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ABSTRACT
As electric vehicles (EVs) become more popular, public charging stations for such vehicles will become common. Because
the load introduced by such stations on the grid is high, the smart grid will need to balance the load among charging
stations in an area while minimizing the charging waiting time. To achieve this goal, we propose two models where vehicles
communicate beforehand with the grid to convey information about their charging need and location. In the first model, we
develop a mathematical formalism for handling requests for charging vehicles at public charging station based on queuing
theory. The second model extends the first one by considering priority queues with two EV classes, high and low, and
a cut-off service discipline. Both models are evaluated while considering mobility of vehicles in an urban scenario and
time-of-use pricing. Finally, we propose two algorithms for directing vehicles to charging stations in a way to minimize
either their waiting time to plug-in or their waiting time to charge completion. Simulation results show the effectiveness of
the proposed approaches when considering both real EV and charging station characteristics and constraints. Copyright ©
2014 John Wiley & Sons, Ltd.
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1. INTRODUCTION
Electric vehicles (EVs) are increasingly becoming popular
as a result of many factors among which the concern of
many road users with greenhouse emissions and the recent
advances in EVs engineering that made them more performing. The popularity of EVs is expected to grow even
more in the next years as we see municipalities adopting
the technology for their public transportation fleets and
with charging stations made available at many public parking areas. A large adoption of EVs poses, however, many
challenges from the point of view of electricity demand
management. In fact, EVs charging operations will be
one of the most challenging issues for demand response
systems in the smart grid [1]. This is because the load introduced by the charging of one vehicle in a neighborhood
may be equivalent to the one of an entire new household in
the area [2].
The vehicle-to-grid (V2G) interface within the smart
grid has to offer the capability to manage the charging load
of EVs wisely both according to demand and by providCopyright © 2014 John Wiley & Sons, Ltd.

ing smart functionalities to improve EV charging process
experience for users [3,4]. One of the most challenging
issues in EVs charging management is how to satisfy EVs
demand adequately, to meet users’ expectations, in all grid
situations while ensuring grid stability. EV charging process has to be managed in a way to ensure grid operation
efficiency, especially at peak load times, while lowering
charging times for EVs to maintain users’ satisfaction.
Charging time is an important factor to consider from the
users’ point of view, because charging an EV takes considerably longer than a regular vehicle, that is, tens of minutes
at least [1]. The charging time is composed of two parameters: the waiting time and the service time, which in turn
depends on the EV state of charge (SoC) needed. Given
a SoC, the service time will only depend on the type of
electric vehicle supply equipment (EVSE) (charging stations) used. The waiting time is thus a factor that has to
be reduced in each EV public supply station (EVPSS), and
therefore, scheduling the charging of EVs at available stations in a way to minimize their waiting time is a key to
achieving users’ satisfaction.
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In this work, we consider the problem of EVs charging time optimization in EVPSS using queuing model
techniques. In particular, we propose an optimized charging process for electric vehicles at EVPSS when the load
demand is expected to be high. For this, we consider a
model where EVs communicate to the smart grid their individual EV charging demand information before the plug-in
phase, that is, while the EVs are on the roadside, to allow
the grid to manage adequately their charging process.
Our contributions in this paper are threefold. (i) We
present two analytical formulations of the EV charging
problem. The first one is based on a multi-service queuing
model. This model takes into account a number of constraints including the number of EVPSS with their charging
capacity, the arrival process of vehicles with their initial
SoC, and the vehicles required charge level at the end of
the process. The second mode is an extension of the first
one. It is based on cut-off priority queuing and considers a realistic mobility model with an EV priority level
added to the constraints considered in the first model. (ii)
We also propose two algorithms: the first, called best available EVPSS (BA-EVPSS), is used for assigning vehicles
to EVPSS based on the defined constraints and supposes
prior EV/smart grid communication when EVs are on road;
the second algorithm, called advanced BA-EVPSS, takes
into account a realistic mobility scenario with a time-of-use
pricing (TOUP) variation. This algorithm can be used by
the smart grid not only to satisfy EVs demand but also to
further grid stability. (iii) Finally, we demonstrate that the
proposed algorithms can effectively manage EVs charging
demand within the defined constraints while considering
realistic EV charging characteristics.
The remainder of the paper is organized as follows.
In Section 2, we present the related work. We formulate a multi-server queuing model of EVs charging process in Section 3. EVs charging time and EVs waiting
time when considering a queuing model for multi-EVPSS
are analyzed in Section 4. In Section 5, we present our
multi-server priority queuing model. The cut-off discipline
description of EVs queues is formulated in Section 6, and
fairness and complexity analysis are presented in Section 7.
The performance evaluation of EVs charging at EVPSS in
terms of charging time is presented in Section 8. Finally,
Section 9 concludes the paper.
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representing real vehicle commuting patterns. In these two
works, EVs charging time optimization according to constraints associated with each EV is not addressed. In [4],
an EV charging station is represented using mathematical models to derive the parameters needed for charging
stations planning. Nevertheless, parameters such as EVs
priority or maximum charging time for each individual
EVs are not taken into account in the scheduling process.
In the second class of works, authors in [5,6] and [22]
made a good summary of current standard protocols and
related architectures for EV and grid interaction. In [7],
the basic principles of standard V2G communication interfaces currently under specification in the ISO/IEC are
presented, with a focus on control communication but
without a regard to administrative data, especially for V2G
integration because EVs are still on the road. In [8], Ruthe
et al. present a generic V2G information model allowing
mutual charge scheduling negotiations between EVs and
grid operators. The work discusses a system model with
theoretical concerns without treating a specific charging
mode (slow, rapid, or fast) as in realistic situations. Moreover, the work does not consider the case where EVs need
to communicate with the grid to know the most suitable
EVPSS in terms of waiting time and cost.
In this work, we present optimization models of EVs
charging process in terms of charging time minimization
while taking into account constraints including a random arrival of vehicles with a random initial value of
EVs SoC and maximum SoC. Furthermore, realistic EVSE
characteristics were used.

3. M/M/s MODEL OF ONE EV
PUBLIC SUPPLY STATION

2. RELATED WORK

In this section, we present a basic queuing theory that will
be used to represent our EV charging model with some
defined constraints related to realistic situations of EVs
charging process.
Figure 1 shows the system considered to represent EVs
charging process. The input data are the EVs in need of
charging, and the output data are the EVs with the required
SoC. Each EVPSS is considered a multi-server queue with
S identical servers, each operating with an exponential service rate . The EVs arrival process is assumed to be
Poisson with arrival rate .

Existing related works can be classified into two classes:
(i) stochastic modeling for EV charging processes and (ii)
V2G protocols and standardization for EV/EVSE communication. In the first class of works, the authors in [2]
describe a tool based on a stochastic model for distribution grid planning, which provides a characterization of
possible grid operation conditions, voltage profiles, branch
loading, grid peak power, and energy losses. Lojowska et
al. present in [3] a Monte Carlo simulation approach for the
derivation of the system load due to EVs based on a model

Figure 1. Schematic view of our EV charging model for one
EVPSS.
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Figure 2. The state transition diagram.

In general, every EV that arrives can immediately enter
service if there is an available plug-in socket in the EVPSS.
If all servers are occupied, then the EV has to wait until
a plug-in socket becomes available. The scheduling discipline adopted is first-come-first-serve. The number of EVs
is assumed to be high.
In principle, any practical queuing process tends to
derive its major results with Markov chains [9–12] by
incorporating information in the state description. In this
work, each state of the chain corresponds to the number
of EVs in the queue, and state transitions occur when new
EVs arrive or an EV reaches its required SoC and departs.
We use the birth-death process as a stochastic model to
describe the evolution of our system. The state transition
diagram is represented in Figure 2. The model has two
cases. The first case is where the number of plugged-in EVs
is k  s; the overall completion rate is then k. The second case is where the number of plugged-in EVs is k  s;
the entire plug-in sockets are occupied, and the completion
rate is s.
Definition: a stochastic process with state space
 D f1, 2, 3, : : :g is said to be a Markov chain [10,13,14] if

The stationary condition related to our Markov chain
model is given by the following:
 PD0

where  D Œ0 , 1 , : : : , N  is the vector of stationary
distribution. N is the state number.
To solve this Markov chain model, we have to solve
balance equations in each state, and we use the total probability to solve the initial condition 0 .
State 0: the leaving rate due to arrivals is 0 . The entering
rate to state 0 due to departures from state 1 is 1 .
1 D


0


(6)

State 1: the leaving rate of state 1 is .C/1 . The entering
rate to state 1 due to arrivals from state 0 is 0 , and the
entering rate due to departures from state 2 is 22 where
the number two (2) means that they are two EVs in EVPSS
simultaneously.
. C /1 D 0 C 22

P .XnC1 D j jXn D i , Xn1 D xn1 , : : : , X0 D x0 /

(5)

(7)

(1)

D P .XnC1 D j jXn D i /

Using (6) and (7), we obtain the following:

where Xn is a random variable that represents the value of
the chain at step n.
The transition probabilities function with time homogenous is defined as

2 D

1
2

 2

0


(8)

The balance equation for state 2 is expressed as follows:
p.m, m C n/ D pij .0, n/ 

.n/
pij ,

8m

(2)
. C 2/2 D 1 C 33

(9)

and the transition matrix is defined as
Using Equation (5) and (6), we obtain the following:
P D Œ pij 

(3)
3 D

Considering the equations and the state transition diagram
given earlier, the correspondent transition matrix is
2
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The general recursive form of the stationary distribution
(state k) is as follows:
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and the mean waiting time in the queue is given
by [9,10]

The total probability condition is as follows:
 
 
s1
N  ks
X
X
1  k
1  k
1
0 C
0 D 1 (12)
kŠ 
sŠ
sŠ 

kD0

E.Wq / D

kDs

where N is the number of states en S is the number of plugin in EVPSS.
The 0 expression can be easy derived by simplifying
Equation (12) as follows:
 
  !1
s1
N  
X
1  k X 1 ks 1  k
C
0 D
kŠ 
sŠ
sŠ 
kD0
kDs
(13)
Thus, the behavior of the Markov chain is completely
characterized once its transition matrix P, the transition
diagram, and the initial condition 0 are given.
The mean queue length is given in [10] by

E.Lq / D

N
X
kDS

.k  S/  k

(14)

E.Lk /
.
.1  N /

(15)

4. QUEUING NETWORKS MODEL
FOR MULTI-EVs CHARGING
STATIONS
In this section, we suppose that our EV charging system is composed by m EVPSS, where each one is
formed by a number Si .i D 1 : : : m/ of plug-in sockets.
Figure 3 illustrates our multi-EVPSS model as a parallel
M/M/s queues.
Same to the last part, our model is completely characterized by given the transition matrix. We use a form of block
matrix notation to highlight the transition matrix of our
multi-EVPSS model PEVPSS and to allow a good saving of
computation effort. Each Pi represents the transition matrix
of M/M/si given by Figure 3.

Figure 3. The multi-M/M/s queue model.
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 1
m
2
where EVPSS D EVPSS
denotes
, EVPSS
, : : : , EVPSS
the vector of stationary distribution of multi-queue model
kD1:::m is the stationary distribution vector of each
and EVPSS
one queue model.
The proposed model assumes that an EV that needs to
charge its battery can communicate its position and its
actual SoC to the smart grid to know the nearer available
EVPSS. By running BA-EVPSS algorithm, the smart grid
can find out the available EVPSS in terms of the smallest waiting time in each EVPSS. This algorithm takes into
account the initial SoC and the initial position of each EV
and updates EVPSS state after any EV satisfaction.
Figure 4 shows the exchange of information between the
grid and each EV while the EVs are on the road. Initially,
each vehicle sends its profile, that is, position and SoC, to
the smart grid. On the basis of these input data, the smart
grid executes the BA-EVPSS algorithm and sends to the
EVs the information about the best available EVPSS.
Figure 4. Schematic view of information exchange between the
smart grid and EVs when considering the BA-EVPSS algorithm.

2

PEVPSS

6
6
6
6
6
6
D6
6
6
6
6
4

3

P1 0 0 0 : : :
0 P2 0 0 : : :
0 0 P3

0

0..




0 0 0

0

7
7
7
7
7
7
7
7
7
7
7
5

(16)

0.. 0 0 0 Pm

Alike Equation (5), we have
EVPSS  PEVPSS D 0

(17)

5. MULTI-SERVER PRIORITY
QUEUES
The proposed EV charging model process can be enhanced
using a multi-server priority queue concept. In this section,
we adopt the multi-EVPSS model presented in Sections 3
and 4, and we improve it by including a priority strategy that includes a TOUP model while taking mobility of
vehicles. The proposed enhancements will enable energy
cost (i.e., price cost) monitoring over time and adjust the
EV charging according to the EV charging need and cost
constraints.
We focused on large variations of the charging time that
has a major impact on the effectiveness and cost of the
charging process at EV public stations. Our objective is
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Figure 5. Markov chain illustration of the case of two priority classes .H , L/ in multi-servers for one EVPSS.

to improve EVs satisfaction in terms of charging service
by achieving waiting time reduction and charging cost
minimization.
The proposed model is based on using three important
parameters: (i) individual EV position, (ii) charging priority, and (iii) the EV price constraints information; all
of which are communicated to the smart grid before the
plug-in phase, that is, while the EVs are on the roadside.

In the following paragraphs, we present the three models
proposed in this work.
5.1. Priority queuing strategy
A priority-based system having separate buffers to accommodate high-priority (HP) and low-priority (LP) incoming
EVs was adopted as presented in Figure 5. Indeed, a sim-

Figure 6. Our realistic mobility model.
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Figure 7. Schematic view of our cut-off priority EV charging model for one EVPSS.

ple case of two priority classes, high .H/ and low .L/,
is considered, with respectively an arrival rate H and
L and an exponentially distributed sizes the rates H
and L .
Figure 5 illustrates a Markov chain of the charging
system model, which states the number of HP and LP
jobs; hence, this chain grows infinitely in two dimensions. Indeed, we observe that HP jobs simply see an
M/M/s queue, and thus, their mean delay is well-known.
LP jobs, however, have access to either an M/M/k .k D
S : : : 1/ or no server at all, depending on the number of
HP jobs. As a result, the LP class will lead to a large
waiting delay.
In order to take into account priority, we will refine our
strategy description in Section 6 taking into account two
types of interaction, namely smart grid EV and smart grid
EVPSS.
5.2. TOUP price model use
The price variation model is very important in such case
study. In fact, in many research works, various timedifferentiated pricing models have been proposed [15,16],
such as real-time pricing, day-ahead pricing, TOUP,
critical-peak pricing, and inclining block rates.
Research findings [17] indicate that compared with
other pricing models, TOUP provides more incentives for customers to shift load to the less expensive (hence loaded) hours. Thereby, we use the TOUP
model throughout this study to give incentives for arriving EVs to go to the EVPSS with low price, which
will improve the EVs load balancing to reduce EVPSS
busy state.

Without losing generality, we consider a scenario as illustrated in Figure 6, where a number of roads (e.g., 4)
allow accessing part of a town as illustrated by the circle. We consider that N EVs can get through these roads
to m EVPSSs located in this part of the city, which covers a certain area (e.g., 4 km  4 km). All vehicles are
traveling with a speed that cannot exceed a certain value
(e.g., 50 km/h). We assume EVs, the smart grid, and
EVPSSs can communicate with each other while EVs are
on the road and that EVs communicate their position,
SoC, and priority level to smart grid when they are on
the roadside.
We suppose that the time needed by any EV entering the town to reach any EVPSS can be calculated.
This calculation is today possible with most navigation
tools that can easily calculate time to destination given
a current position and traffic conditions. This time duraJD1:::N ,
tion for vehicle J to reach EVPSS i is noted TiD1:::m
where N is number of EVs and m is the number
of EVPSSs.
This time information, which is presented as in Table I,
will be used by smart grid as a parameter to decide which
EVPSS can best serve a particular EV.

6. CUT-OFF DISCIPLINE FOR
M/M/s QUEUE

EV1

EV2



EVJ



EVN

Using the three parameters (priority, price, and mobility) modeled as described in Section 5, the proposed
multi-server priority queues model is a Markov chain with
a cut-off discipline priority queues. Figures 7–9 describe
the proposed charging model for one EVPSS.
Indeed, when arriving, EVs are placed in different
queues of EVPSS, each of which has a different service
priority; the queues discipline is preemptive. In this work,
LP EVs receive service only when no HP EVs are waiting,

T11
T21

Ti1

1
Tm

T12
T22

Ti2

2
Tm








T1J
T2J

TiJ

J
Tm








T1N
T2N

TiN

N
Tm

Figure 8. Cut-off priority threshold for any EVPSS.

Table I. The estimated periods for all EVs to join any EVPSS.

EVPSS1
EVPSS2

EVPSSi

EVPSSm

5.3. Mobility model
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Figure 9. The state transition diagram for one EVPSS.

Table II. Notation for our cut-off priority queuing model.
Notation

NH
NL
H
L

Description

 D  H D L

The EV number in the HP queue
The EV number in the LP queue
The arrival rate into the HP queue
The arrival rate into the LP queue 
1
Processing or service rate for an EV 
is the mean service time /

n
S
S0
nc
E .WH /
E .LqH /
E .WL /
E .LqL /

The number of busy plug-in sockets in EVPSS
The number of plug-in sockets in EVPSS
The cut-off level for admission of LP EVs in charging service
The steady-state probabilities with cut-off consideration
The mean waiting time for an EV in the HP queue
The mean HP queue length
The mean waiting time for an EV in the LP queue
The mean LP queue length

but an LP EV that is receiving service is not interrupted
if an HP EV arrives and all servers are busy. As a result,
our model presents two EV categories and a first-in-firstout discipline for each category. The Table II gives us the
notation for our cut-off priority queuing model.
Let us consider the two priorities levels (HP and LP)
and a total of S plug-in sockets (servers) in the EVPSS
(Figure 7). We define a cut-off level of S0 for admission of
LP EVs according to the following discipline:
- For the LP EVs: (i) Serve an arriving LP EV if and
only if fewer than S0 plug-in sockets are occupied;
otherwise, place it in the queue. (ii) Serve an LP
EV from the queue whenever one of S0 busy plug-in
sockets becomes free.
- For the HP EV: An HP EV enters charging service
immediately unless all plug-in sockets are busy, in
which case it can be queued.
Under this discipline, we preempt the HP charging service
relative to the LP one in order to serve arriving HP EVs.
Thus, an arriving LP EV is kept waiting if the number of busy plug-in sockets when it arrives is above a
specified cut-off level S0 (Figures 8 and 9). The unoc1056

cupied plug-in sockets are kept free for subsequent HP
EVs arrivals.
We define the workload parameters as follows:

 D L C H , H D L D ,
L D L =, H D H = and  D H C L

In the EVSS, let n be the number of busy plug-in sockets.
If n < S0 , no EVs of either priority wait, and all arriving EVs for both priorities (HP and LP) are admitted to
immediate charging service.
If S0  n < S, only HP EVs are admitted, and arriving
LP EVs are placed in the queue. Waiting EVs are served
from the queue, in first-in-first-out order, whenever the
number of busy plug-in sockets gets reduced to S0  1 by
the completion of service for a previous EV. We use three
parameters to describe our cut-off priority model; n, NH
and NL , which are defined in Table I. Figure 9 describes the
proposed cut-off discipline.
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We define also

We define the steady-state probabilities
8
ˆ
ˆ Pr ŒNH HP EVs waiting,
ˆ
ˆ
ˆ
NL LP EVs waiting,
ˆ
ˆ
ˆ
<
n plug-in sockets busy
 .NH , NL , n/ D
ˆ
where .NH  0, NL  0, 0  n  S/ ,
ˆ
ˆ
ˆ
ˆ
ˆ and
ˆ
:̂
0 otherwise
(18)
and
.0, 0, 0/ D 0c

(19)

nc D

D

D

. C S0 /.0, 0, S0 / D .0, 0, S0  1/
C .S0 C 1/.0, 0, S0 C 1/ C S0 .0, 1, S0 /

(21)

for .NL > 0/ :
. C S0 /.0, NL , S0 / D L .0, NL  1, S0 /
C .S0 C 1/.0, NL , S0 C 1/ C S0 .0, NL C 1, S0 /
(22)

.NH , NL , n/

NH D0 NL D0
1
X
 

 .NH , z, n/



NH D0
Œ  .0, z, n/



(28)

zD1

if S0 
zD1

1
 .0, z, S/.1  x0 / zD1 if

nS1
nDS

where x0 is the root satisfying jx0 j < 1, .jzj  1/ of the
following equation:

The steady-state equations for our model are given by the
following:
. C n/.0, 0, n/ D .0, 0, n  1/

C .n C 1/.0, 0, n C 1/
where 0  n  S0  1
(20)

1
1 X
X

Sx2  fL .1  z/ C H C Sg x C H D 0.

(29)

As presented in [19], [20] and [23] and using a discrete
transform technique, we have
8 c n
0
0  =nŠ,
0
ˆ
ˆ
 n  S
ˆ
ˆ c S0 nS0
0
0
0
ˆ
ˆ
<0  H =nŠ S = S  L T.S , S/
c
0
n D
 S0  n 0 S 1 
ˆ

ˆ
c
nS
S
0
0
0
ˆ
ˆ
ˆ0  H =SŠ S = S  L T.S , S/ S=.S  H /,
:̂
nDS
(30)
where
82
0
1
< SX
c
4
0 D
i =iŠ
:
iD0

if .S0 C 1  n  S  1/ :
. C n/.0, NL , n/ D H .0, NL , n  1/

C

C L .0, NL  1, n/ C .n C 1/.0, NL , n C 1/
(23)
. C S/.0, NL , S/ D H .0, NL , S  1/
C L .0, NL  1, S/ C S.1, NL , S/

91
 0
=
0
 =.S  1/Š T.S , S/= S  L T.S , S/
;



S0



0

0

and
(24)
T.k, S/ D

k
kŠ
H

"S1
X



i
S
H
=iŠ C H
=SŠ S=.S  H /

iDk

for .NH > 0/ :
. C S/.NH , NL , S/ D H .NH  1, NL , S/

(25)

C L .NH , NL  1, S/ C S.NH C 1, NL , S/

The mean waiting time for an EV in the HP queue .E.WH //
and the mean HP queue length ..E.LqH /// are exactly the
same as for the M/M/s queue, except for the change in Sc ,
the probability of the wait being nonzero. Thus,

The solution of equation (20) is
Pr .WH
.0, 0, n/ D

n
nŠ

0c

for

0  n  S0

(26)

To solve (21)–(25), we define the generating function
[18–21] and [23] over the LP queue

  .NH , z, n/ D

1
X

zNL .NH , NL , n/

(27)

t/ D Sc  exp..S  H /t/

(31)

The mean waiting time for an EV in the LP queue .E.WL //
is given by
2
0
2 

E.WL / D 1 0c .=H /S S0 S0  L T.S0 , S/
#
" S1


X
k
2
S
2
3
H =kŠ .T.k, S// =k C H =SŠ S =.S  H /
kDS0

NL D0
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Figure 10. The multi-server cut-off priority queues model.

The mean length of the LP queue is given by
E.LqL / D L E.WL /

(33)

Equations (18)–(33) detail the model illustrated in
Figures 7–9, which are presented for one EVPSS. For our
multi-server cut-off priority model presented in Figure 10,
we adopt the same idea used in the Section 4 to allow a
good saving of computation effort. We use a form of block
matrix notation to highlight the waiting time and the cutoff threshold vectors for all EVPSS in our multi-EVPSS
model, which are given by the following:
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Vect_WL D ŒE.WL /iD1:::m 

(34)

Vect_WH D ŒE.WH /iD1:::m 

(35)

i
h 0
Vect_CutOff D SiD1:::m

(36)

By the waiting time vectors given by Equations (34)
and (35), our model manages the charging process for all
EVs. Indeed, for each EV requesting the charging service,
the smart grid selects the EVPSS that has the reduced
average waiting time. The smart grid also controls the
congestion of each EVPSS with the dynamic update of
the cut-off threshold given by Equation (36) to promote
or not more HP EVs in one EVPSS compared with the
other. Indeed, after receiving the first message from an EV
requesting the charging service, the smart grid calculates
the waiting time for each EVPSS and selects the best one
for the EV according to its mobility scenario and its priority level and its price threshold fixed by each EVSS in the
beginning. After any EV response, the smart grid operates
a dynamic cut-off priority threshold parameter update
for all EVPSSs to balance the number of EV between
all EVPSS and to decrease the EVPSS congestion. This
action improves the regulation and grid stabilization.
We adopt for our cut-off priority model the following
algorithm, which takes account of the EV priority level
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and the price politics doted in each charging period. Additionally, the algorithm takes into consideration the mobility
model presented in Section 5, by using the initial SoC and
initial position of each EV, and updates EVPSS state (HP
queue length, LP queue length, cut-off vector) after each
EV satisfaction.

7. FAIRNESS AND COMPLEXITY
ANALYSIS
In our EV charging system, we aim at a fair scheduling of EVs based on the arrival of requests for service
to the smart grid and on the priority of the requesting
EVs. The fair scheduling of EVs charging in EVPSS
is performed according to the priority disciplines. The
first-come-first-serve method is adopted, where the EVs
arriving with the same priority are treated in the order
of arrival.
From the description of our two algorithms, the BAEVPSS and advanced BA-EVPSS, we can see that the
complexity is in the order of O.n/.

Multi-priority queuing EV charging with price variation

Figure 11 illustrates a schematic view of information flow patterns between the smart grid and EVs by
considering the advanced BA-EVPSS algorithm. Indeed,
added to the position and SoC of EV, we suppose
that each EV communicates the priority level and price
constraints information to the smart grid before the
plug-in phase.

8. PERFORMANCE EVALUATION
In this section, simulation results and discussions are
presented to highlight the performance of our two EV
charging algorithms. We used M ATLAB to perform the
simulations.
The EVs arrival (to the city) flow variation is modeled
by Poisson distribution. We assume that all EVPSS are
equipped by a level 3 plug-in, which is the most rapid EV
charger. After the end of the overall charging time duration,
all vehicles should be satisfied. The parameters for our EVs
charging process are generated as follows:
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The 1% of EV SoC is a sufficient value to arrive to a
nearest EVPSS.
The EVPSS number is 20.
The number or socket plug-in in each EVPSS is a
random value between 1 and 10.
The EV SoC maximal is 7 kW.
The charging rate in each EVPSS is 20 kW/h, and the
maximal time for EV to be full charged is 20 min.
 D H D L D 1=3; arrival intensity.
 D H D L D 1=50; service intensity.
For mobility modeling, we considered a scenario of four
roads that allow access to part of a town having an area
of 4 km  4 km where the EVPSSs are placed randomly.
All vehicles are traveling with speeds that cannot exceed
50 km/h.

60
50

EVs

40
30
20

Figure 11. Schematic view of information flow patterns
between the smart grid and EVs and EVPSS by considering the
advanced BA-EVPSS algorithm.
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The initial EV SoC is a uniform distribution between
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Figure 13. Average queuing length variation.
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Figure 12. Initial EV state of charge (one simulation for 1000 EVs).
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Two sets of simulations were performed. First, we ran
simulations without considering vehicles priority, and second, we performed simulations considering two priority
levels for EVs.
For the first set of simulations, Figure 12 shows an
example scenario of the initial average EV SoC of a simulation, which takes a random value between 1% and 90%.
Depending on the initial SoC value and the EV position,
the smart grid selects the suitable EVPSS. We assume that
an EV always consumes the energy with its maximum
power limit until its performance threshold is satisfied. The
simulations were run 50 times, and the average values for
each EV were taken.
Figure 13 shows the average queue length variation
during the whole charging process operations for 1000

4000

10

2000

5

Plug-in socket

vehicles. The maximum average EVs number in the queue
is under 60 EVs. It is clear that our charging process can
also be seen as a form of scheduling algorithm used by the
smart grid to manage grid power.
Figure 14 shows the average arrival time for each EV
corresponding to the blue continuous curve compared
with its departure time highlighted by the red dash. We
observe that the departure time is sensitive to the number of arriving EVs, which are characterized by random
power demand. This power demand is proportional to
the load time. For each EV, the departure time depends
on the charging time of all EVs that joined the same
EVPSS before it. This is why the departure time becomes
increasingly large.
Figure 15 shows an example scenario of the waiting time of EVs depending on the number of available
plug-in socket in EVPSS. We observe that the average
waiting time is sensitive to the number of plug-in sockets in each EVPSS. In addition to its non-complex time
operation, it is clear that our BA-EVPSS algorithm follows inversely the number of plug-in sockets variation in
order to lessen the individual waiting time for each EV.
The BA-EVPSS algorithm picks up the first EVPSS that
has the smallest average waiting time and communicates
its information to the EV. In the scenario that is illustrated
in Figure 15, we observe that the smart grid chooses the
third EVPSS that has 10 plug-in sockets to respond to the
EV demand.
In what follows, we study the charging time of the
proposed BA-EVPSS algorithm compared with that of REVPSS. In R-EVPSS algorithm, an EVPSS is selected
according to its queue length; the arriving EV is directed
to the EVPSS that has the smallest EV number in its queue
without taking into account the cumulative EV charging
time needed by all EVs in each queue.

Arrivals and departures flow
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number of plug-in socket in each EVPSS
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Figure 15. Waiting time in each EVPSS versus plug-in socket number for one example simulation.
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Figure 16. Average waiting time comparison between BAEVPSS and R-EVPSS algorithms.

Figure 19. The time to plug-in under SMART and STUPID cases
for 100 arrival EVs.

Figure 17. The time to plug-in diagram for any EV.
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Figure 20. The time to plug-in under SMART and STUPID cases
for arrival EVs(500 EVs).
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Figure 18. Selected EVPSS for each arrival EV.

Figure 16 compares our algorithm (represented by the
blue dash curve) and the R-EVPSS algorithm (highlighted
by red curve). We observe that the average waiting time
given by R-EVPSS algorithm is higher than the corresponding average waiting time given by BA-EVPSS.
Our BA-EVPSS is effective in managing EVs charging
process according to the constraints of the requested SoC
and price when EVs have the same priority. However, the
priority of each EV is an important parameter to consider,
1062

and the charging service may need to be preempted for one
EV and not for another.
To resolve those BA-EVPSS algorithm limits, we evaluate the performance of our advanced BA-EVPSS algorithm
that uses a multi-sever queuing model and a cut-off priority
strategy using the TOUP model. We study the efficiency of
our advanced BA-EVPSS algorithm by the SMART case
algorithm, compared with the STUPID case in terms of
waiting time for each EV arriving to an EVPSS. The variation of the electricity price in each EVPSS is also taken
into account in our model.
In the STUPID case, an EVPSS is selected by an LP EV
according to its path and queue length and price level; in
fact, the arriving EV is directed to the nearest EPVSS that
has the smallest EV number in its queue with the cheapest
power price. For an HP EV, an EVPSS is chosen according
to its path and queue length only. For any EV level priority
(HP and LP), the STUPID algorithm is running not only
without taking into account the cumulative EV charging
time needed by all EVs in each HP and LP queue but also
without taking into consideration the dynamic update of
the cut-off parameter.

Wirel. Commun. Mob. Comput. 2015; 15:1049–1065 © 2014 John Wiley & Sons, Ltd.
DOI: 10.1002/wcm

D. Said, S. Cherkaoui and L. Khoukhi

Multi-priority queuing EV charging with price variation

Table III. Time to plug-in comparison between STUPID and SMART cases.

First range [1 100] EVs
Second range [101 300] EVs
Third range [301 500] EVs

STUPID case

SMART case

Saving rates (%)

800
955
1000

730
725
710

8.75
24.08
29

As presented in Figure 17, we define the time to plugin for any EV as the sum of the waiting time in the EVPS
queue, the time to join the EVPSS, and the grid response
time. We assume that the time taken between the EV
request and the time of the grid response should not exceed
0.2 s for any EV. We also assume that the cut-off parameter
update for any EVPSS is carried out after any EV response
and will take 0.1 s.
Figure 18 shows an example scenario of the selected
EVPSS for each arriving EV. The outcome of the advanced
BA-EVPSS algorithm corresponds to the blue dash curve,
the green points highlights the priority level designed by
the value one (1) for low .L/ and two (2) for high .H/,
which are fixed for each EV before the plug-in phase (i.e.,
while the EVs are on the roadside).
We observe that for each EVs demand, the smart grid
selects, using our advanced BA-EVPSS algorithm, the best
EVPSS according to the constraints of price, priority level,
EV position, and EV SoC.
In what follows, we study the charging time of the
advanced BA-EVPSS algorithm corresponding to the
SMART case compared with the STUPID case.
Figure 19 shows the average time to plug-in simulated
for 100 EVs using the advanced BA-EVPSS algorithm
described by SMART case compared with the STUPID
case. We observe that in the SMART case, the EV relatively takes less time to plug-in than in the STUPID case,
especially when the number of EVs is relatively high. This
confirms that with the use of the advanced BA-EVPSS
algorithm, the grid manages the EVs charging process in
an efficient manner in terms of time to plug-in and satisfies
EVs according to their profile description communicated
while on the road.
We observe the same results compared with Figure 19
when considering 500 EVs as shown in Figure 20.
Table III presents the observation results obtained from
FIG.19 and 20, which illustrate the performance comparison between the SMART case where we use the advanced
BA-EVPSS algorithm to manage the charging process and
the STUPID case, in terms of time to plug-in variation.
As shown in Table III, it is clear that the advanced BAEVPSS algorithm reduces the waiting time for the charging
process of 1000 EVs with a saving rate of more than 8
%, 24%, and 29 %, respectively, for the three ranges of
EVs; [1 100], [101 300], and [301 500]. Moreover, the saving time to plug-in reduction is growing up from 8.75% to
29% when the EV number reaches 500. This result proves
the effectiveness of our advanced BA-EVPSS mainly for a
high EV number.

9. CONCLUSIONS
In this paper, we focused on the EV charging problem
where EVs need to communicate with the grid to know
the best EVPSS in terms of waiting time and cost before
the plug-in phase (i.e., while the EVs are on the roadside). To this effect, efficient charging algorithms for EVs
at public station based on multi-queuing models were
formulated, developed, and tested through simulations considering realistic EVs and EVPSS constraints. The first
algorithm is BA-EVPSS where two principal objectives are
taken into account: (i) satisfying single EV charging power
demands and (ii) optimizing the charging time for each EV.
The second algorithm is the advanced BA-EVPSS algorithm. Advanced BA-EVPSS is based on a queuing model
with a cut-off priority scheme and a price variation strategy.
Advanced BA-EVPSS is proposed for two main purposes:
(i) to manage the EVs charging process to satisfy all EVs
demands in terms of time to plug-in and price and (ii)
to control the congestion of each EVPSS by the dynamic
update of the cut-off threshold. We evaluated the performances of the proposed algorithms by simulations considering realistic EVs characteristics and public stations
charging models (socket level 3). The results showed that
the proposed charging algorithms manage EVs demand in
an efficient way according to individual EV parameters
communicated to the smart grid before the beginning of the
charging process. Moreover, simulation results have shown
that our charging algorithms can be seen as a scheduling
form of EVs, and can also improve the grid stability as
both the waiting time for EVs charging and congestion
of EVPSS system were reduced. With the advanced algorithm, the smart grid can flatten the consumption curve in
each EVPSS so as to achieve EVs charging cost optimization, in addition to improving grid stability by the update
of the cut-off vector after each EV satisfaction.
The implementation of the proposed charging algorithms involves low computation complexity. In future
work, we will introduce additional constraints (e.g., multiple priority levels for EVs) in the proposed algorithms. We
also plan to take advantage in a future extended load management technique of possible EV discharging processes in
peak periods where the power price and demand are higher.
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