), in addition, the EV owner is not willing to go to a
CS too far away from the current position of the EV or along a route experiencing congestion; i.e., there
are a critical distance and a critical travel time, which are defined as the maximum distance Di

max and
travel time Tmax

travel that can be accepted by EV owners. Suppose that they are constants, then the
optimal charging demand of the EV can be represented as

minTwait
ij (4a)

s.t. Dij ≤ min[Dmax
i , Dre

i ] (4b)

Ttravel
ij

≤ Ttravel
max (4c)

where Dij is the Distance that the ith EV drives to the jth CS through the optimal path (km).

3.3. Three-Level CS Selection Model

The section corresponds to the CS selection link in Figure 2 and aims to help the EV owner to
search for a CS which has an idle charging pile in the vicinity by using the proposed three-level CS
selection model. To begin with, we build a unified three-level CS selection model for two typical types
of CSs: grid-connected CSs that contain new energy sources, and energy storage, and conventional
grid-connected CSs. The mathematical expression of the first level is

target : Jlevel1
i =

{
j
∣∣∣ j ∈ Jh, Dij ≤ min[Dmax

i , Dre
i ],

Ttravel
ij ≤ Ttravel

max , αj = 1
} (5a)
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αj =

{
1, if there is an idle charging pile in CS j
0, else

(5b)

where Equation (5a) represents the selection aim of the first level, which indicates that a set Jlevel1

of CSs satisfying Equations (4b) and (4c) and having an idle charging pile is initially sought from Jh

standing for the set of CSs in the hth area. The aim not only guarantees that the selected CS can satisfy
the charging demand constraints of the EV owner, that is, Equations (4b) and (4c), but also ensures
that the selected CS has an idle charging pile for the EV owner. In this way, the idle charging piles
near the EV can be made full use of and it avoids the occurrence of the situation where EV owners go
to CSs without idle charging piles and therefore must wait. This is beneficial to reducing the waiting
time, and besides, combining with the charging pile binding service of the service system, it can be
guaranteed that the EV is charged as soon as it arrives at the CS. The mathematical expression for the
second level of the selection model is

target : Jlevel2
i =

{
j
∣∣∣j = argminλ1

i (j)
}
∪
{

j
∣∣∣j = argminλ2

i (j)
}

. . . ∪
{

j
∣∣∣j = argminλQ

i (j)
}

(6a)

λ
q
i (j) = σ1 ·

Ttravel
ij

Ttravel
max

+ σ2 · δij · Gij, j ∈ Jlevel1
q , q = 1, 2, 3 . . . (6b)

δij =
1

Ni − Nij
·∑Ni

n=Nij
min[

PCSL
j (n) + Pmax

ij

PNE
j (n)

, 1] (6c)

Gij =
Ni

∑
n=Nij

PCSL
j (n) + Pmax

ij

(Ni − Nij) ·Wj(n)
(6d)

Wj(n) =

{
min[Pgrid

j (n) + PNE
j (n) + Ps

j , Prated
j ], if Pgrid

j (n) < Prated
j &&n ∈ [Nij, Ni]

Prated
j , else if n ∈ [Nij, Ni]

(6e)

Ps
j = min[

60 · (SoCj(tres
i )− SoC−j ) · ESj

Ni − Nij
, Ps+

j ] (6f)

PCSL
j (n) =

Mj

∑
l=1

ε l · Pmax
l j · (u(n− Nl j)− u(n− Nd

l j)) (6g)

TIcha
i = 60 ·

Echa
i

Pmax
i

(6h)

Jlevel2
q =

{
j
∣∣∣if∀j1, j ∈ Jlevel2

q , thenPmax
ij = Pmax

ij1

}
(6i)

Ni =
⌈

TIcha
i + Tcon + tres

i

⌉
(6j)

where u(.) in Equation (6g) is a switch function. Pj
grid(n) and PjNE(n) stand for power constraint of

the distribution network of the jth CS and predictive value of new energy of the jth CS in the nth
time period, respectively. Ni is the optimal charging end-time of the ith EV, which can be obtained by
Equation (6j). Nij is integer value of tij. Mj is the number of EVs being charged at jth CS. Pj

s is equivalent
output of energy storage at the jth CS in time period [Nij, Ni]. Pj

s+ and ESj stand for maximum output
power of the energy storage and energy storage capacity of the jth CS, respectively. SoCj(n) is SoC of
energy storage at jth CS in the n time. SoCj

− is minimum SoC of energy storage at the jth CS. Ti
Icha is

optimal charging time of the ith EV at the jth CS, which can be calculated using Equation (6h). εl is
shielding coefficient of the lth EV; 0 and 1 represent shielded and unshielded, respectively. Pij

max is
maximum charging power available to the ith EV charged at the jth CS. We partition the Jlevel1 into
{J1

level1, J2
level1, . . . } using the partition rule. That is, the CSs which have same Pij

max of the ith EV
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are classified into one type. Equation (6b) is the optimal evaluation function of the same type of CSs
and the evaluation criterion is that, the smaller the function value, the better. The first term evaluates
Tij

travel, while σ1 is the corresponding weight coefficient used to represent the weight of the term in
the overall evaluation: the smaller Tij

travel is, the smaller the term, which implies that the shorter
the time that the EV owner takes for the trip, the higher the possibility of meeting the demand of
charging as nearby as possible. The second term is to evaluate the CSs in the time period [Nij, Ni],
which focuses on the immediate utilization rate δij of new energies at CSs and the power congestion
Gij of CSs. δij can be calculated using Equation (6c), where Pj

CSL(n) is optimal load at the jth CS at
time n and can be calculated using Equation (6g). Gij can be calculated using Equation (6d), where
Wj(n) stands for equivalent available power of the jth CS in the nth period in time period [Nij, Ni] and
can be calculated using Equation (6e). The utilization of new energies at CSs can be measured by the
immediate utilization rate δij of new energies. It is worth noting that the value of δij is in the range [0, 1],
and the smaller the value, the lower the immediate utilization rate of new energies of the jth CS in the
evaluation time period [Nij, Ni]. If the EV owner drives to the CS with a low immediate utilization rate
of new energies for charging, it can promote the immediate utilization of new energies of the CS. As to
the value of Gij, it is a value not less than 0, and the larger the value, the larger the average ratio of
load to available power of the jth CS in the evaluation time period [Nij, Ni]: in addition, the larger the
value, the higher the utilization rate of energies of CSs, which indicates a higher probability of waiting
for charging. Therefore, the EV owner is suggested to go to the CS with a smaller Gij for charging,
which reduces the probability of waiting. σ2 is the weight coefficient of the term and has the same
meaning as σ1. Equation (6a) is the selection aim of the second level of the model, that is, to obtain
Ji

level2, and the Q is the number of sub-sets in the set of Jlevel1. The mathematical expression of the
third level of the selection model is

target : CSselect
i = argmin(Twait

i (j)), j ∈ Jlevel2
i (7a)

Pcha
ij (n) = min[max[Wj(n)− PCSL

j (n), 0] , Pmax
ij ] (7b)

Equation (7a) is the aim of the third level of the selection model, that is, selecting a CS from Ji
level2

which minimizes the waiting time for charging. This aim is consistent with Equation (4a), which
indicates that the selected CSi

select needs to satisfy the optimal charging demand of the EV owner as
far as possible.

3.4. CSECA

Some notations used in this section are introduced in Table 1. The CSECA has the following two
aims: (1) guaranteeing that the distribution network load of a CS in actual operation is within the
day-ahead charging power constraint of the CS and (2) ensuring that each EV is charged at the optimal
charging power Pij

max at the CS. The realization, and corresponding control algorithms, of the two
aims are elaborated as follows.

Table 1. Some notations used in this section.

Notations Description

VINLIST a list of VIN of EV being charged at the CS
Mark(.) a function that can mark the VIN of EV which is the last one accessing the charging pile

VIN VIN of the lth EV
CPLIST a list of power output of charging pile at the CS

Tsys the current system time
Pj

st the proposed power output of the ESB at jth CS
SoCj

+ maximum SoC of energy storage at the jth CS.
SoCIni initial SoC value

SoCSign sign of insufficient state of energy storage: 0 and 1 represent sufficient and insufficient state
Td

max charging end-time of the last EV at the CS
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3.4.1. Aim 1: Guarantee Charging Power Constraint of the CS

It can be seen from Equation (6g) that the EV charging load of a whole CS can be controlled as
long as the power output of each charging pile in the CS is well controlled, and therefore the actual
distribution network load of the CS can be guaranteed to be within the power constraint. In accordance
with Section 2, the CMP will send day-ahead charging power constraints for each CS to the CSEC
which saves the information in its database. In addition, the CMP sends the charging pile binding
information to the CSEC as soon as it finishes its CS selection. Based on the above two pieces of
external information, and in combination with the internal information about the CSs, we design
Algorithm 1 to calculate the output power constraints for each charging pile. The detailed descriptions
of the algorithm are as described below.

Control nodes of Algorithm 1: the positions of control nodes corresponding to Algorithm 1 are
shown in Figure 3. According to the output of Algorithm 1, the output power constraints of charging
piles of a CS in the next time period ∆ are corrected, to ensure that the actual power outputs in the
time period are within the constraint.

Figure 3. The CSECA procedure and its control diagram.

Detailed description of Algorithm 1: the algorithm is embedded in each CSEC system and its
execution cycle is ∆. As the algorithm is proposed to control the charging power of EVs, the charging
power of EVs will be compulsorily reduced under conditions of power supply shortage, so that the
overall distribution network load of the CS is within the allowable range; however, if an EV accepting
service is randomly selected to restrict its charging demand, the EV owner will inevitably be unhappy.
Owing to the service rule of FIFO having been generally accepted, the algorithm controls the charging
power of the EV which is the last one accessing the charging pile at the CS in reference to the FIFO
rule. The second line of the algorithm is to mark the EV, and the charging power is adjusted from 14th
to the 24th lines.

Each time after adjusting the output power constraint of a charging pile, the shield sign εl of
the charging pile with its output power adjusted is zeroed, which implies that no operation will be
performed on the charging pile thereafter. This is followed by cyclic operation. If the conditional
statement in the 11th line is always satisfied, the above operation is repeated until the conditional
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statement is not satisfied any more, which indicates that the distribution network load of the CS is
within the allowable range in the next time period ∆ after adjustment.

3.4.2. Aim 2: Ensure the Optimal Charging Power at the CS

It can be seen, from the above analysis of Algorithm 1, that only when the actual distribution
network load of a CS exceeds the power constraint of the CS, Algorithm 1 adjusts the output power of
the charging piles of the CS. As a result, the charging power of EVs is limited to some extent. Under
that condition, the output energy storage can be increased to fill the power shortage, so as to reduce the
influence of the power constraint of the distribution network on EV charging. To fulfil this requirement,
Algorithms 2 and 3 are designed, and they are described below.

Algorithm 1. Calculate charging pile output power constraint

1:for(;;) do
2:Markvin = Mark(VINLIST)
3.tc = Tsys + ∆
4:Pj

st(tc) = Pj
CSL(tc) − Pj

NE(tc) − Pj
grid(tc)

5:if Pj
st(tc) > Pj

s+ then
6: delt = Pj

st(tc) − Pj
s+

7: Pj
st(tc) = Pj

s+

8:end if
9:SoCj(tc) = SoCj(Tsys) − Pj

s(Tsys)/60/ESj × 100
10:calculate SoCj(tc + ∆) = SoCj(tc) − Pj

s(tc)/60/ESj × 100
11:if SoCj(Tsys + 2 ∆) ≤ SoCj

− then
12: Ps

max = (SoCj(Tsys + ∆) − SoCj
-) × 60 × ESj/100

13: Tdelt = delt + Pj
s(tc)−Ps

max

14: for(l = 1;l < Mj;l++)do
15: if(VINl = Markvin)&&(εl! = 0)then

16: εl = 0
17: if Tdelt < Pl

CP then
18: Pl

real = Pl
CP − Tdelt

19: else then
20: Pl

real = 0
21: break
22 add Pl

real in CPLIST
23: end if
24 end if
25: end for
26:else
27: break
28:end if
29:end for
30:return Pj

st(tc) and CPLIST

Detailed description of Algorithm 2: the algorithm is embedded in each CSEC system and its
execution cycle is ∆ The algorithm is designed to examine whether the energy storage at the CS is
able to fill (as much as possible) the power shortage of the CS in time period [Tsys, Td

max]. If it cannot,
the SoCSign is set to 1; otherwise, it is set to 0.

Algorithm 2. Judge the SoCSign

1: SoCj
− = SoC j

Ini

2:for(n = Tsys;n< Td
max;n++) do

3: calculate Pj
CSL(n)

4:end for
5:for(n = Tsys;n < Td

max;n++) do
6: Pj

st(n) = Pj
CSL(n) − Pj

NE(n) − Pj
grid(n)

7: if (Pj
st(n) > Pj

s+)||(Pj
st(n) < Pj

s−) then
8: if Pj

st(n) < 0 then
9: Pj

st(n) = Pj
s−

10: else then
11: Pj

st(n) = Pj
s+

12: end if
13: end if
14:end for

15:for(n = Tsys;n < Td
max−1;n++) do

16: SoCj(n + 1) = SoCj(n) − Pj
s(n)/60/ESj × 100

17: if (SoCj(n + 1) > SoCj
+) then

18: SoCj(n + 1) = SoCj
+

19: end if
20:end for
21:if (SoCj(Td

max) ≤ SoCj
−)||(SoCj(Tsys) ≤ SoCj

−) then
22: SoCSign = 1
23: SoCj

− = MidSoC
24:else then
25: SoCSign = 0
26: SoCj

− = SoCIni

27:end if
28:return SoCSign

The insufficient margin of energy storage is examined from two aspects: (1) the current SoC of ESB
and (2) the SoC during the charging of EVs. As for the former, it is considered that the margin of ESB
is insufficient as long as the current SoC is lower than the allowable minimum value. As to the latter,
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the algorithm assumes that the ESB only operates in the minimum discharge or maximum charging
state in charging period [Tsys, Td

max]. The 6th line offers the output of the ESB calculated based on
the assumption, and the outputs are positive and negative values during the discharge and charging
states, respectively. The output of the ESB is corrected from the 7th to the 13th line, to guarantee
that the obtained theoretical output of the ESB is within the constraint of the ESB. The calculated
discharge point, and value, are those of the ESB under actual conditions (in theory): the closer the
actual discharge value is to the theoretical value, the more favorably the charging demand of the CS
is satisfied. The 15th to 20th lines aim to obtain the value of SoCj(Td

max) at Td
max during the above

operating state of the ESB. It is apparent that the value is a maximum compared with those in other
ESB operating states. Once SoCj(Td

max) satisfies the criterion in the 21st line, the current energy storage
fails to meet the charging demand in time period [Tsys, Td

max] (in theory), that is, it is considered that
the margin of energy storage is insufficient.

Besides, a parameter MidSoC is established as the temporary charging saturation point of the ESB.
In combination with Algorithm 3, it can be guaranteed that the ESB can steadily charge EVs after its
SoC approaches SoC j

Ini before reaching MidSoC.
Detailed description of Algorithm 3: the control nodes of the algorithm are shown in Figure 3.

The algorithm aims to determine the output power of the ESB in the next time period ∆ according
to the values of Pj

st(tc) and SoCSign arising from the application of Algorithms 1 and 2, respectively.
The first line judges whether, or not, the ESB is in a charging state in the next time period ∆. If it is,
the algorithm responds to the output result of Algorithm 2; otherwise, the ESB is in its discharge state
and cannot be regulated. The 2nd to 8th lines determine the maximum charging power that the ESB
can draw in the next time period ∆. If the margin of the ESB is insufficient, the ESB is charged at the
maximum power available; on the contrary, if the margin is sufficient, the ESB outputs power according
to the original output plan. The output plan is determined by use of an intelligent algorithm [28] or by
experienced technicians.

Algorithm 3. Calculate the power output of the ESB

1:if Pj
st(tc) < Pj

s− then
2: Pj

st(tc) = Pj
s−

3: if SoCSign == 1 then
4: SoCj(tc) = SoCj(Tsys) − Pj

st(Tsys) × ∆/60/ESj × 100
5: SoCj(tc + ∆) = SoCj(tc) − Pj

st(tc)/60/ESj × 100
6: if SoCj(tc + ∆) > SoCj

+ then

7: Pj
st(tc) = (SoCj(tc)−SoCj

+) × ESj × 60/100/4
8: end if
9: SoCSign = 0
10: end if
11:end if
12:return Pj

st(tc)

4. Case Studies

4.1. Simulation Environment

The research selected an experimental area in Nanjing, Jiangsu Province (China) to verify the
validity of the proposed high-efficiency charging service system. As shown in Figure 4, the area
covers 35 km2 and the main road network was applied to establish the road network parameters used
in subsequent simulation. The area includes nine EV CSs, among which CSs 1–4 are conventional
grid-connected ones, and CSs 5–9 are grid-connected ones containing new energy sources and energy
storage. The detailed configuration information pertaining to the CSs is summarized in Table 2,
and the configuration parameters of the EVs for simulation are listed in Table 3. The ratio of CarI
to CarII is 2 to 1. The EVs applying for charging appear at random positions on the simulated road
network. Assume that the initial SoC of the ESB when the EVs apply for charging meets the condition
of N(0.4, 0.12) [29], and the SoC at the end of charging is 80%. To verify the validity of the algorithm,
two different scenarios were selected for simulation analysis of the average waiting time for charging
and the immediate utilization rate of new energies in the area: (1) the capacity of the distribution
network k is sufficient (Scenario A) and (2) the capacity of the distribution network is constrained
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(Scenario B). The step size is 1 min throughout the simulation. Moreover, CS9 is selected to verify the
effect of the CSEC through simulation.

Figure 4. Map of the simulation area.

Table 2. Configuration parameters of the CSs.

CSID
Capacity of

Distribution
Transformer/kW

Installed Capacity
of New

Energies/kW

Energy-Storage
Capacity/kW·h

Number of
60 kW

Charging Pile

Number of
120 kW

Charging Pile

1 400 0 0 4 2
2 400 0 0 6 1
3 240 0 0 5 0
4 240 0 0 5 0
5 250 250 250 5 0
6 250 250 250 5 0
7 400 200 250 5 2
8 400 200 250 5 2
9 800 300 500 10 4

Table 3. Configuration parameters of the EVs.

Model Charging Power/kW Capacity of Power Battery/kW·h
CarI 60 20
CarII 120 35
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4.2. Scenario A and Simulation Results

4.2.1. Introduction of Scenario A

In the scenario, the charging of EVs is not constrained by the capacity of the distribution network.
To verify the effectiveness of the proposed high-efficiency EV charging service system, other two
commonly used EV charging methods were adopted for comparison:

(1) Optimal path method (OPM): the EV owners select a CS in Di
max with the shortest travel time by

comprehensively considering the distance and the travel time to the CSs.
(2) Optimal queue size method (OQSM): the EV owners select a CS in Di

max with the smallest queue
size by comprehensively considering the distance to the CSs and the queue sizes at each CS.

4.2.2. Simulation Results

Figure 5 shows the waiting time of EVs for charging using the three different methods in the
simulation area in one day in Scenario A. It can be seen from Figure 5a that the average waiting time for
EV charging using the OPM method is longer than that using the other two methods, and it becomes
much longer as the number of EVs increases. By using the proposed method and the OQSM method,
similar average waiting times are needed for charging, and the average waiting time needed while
using the proposed method is slightly shorter than that employing the OQSM method. Figure 5b shows
that the relative rate of increase in the average waiting time for charging based on the OPM method
is the largest, while that based on the proposed, and OQSM, methods remained lower. Meanwhile,
the relative rate of increase of the average waiting time needed when the proposed method is used is
slightly lower than that required using the OQSM method. The simulation results of these two aspects
of the operation prove that the application of the proposed method is able to reduce the average
waiting time for EV charging in the simulation area. Meanwhile, the proposed method also inhibits
the increase in average waiting time in the area as the number of EVs is increased.

Figure 5. Simulation results under conditions in which three different charging methods are used.
(a) Average waiting time in the simulation area; (b) Relative rate of growth of average waiting time.

Figure 6 shows the immediate utilization rates of new energy sources at CSs in the simulation area
using the three different methods in Scenario A. The results indicate that charging using the proposed
method is able to improve the immediate utilization rate of new energy sources. With an increasing
number of EVs, the immediate utilization rate of new energies can approximate to the maximum
achieved at a faster speed by charging using the proposed method.
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Figure 6. Average immediate utilization rates of new energy sources in the simulation area when the
three different methods are used for charging.

4.3. Scenario B and Simulation Result

4.3.1. Introduction of Scenario B

In Scenario B, the charging of EVs is constrained by the capacity of the distribution network.
To verify the effectiveness of the proposed high-efficiency EV charging service system, the NCPM
charging method was also used, in addition to the charging methods used in Scenario A. The NCPM
method is similar to the proposed method, the only difference being that it does not entail the use of
the CS energy control link of the proposed method.

4.3.2. Simulation Results

The curves of the distribution network load for charging in the simulation area using the NCPM
and the proposed method in Scenario B are shown in Figure 7. The curves are obtained through
superposition of the conventional, and EV, load curves in the area. Some 1000 EVs are involved in
the simulation. The simulation results reveal that, while using the NCPM method to charge EVs in
the period from 04:00 to 08:00, the obtained distribution network load is higher than the maximum
adjustable capacity of the distribution network in the area. When the proposed method is used,
the actual load can be maintained at below the maximum adjustable capacity of the distribution
network, thus avoiding an overload of the distribution network caused by the charging of EVs.

Figure 8 shows the average waiting time for charging EVs in the simulation area using the three
different methods in Scenario B in one day. It can be seen from Figure 8a that the proposed method
can more effectively reduce the average waiting time for EV charging compared with the other two
methods. As shown in Figure 8b, the proposed method still can inhibit the growth of the average
waiting time with the increase in the number of EVs, especially when the number of EVs is between
1000 and 1500; however, as the number of EVs grows beyond 1500, the proposed method is found to
have a decreasing inhibitory effect on the growth of the waiting time, especially when there are 1800 to
2000 EVs. Despite this, the average waiting time for charging EVs using the proposed method is still
the shortest in comparison with the other two methods.
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Figure 7. Curves of the distribution network load in the simulation area when the NCPM and the
proposed method are used.

Figure 8. Simulation results while charging using the three different methods. (a) Average waiting
time in the simulation area; (b) Relative growth rate in average waiting time.

Figure 9 shows the immediate utilization rates of new energy sources at CSs when EVs are charged
using the three different methods in Scenario B. The simulation results are consistent with those in
Figure 6, which proves that the proposed method is still feasible even if the capacity of the distribution
network is constrained.
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Figure 9. Average immediate utilization rates of new energy sources in the simulation area when the
three different charging methods are used.

4.4. Simulation of CS Energy Control

CS9 is selected to verify the effect of the CSECA The allowable range of the SoC of the ESB for
simulation is 10% to 90%, the MidSoC is 30%, and the control interval ∆ is 1 min. Some 1500 EVs are
involved in the simulation. Figure 10 shows the simulation results of CS9 using the CSECA algorithm.
It can be seen from Figure 10a that the actual charging load of the EVs is higher than the day-ahead
charging power constraint in some time periods and the SoC of the ESB is always within the allowable
range in a 24 h period. These results indicate that, under the control of the CSEC, CS9 cannot only
meet the charging demand of more EVs, but also guarantees that the ESB works in the allowable range
of SoC while regulating the ESB. Meanwhile, the ESB is charged after the SoC reaches approximately
10%, and the charging state does not end before the SoC recovers to MidSoC. Figure 10b shows that the
CSEC timeously adjusts the output of the ESB to fill the power shortage when the charging load of the
EVs exceeds the power constraint of the distribution network, so as to meet the charging demand of
EVs as far as possible. As shown in Figure 10c, the CSECA algorithm adjusts the output of the ESB
to turn in the charging state when the SoC of the ESB reaches the minimum value of its allowable
range, thus protecting the ESB. Moreover, the actual charging power of the ESB is always based on the
precondition of maximally meeting the charging demand of the EVs. When the charging demand of
EVs is larger than the day-ahead charging power constraint, the ESB also stops charging; when the
charging demand of EVs is lower than the day-ahead charging power constraint, the ESB charges the
EVs with the difference between the charging demand and the power constraint. The above results
prove that the CSECA is able to achieve Algorithm 2.
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Figure 10. Simulation results for CS9 under the effect of the CESCA. (a) Curves of the output plan
of the ESB, actual output of the ESB, SoC of the ESB, charging load of EVs, and day-ahead charging
power constraint; (b) Partially enlarged view on the interval [240, 300]; (c) Partially enlarged view on
the interval [300, 360].

Figure 11 shows the actual distribution network load and the day-ahead charging power constraint
of the CS9 within 24 h under the effect of the CSECA algorithm. It can be seen from the figure that
under the control effect of the algorithm, the actual distribution network load is always within the
allowable range, thus verifying that the CSECA algorithm is able to realize Algorithm 1.

Figure 11. Curves of actual distribution network load and the day-ahead charging power constraint
under the effect of the CSECA.
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5. Conclusions

A high-efficiency EV charging service system is proposed with a view to solving problems arising
from the increased driving range and the scale development of EVs. The proposed system provides
charging reservation and charging pile binding services and is composed of four parts: CDTP, SGOMS,
CMP, and CSEC. We also introduce the main communication framework of the system and formulate
service rules to guarantee benefit to the CSs. In terms of the spatial guidance of charging, a three-level
CS selection model is established for the purposes of shortening the average waiting time for EV
charging and improving the immediate utilization rate of new energy sources. We focus on the aims
of each level of the CS selection model and relationship between these levels. As to the charging
control, the proposed CSECA control algorithm and its control nodes are analyzed. The algorithm
has two aims: ensuring the actual distribution network load of CSs is within the day-ahead charging
power constraint (Algorithm 1), which is realized using a sub-algorithm (Algorithm 1); and filling
the power shortage using an ESB to reduce the influences of the power constraint of the distribution
network on the charging of EVs (Algorithm 2), which is achieved by another two sub-algorithms
(Algorithms 2 and 3). Finally, an experimental area in Nanjing was selected to verify the proposed
model and algorithm through use of a simulation. The simulation results prove the utility of the
proposed model and algorithm in shortening the waiting time for EV charging in the simulation
area, improving the average immediate utilization rate of new energy sources in the simulation area,
and ensuring the distribution network load remains within the allowable range. Verified as effective,
the proposed model and algorithm will be applied to a real EV charging project in future research.
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