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Abstract—Electric vehicles (EVs) have received considerable
attention in dealing with severe environmental and energy crises.
The capacity planning of public charging stations has been a
major factor in facilitating the wide market penetration of EVs.
In this paper, we present an optimization model for charging
station capacity planning to maximize the fuzzy quality of
service (FQoS) considering queuing behavior, blocking reliability,
and multiple charging options classified by battery technical
specifications. The uncertainty of the EV arrival and service
time are taken into account and described as fuzzy numbers
characterized by triangular membership functions. Meanwhile,
an a-cuts-based algorithm is proposed to defuzzify the FQoS.
Finally, the numerical results illustrate that a more robust plan
can be obtained by accounting for FQoS. The contribution of
the proposed model allows decision-makers and operators to
plan the capacity of charging stations with fuzzy EV arrival
rate and service rate and provide a better service for customers
with different charging options.

Index Terms—electric vehicle, charging station, capacity plan-
ning, fuzzy quality of service, multiple charging options

I. INTRODUCTION

LECTRIC Vehicles (EVs) have gained popularity in re-

cent years to mitigate the shortage of fossil fuel and meet
climate change targets. Compared to conventional vehicles
with an internal combustion engine (ICE) that consume fossil
fuels and exhaust gas emissions [1], EVs powered by elec-
tricity provide a cleaner and environmental option to replace
traditional ICE and move pollution away from urban areas.
As a result, EVs featured as environmentally friendly have
been pushed into mainstream adoption in many countries. The
UK government has published an aggressive strategy called
“Driving the Future Today” to expand charging networks,
aiming at zero greenhouse gas emission by 2050 [2]. Further-
more, the Automated and Electric Vehicles Bill 2017-2019
released in 2017 also intended to reduce the dependence on
fossil fuels [3]. Considering the rapid developments in battery
production technology, it is suggested that over 150 million
EVs are required by 2030 [4], and the EV population is
expected to reach a considerable market portion in the future
[5]. Correspondingly, the necessary deployment of chargers
and charging stations is essential to achieve such penetration
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rates since EVs are basically supported by an electric motor
powered by rechargeable battery packs [6]. The United States
government has rolled out a project that hosts chargers every
25 miles at West Coast Green Highway [7]. In parallel, over
1000 chargers are installed by the Scottish government to
ensure that the average distance from any location to the
nearest public charger is about 2.78 miles, aiming to phasing
out the need for new petrol and diesel cars and vans by 2032
[8]. Obviously, the expansion and design of reliable charging
stations are essential for the rapid development of the EV
market.

At the moment, multiple charging options classified by the
battery technical specifications are available for EV charging
[9]. Therefore, it is crucial to design and operate integrated
charging stations to a provide efficient charging services for
customers with different charging options. However, no matter
what kind of charging technique is adopted, EV charging
duration is always considered to be long when compared to
traditional liquid-fuel powered ICE counterparts. A relatively
long charging time inevitably leads to the formation of queuing
behavior, which may cause the EV customers’ dissatisfaction
if the waiting time is unacceptable. Without considering the
construction cost and charging station layout, this problem
can be addressed by installing more chargers in a charging
station. However, the success of EV market development pri-
marily relies on the capability of the power grid. Uncontrolled
charging service can easily lead to the line and transformer
overloading, thus resulting in an outage [10]. For instance,
5% EVs charging simultaneously would lead to 5.5 GW of
extra power consumption in the Virginia and Carolinas region
by 2018 [11]. Therefore, the trade-off between waiting time
and grid reliability is of paramount importance for a charging
station.

As a widely accepted indicator, the quality of service
(QoS) evaluation of charging stations has received widespread
attention [12]-[16]. The literature on charging station design
and QoS evaluation can be grouped into two categories. The
first group includes studies from the customers’ standpoint,
and more recent attention has mainly focused on the queuing
theory. If all the charging sockets are occupied, EVs must
join a queue and wait for an available socket. In [17], the
charging load of a single fast charging station is forecasted by
an M /M /s queuing model with the arrival rate of discharged
EVs. In [18], a mathematical model is developed for handling
requests for EV charging/discharging at EV charging stations
based on queuing theory. A capacity-limited recharging sta-
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tion location model with queuing behavior considering both
recharging time and waiting time is proposed in [19]. In [20],
a charging infrastructure planning model is established with an
M/M/s/N queuing model. Both waiting time and construc-
tion costs are considered to determine the optimal capacity of
a charging station. A multi-priority M/M /s queuing model
is proposed in [21] to minimize the waiting time for a public
charging station. The customers in this model are divided into
two classes with different queuing priorities to improve the
EVs satisfaction in terms of charging service by achieving
waiting time reduction. In [22], a QoS evaluation model for a
fast charging station is proposed considering queuing theory
and multiple charging options. A corresponding charging
strategy is also investigated to reduce the mean waiting time to
serve more customers. In [23], an M /M /s/N queuing model
is employed to evaluate the queuing state of different charging
stations and find the optimal one that ensures the minimum
total charging time. The relationship between the charging
station capacity and customer service quality considering
queuing theory is investigated in [24]. Simulations based on
a homogeneous EV arrival are carried out and closed-form
equations are derived therefrom to estimate recharging time
and waiting time in the queue. On the other hand, the grid
reliability also plays a key role in the design and operation
of a public charging station. The second group includes
studies from the standpoint of design-makers and operators.
The study in [10] presents a capacity planning framework
for EV charging stations with loss-of-load-probability as the
primary performance metric, which measures the probability
that the remaining grid power in the storage system fails
to accommodate the demand. Authors in [25] proposed an
optimization model for the optimal siting and sizing problem
of EV charging stations, which minimizes the Energy Not
Supplied (ENS) as the objective to guarantee the power system
reliability. In [26], an EV charging station planning model is
established considering the electrical reliability check based
on a DC power flow model to ensure the charging reliability
and expected QoS.

Besides, a few recent research works use both queuing
theory and grid reliability to design the charging station. A
charging station architecture is designed in [27] to provide a
desirable QoS by using performance measure from queuing
theory with sustained grid stability guarantees. In [28], a con-
trol and management framework of the grid power is proposed
based on a non-preemptive priority queue. This model can be
taken into account to design a charging station with various
charging demands. However, a deterministic charging demand
model is required within the literature to model the charging
behavior of EV customers, which is impractical in a real charg-
ing environment. Accurate modeling of charging demand and
service requires historical data related to EV arrival, departure,
and energy consumption in order to statistically reflect the
stochastic processes of the overall charging behavior. However,
historical data is either insufficient or uncertain. Imprecision
or ambiguity is the characteristic of many capacity planning
parameters, generally because of insufficient historical data.
Besides, it is unfeasible to determine the planning parameters
in the design stage of a charging station since no accurate

data can be collected before the charging station is actually
operating, thus implying that only approximate values of
arrival rate and service rate can be used to evaluate the
QoS and further design the system capacity. Therefore, due
to the insufficient understanding of the charging behavior of
EV customers, a gap still exists in the literature since none
of the existing works considers fuzzy characteristics in the
capacity design process of a charging station. In this paper, we
present a capacity planning model for an EV charging station
that provide multiple charging options for EV customers.
The customers’ mean waiting time and the charging station’s
blocking probability are the QoS criterion for the performance
evaluation of a charging station. Furthermore, the blocking
probability is calculated to evaluate the grid reliability of the
charging station. The major contributions of this study are
outlined in the following:

1) We introduce the fuzzy M/M/s/N queuing theory
to model the EV charging station that offers multiple
charging options, where the arrivals rates and service
rates are considered as fuzzy numbers.

2) We propose a novel fuzzy quality of service (FQoS)
evaluation model to quantify the service quality based
on the mean waiting time and blocking reliability. A
defuzzification algorithm is presented to obtain the de-
fuzzified FQoS from the output of the aggregated fuzzy
set.

3) We develop a new capacity planning model considering
FQoS to find the optimal system capacity and number of
charging sockets of each charging option. We show that
a more robust capacity plan can be obtained by including
the fuzziness in the model.

This paper is organized as follows. Section II presents
the original capacity planning model, including M/M/s/N
queuing theory, blocking probability estimation and the QoS
evaluation model. Section III describes the capacity planning
model considering FQoS, where the fuzzy queuing theory and
blocking probability are investigated considering the fuzzy
arrival rate and service rate. A defuzzification algorithm is
also proposed in Section III to transform the FQoS into a
crisp value. The analytical and simulation results are presented
and discussed in Section IV. Finally, Section V concludes a
summary of the study.

II. SYSTEM MODEL AND PROBLEM FORMULATION

Electric vehicle charging demands are basically determined
by the actual needs of customers. Multiple charging options
(e.g., DC fast charging, AC Level-1I charging, superfast charg-
ing, etc.) are available in a standard public charging station.
Customers adopt different charging options according to their
personal arrangements and preference [29]. Based on this
premise, each charging option has a queue with a specific
arrival rate and service rate. The charging service follows
the first-come and first-serviced (FCFS) order as illustrated
in Fig. 1. The capacity planning problem of a charging station
is influenced by the dynamics between design-makers and
customers. The former expects stable grid reliability, and the
latter seeks lower waiting time. We consider two canonical
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O
Option 1 »
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O
Option G >
O
Queue Plug-in Sockets

Fig. 1. Schematic view of the queuing behavior

design aspects, i.e., the number of charging sockets and
queuing system capacity, of an EV charging station to balance
such dynamics. In this paper, the goal of a charging station is
to provide a better quality of service (QoS) to customers with
different charging options. The QoS of a charging station can
be divided into two components, including the mean waiting
time and blocking reliability. Clearly, installing more charging
sockets would reduce the mean waiting time but also provoke
the congestion of the power grid and further increase the
blocking probability. In the design stage of a charging station,
it is often infeasible to determine the crisp arrival and service
rate due to the inaccuracy or fluctuation of data. Therefore,
we propose an integrated solution that considers FQoS and
multiple charging options. The primary goal of the model is to
maximize the FQoS with desirable waiting time and blocking
reliability guarantees. Before proceeding to the details of the
fuzzy model, the original QoS evaluation method and capacity
optimization model will be discussed considering multiple
charging options.

A. Queuing model

In this section, we present a queuing model that will be
used to represent the EV charging behavior. Since an EV with
a specific charging option does not necessarily need identical
plug-in sockets, customers can immediately enter service if
there is an available socket in the charging station. If all
expected sockets are occupied, then the EV has to join a
designated queue until a suitable socket becomes available.
In this paper, we consider G distinct charging options, which
are distinguished by their technical specifications. The arrival
rate of a specific charging option is defined as the number
of EVs that arrive at the charging station per hour, whereas
the service rate of a charging socket is defined as the number
of EVs that can be served per hour. We assume that EVs
arrive at the charging station according to a Poisson process
and the arrival rate of option g € {1,2,...,G} is denoted by
Ag. It should be noted that the spatial temporal distribution
of the charging request is not included in the model. Fur-
thermore, all service times are independent and identically
distributed according to an exponentially distributed service
rate ji4 facilitated by a charging socket. The charging service
is provided by s, sockets in each queue and thus implying

that the overall queuing system can be further divided into G
queuing subsystems with a distinct capacity V4. In principle,
queuing process tends to derive the performance measures with
the Markov chain by introducing the state description [30].
Therefore, we adopt M /M /s,/N, queuing model for each
option where M denotes the Markovian process. Note that EV
arrivals act independently. The state transition diagram for the
queue system with capacity N, can be derived and depicted
as shown in Fig 2, where each state represents the number of
EVs in the corresponding queuing system.

Let k4 denote the number of EVs in the queuing system
with option g. It should be noted that if k£, < s4, the overall
completion rate is kg/14 since no queuing behavior occurs in
the system. Otherwise, the completion rate is sg4/1, since all
sockets are occupied and the EV needs to join a designated
queue until a suitable socket becomes available.

For any positive integer v and possible states zg,z1, ...,
Ty, Ty+1, @ Markov chain is defined as a discrete-time stochas-
tic process with state space £ = {0, 1,2, ...} if the probability
of the system in each state satisfies the rule of conditional
independence, i.e.,

P(Xu+1:x11|Xu:Iu7Xu—1 = Ty—1, ---7XO = ‘TO)
= P(zu+1 = j|Xu =1)

where X, is a random variable that denotes the value of the
Markov chain at step u. Specifically, when new EVs arrive
at or depart from the charging station, the next state of the
queuing system is only determined by the current state and the
time elapsed according to certain probabilistic rules, i.e., this
stochastic process exhibits Markov (or memory-less) property.

The state transition matrix P with time homogenous for
the queuing system with Markov property in this paper is
defined as a matrix containing information on the probabilities
of particular transitions. Given the finite and countable state
space &, the (i,7)'" element of the state transition matrix P
is given by

(D

Pij = Pr(Xyp = j, Xy =) 2
The corresponding transition matrix can be expressed as
) A 0 e 0 0
o —(Ap) A e 0 0
0 2u A —(A+2p) e 0
3)
0 Sp —(A+s) A
0 0
4 4 2, 2,
Hy 24q Suty Syt

Fig. 2. The state transition diagram
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Note that the subscript g representing different charging op-
tions is omitted for simplicity. Let 7, denote the probability
of the queuing system being in state k. # = {mo, 71, ..., TN }
is a Ny + 1—dimensional row vector whose ith element is ;.
Given the system state transition matrix P, 7 is the vector of
steady-state probability if

m-P=0" “4)

The k' steady-state probability can be obtained by a simple
set of first-order difference equations as follows:

(k + 1)M7Tk+1 = /\7Tk (5)

In particular, \
T = —To (6)

I

and
IO

m =5\ ) ™o (7N

I
Let p = A/p denote the occupancy rate of the queuing

system. In this paper, we assume that p/s # 1 in the following
model. Therefore, the general solution of the steady-state
probability distribution is calculated by

—'pkwo for0<k<s
T = ’fops (8)
Teh—s g fors<k<N

Owing to the fact that Zszo T, = 1, mo can be expressed by
o (S o e
0 k:' sl(1—p/s)

By mathematical 1nduct10n, the mean queue length is given
by

€))

N

B(L) =Y (k—s)-m

k=s

(10)

According to Little’s law, the number of customers in a
stationary queuing system is equal to the effective arrival rate
A multiplied by the mean time that a customer spends in the
queuing system. Therefore, the mean waiting time for different
charging options is calculated by the formula below:

E(Ly)
Ag(1 = 7%)

Obviously, the mean waiting time is decreasin, Gg with an in-
creasing number of charging sockets. Let A = Z 1 Ag denote

the total arrival rate of the charging station. Consequently, the
weighted average waiting time of the overall charging station

is given by
G
W=2 S
et A

W, = Vg ={1,2,...G} (11)

12)

B. Blocking reliability

The design and operational management of a charging sta-
tion are of paramount significance in achieving an acceptable

QoS. In this paper, the mean waiting time and blocking relia-
bility for each charging subsystem are considered as the QoS
evaluation metrics. In this paper, a charging period is defined
as a time interval where the queuing system satisfies the
steady-state condition mentioned in Eq. (4). For the problems
discussed above, the following assumptions are made in this
paper:
1) The available grid power for each charging option is
predetermined and fixed at the beginning of first period.
2) If the remaining grid power is less than the requested
power, the charging service will be suspended resulting
in an outage until the next period.
3) The requested power of EV customers with the same
charging option is assumed to be equal.

Blocking probability is defined as the probability that the
remaining grid power fails to meet the demand of customers
within a certain period. Obviously, blocking probability con-
stitutes a natural performance metric of the grid reliability.
To formalize this, let e, be the aggregated units of grid
power available to EV fleets with charging option g. Given
the aforementioned criterion, the blocking probability of each
queuing system can be expressed as

V=Ple<e} (13)

where ¢ denotes the total amount of power requested from
the grid to meet the charging demand of customers. Note that
the subscript g is omitted again for convenience. By recalling
that queuing system can be described as a Markov chain, we
propose a simple method to obtain the blocking probability.
For a public charging station, it is reasonable for operators
to include safety margins into the capacity planning of the
power storage system to hedge against uncertainties such as
demand surge. Therefore, the relationship between the required
power and available power should satisfy e > ¢ for each
charging option, thus implying that the safety margin can be
defined as e — ¢. However, the available power is oftentimes
not a crisp value in a practical application environment due
to uncertainties caused by the previous operating periods. For
instance, the failure of a charging socket will inevitably lead
to the remaining power greater than expected before the next
period. Likewise, unexpected increases in charging demand
will reduce the amount of power available for the next period.
Without loss of generality, it is reasonable to assume that the
available power X is a random variable that follows Gaussian
distribution with mean e and variance o2, i.e., X ~ N(e,0?);
therefore, the blocking probability can be further rewritten as

c—e} (14)

where z is a standard normal deviate with mean 0 and
standard deviation 1. To illustrate this method more intuitive,
the relationship between the above parameters is depicted in
Fig. 3.

In what follows, the mean requested power ¢ can be
derived based on the aforementioned steady-state probability
distribution . Let n denote the mean number of charging
sockets occupied by customers in the queue; then n can be

V—P{Xc<0}—P{
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approximated by

S

e E e 15
" SR DG "
sl(1—p/s)

Using the above formula, we can further obtain the mean
requested power drawn from the grid for a period with duration
T:

c=n-d-p-T (16)

where d denotes the mean power requested by a customer
per recharging. According to Egs. (13)-(16), the blocking
probability is increasing along with the number of charging
sockets. Clearly, the blocking probability is largely influenced
by the safety margin. In this paper, the safety margin is
assumed to be a predetermined value, i.e., e is an endogenous
variable.

For the overall charging station, the weighted average block-
ing probability is calculated through the formula below:

G
A
V:ZT‘]VQ Vg e {1,2,..,G} (17)

g=1

C. Optimization Model

The objective of the proposed model is to find an optimal
charging station capacity N, and number of charging sockets
54, such that the QoS of the overall charging station is
maximized. For the QoS of the overall charging station, a
logarithmic utility function is adopted to integrate the mean
waiting time W and blocking probability V. Given the arrival
rate A\, and service rate pg, QoS is computed by

1
(o5 = log(1+ W) +log(1+ V)
The associated integer decision variables are N, and s¢(g =
1,2,...,G), depending on which arrival rate A\, and service
rate /14 involved in the queuing model is determined for each
charging option. Additionally, QoS for different system capac-
ity plans is determined following Eq. (18). Considering the

(18)

e

c

Fig. 3. Relationship between the available power and requested power

construction cost and limited land area, let N,,,, represents
the capacity of the overall charging station. To this end, the
nonlinear formulation to maximize the QoS of the overall
charging station is presented as follows:

1

imi S = 19
maximize (o log(1 4+ W) +1log(1+V) (19)
Subject to:

G

ZNg < Nmaz (20)
g=1

sy <N, Vge{1,2,...G} 1)

t<e, Vge{l1,2,..,G} (22)

hy <H Vge{l,2,.., G} (23)

Ny, s4 are integers, Vg € {1,2,...,G} (24)

In this formulation, Constraints (20) and (21) limit the
system capacity and number of charging sockets , respectively.
Constraint (22) restricts that the safety margin must be a
positive number. It is noteworthy that Constraint (23) shows
that the loss rate of each queuing subsystem is required to be
smaller than a certain level. In fact, if a charging station is
constructed in an extremely small scale, both mean waiting
time and blocking probability would decrease since most
customers fail to enter the queuing system, which is obviously
unacceptable for both customers and operators. Based on the
queuing model, the loss rate of option g can be calculated by

Ag = HgNy
hg = )\g
0 for A < pgng

for A > pgng 25)

Besides, IV, and s, must be integer values for all g =

2,...,G as illustrated in Eq. (24). In what follows, the fuzzy
quality of service (FQoS) evaluation and capacity planning
model considering fuzzy queuing behavior and blocking prob-
ability are investigated based on the original model mentioned
above.

III. CAPACITY PLANNING MODEL CONSIDERING Fuzzy
QUALITY OF SERVICE

During the design stage of a charging station, it is difficult
to determine the arrival rate and service rate accurately.
Therefore, it is reasonable to include the fuzzy characteristics
in the model. Fuzzy numbers will inevitably affect the QoS
of the charging station since only approximate values are
considered. In light of this, we propose an integrated solution
that considers both fuzzy queuing behavior and grid reliability.
Specifically, fuzzy mean waiting time, blocking probability,
and QoS would be estimated based on fuzzy arrival rate and
service rate with a specific membership function. Furthermore,
a defuzzification algorithm based on a-cuts and membership
weighted average method is proposed to obtain the QoS from
the aggregated fuzzy set. Finally, an optimization model is
formulated to obtain the optimal number of charging sockets
and system capacity of each charging option.
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A. Fuzzy Queuing Model

It is practical that the arrival rate and service rate would not
be crisp values in a realistic setting. Therefore, it is infeasible
to obtain the crisp arrival and service rate in the design
stage of an EV charging station. To overcome this challenge,
fuzzy theory is employed to facilitate the evaluation of the
performance measures. Based on the aforementioned original
queuing model, a fuzzy queue denoted by FM/FM/s,/N,
is investigated.

In this paper, a fuzzy queuing system is defined as a
queuing system whose arrival rate A and service rate ju are
fuzzy numbers. Let A\ and i denote the fuzzy universal sets
of arrival rate and service rate which are characterized by
their membership functions. Likewise, the subscript g for each
parameter is omitted for simplicity. A procedure is proposed
to construct the membership functions of the performance
measures in each queuing system. Specifically, we apply the
a-cuts method to transform the fuzzy problem into a family
of crisp cases [31]. Let n5(z) and 7;(y) be the membership
functions of fuzzy universal sets A and 1. Then it follows that

(26)
27

A= {z,n5(z)|z € X}

i={y,ma(y)ly €Y}

The characteristics of interest of a queuing system for
a charging station is the mean waiting time of customers
denoted by W (A, fz). In general, the membership function can
be obtained using Zadeh’s extension principle [32] [33] as
follows:

Mo ()= sup min{nz(2),na(y)lz=W(z,y)} (28)

zeX,yeyY

Accordingly, the transition intensities and state probabilities
are also fuzzy numbers. Based on Eq. (11), the membership
function can be further rewritten as

: E(L)

M (2) = sup ming n5(z),na(y)|z==—""—7, (29)
W)= s s { (@) 750 m_m}
Note that given a specified a-cut, the original fuzzy sets are

reduced to a series of crisp cases:

Ma) = {z € X|n5(z) > a} (30)

pla) ={y € Y{na(y) > a} (31

Consequently, the FM/FM/s/N model is transformed
into a family of original M /M /s/N models. Likewise, the
fuzzy Markov chain can also be decomposed into multiple
ordinary Markov chains. Since the intervals are crisp values
if we consider a-cuts in the model, Egs. (30) and (31) can be
further expressed as follows:

AMa) = [min {x\r];\(m) > a} , max {x|n;($) > a}]

" 32
p(a) = [min {ynz(y) > o}, max {y|n(y) > o}]
= vk vd] &9

where xL, yL, 2¥, and yU are the upper and lower bounds

of A(a) and p(a). The triangular membership function is

Fig. 4. The a-cuts set of a triangular fuzzy number

employed in this study to model the uncertainties of the fuzzy
numbers. Compared with other membership functions (such
as trapezoidal membership function), triangular membership
functions require the least prior knowledge of the charging
environment since only upper and lower bounds are used to
determine the fuzzy set [34]-[36]. To intuitively illustrate the
formulas, the a-cuts set of a triangular fuzzy number is shown
in Fig. 4. According to the convexity of a fuzzy number, the
bounds of A\ and ji are functions of «, which can be expressed
as £ = min ngl(a), Y = max r];l(oz), yE = min ngl(a),
and y;, = max nﬁjl(a). Obviously, the fuzzy mean waiting
time W(S\, fi) is also parameterized by «. Therefore, we can
apply the a-cuts method to obtain the membership function
77W(Z\,,1)(Z)~

To construct the membership function of W (X, /i), at least
one of the following conditions is required according to
Zadeh’s extension principle:

D) n5(z) = o and 7 (y) = o
2) n5(x) > o and 9, (y) =
such that
E(L)
o )\(1 - 71']\7)
N
S (k - s)my
_ k=s
- N s—1 s[1— N—s+1
AR (S [1=(p/s) 1\,
slsN=s \ = k! sl(1—p/s)
(34)
to satisfy nW(;\}ﬁ)(z) = «. This problem can be solved

by introducing the parametric non-linear programming (NLP)
technique [37]-[39]. If 75 (z) = o and 7;(y) > «, we have

L _ .
o' (@) = N%

N
kzzjs(k — 8)Tk (35)
N s—=1 1 s[1—( /S)Nfs+1
)\<1_s!spN—s (k_o Epk—'_p [ s!(lp— p/s) ]>1>

L U
To <x <z
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y € p(a)
W) =
‘ N
Z::( ) (36)
N -11 8N—s+1
)\<1 slgN— s(z kf Pt p[ (('0/ E)/s) ]>_1>
g <x
Y € p(a)

Similarly, if 75 (x) > « and 7;(y) = «, then, as expected, we
have

VVL2 () = rnurl]R
z,ye

N
2k am (37)
PN e [I=(p/s)N T
)\(1_5!5 <Z K e si(1—p/s) 1
z € MNa
vy <y <y
Uz —
o) =
N
kZ::S(k — 8)mg, (38)
PN (/)N T
)\<1_ slgN—s ;;::0 Hpk+ si(1—=p/s) 1
z € AMa)
e <Y<yl

It is worth noting that the a-cuts of the fuzzy numbers can
be viewed as a nested form, thus implying that Egs. (35)
and (36), Egs. (37) and (38) have the same optimal results.
Therefore, the model can be expressed equivalently in the
following form:

L o .
W) = i
N
k—
Zlrmom (39)
N s—1 1 s[1— N—s+1
Y PEAR | [1=(o/s)" 1)
slsV=s \ /= k! si(1—p/s)
rbh <z <2l
v Sy<uq

z,yeR
N
ke sm (40)
N pN sz_:ll k+ps[1_(p/s)Nfs+1] .
slsN—s \ & 1P S\(1— p/s)
wé <z< xg
yb <y <y¥

Indeed, since the queuing system mentioned above are more
complicated than other queues such as FM/FM/1/N model
which has been well investigated in other studies, it is almost
impossible to derive analytical results under such a complex
case. In other words, a closed-form membership function of
i (5, (#) s difficult to obtain since W and W are both
non-invertible as s increases. However, in real applications,
what matters is the fuzzy mean waiting time of customers
since it is a critical parameter of the overall queuing model.
Therefore, it is unnecessary to obtain the real function of
MW (3 i) (z) in this paper. Finally, the bounds of the fuzzy mean
waiting time of the overall charging station is given by

G
Whia)=>" %W;(a) (41)
g=1
S
WY () =) TQWgU (a) (42)
g=1

Where A, and A are crisp cases of ):g and \.

B. Fuzzy Blocking Reliability

By recalling the original blocking reliability estimation
model in Section II (B), the mean number of occupied sockets
is a fuzzy number n parameterized by X and i1, thus implying
that the blocking reliability also possesses fuzzy characteristics
since it is derived from fuzzy operations. Let 17(5\, i) denote
the fuzzy universal set of the blocking reliability; then V(S\, it)
can be expressed as

MG (V) = sup min {nx (@), na(y)lv =V (z,y)}
z,y
. c—e
= sup mm{n;\(m), n,;(y)|v=P<z< ) }
z,y€R (<)

(43)

Correspondingly, the fuzzy blocking probability can be
derived based on the NLP technique and Zadeh’s extension
principle:

L o .
V() = min

z,yeR
s—1 1 1
bl sz(k: 1)vp+z(s Dishs?
2<—|u . e
o éz_:lipk—i—p [—(p/s)N +1}
K=o k! sl(1—p/s)

(44)
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] ] Associated Variables:
Capacity Planning | (1) Queuing system capacity
(2) Number of charging sockets

(1) Fuzzy arrival rate
(2) Fuzzy service rate

: !

Fuzzy Queuing
Theory

! !

|
|
|
|
|
|
|
|
|
|
|
|
|
|
| Fuzzy Mean Fuzzy Blocking
|
|
|
|
|
|
|
|
|
|
|
|
|
|

Fuzzy Grid Reliability

Waiting Time Probability
l |

Fuzzy Quality of
Service Evaluation

Defuzzification
Maximize —» Quality of Service
b e |
Fig. 5. Flowchart of the proposed capacity planning model

xé _xgxg
yk <y <Y
U _
Vol = 1%
s—1 1 N 1
=k - s
I e S e Pk
Plz<—|pld . N
o ‘S L [1—(p/s) ]
=y SI(1—p/s)
(45)
xé §x§xg
LF<y<yl

Likewise, the weighted average bounds of fuzzy blocking
probability can be further calculated by

G

Vha) =Y YV a) 6)
g=1
A
VP(e) =3 TV (@) (47)
g=1

In what follows, an FQoS evaluation model is proposed
by considering the fuzzy mean waiting time and blocking
probability to evaluate the service quality of a charging station.

C. FQoS evaluation and Optimization Model

The objective of the proposed model is to find the optimal
number of charging sockets s, and system capacity N, such

Algorithm 1 Defuzzification Algorithm for FQoS
IHPUt: 9= {17 27 RAAS] G}’nig (x)ﬂ]ﬁg (y)7sg,Ng,d97eg,og,T,5
Output: Defuzzified QoS
1: Set QoS + 0
G
20\ Zg:l )\g(a(;)
3: fori=1— 4§ do

4: ay; é:%

5 forg=1— G do

6 calculate WgL (ov;) and WgU ()

7: calculate VgL (o) and VgU(ai)

8: end for

9 WE(a;), WY(a;) < WEIGHTEDAVERAGE(\y (i), \)

: A
100 VEI(ay),VY(q;) < WEIGHTEDAVERAGE(\g(as), \)
11: Call function of QoS*(«;)

12: Call function of QoSY ()

13: QoS + QoS + Oqiggtg QoS (as)

14: end for

that the FQoS of the overall charging station is maximized.
Note that we use A2, AU uZ u¥ to represent the bounds of
Aa) and fi() in the following model to avoid confusion.
Likewise, a method based on the aforementioned logarithmic
utility function, NLP technique, and Zadeh’s extension prin-
ciple is employed to integrate W and V. Given S\g(oz) and
fig(c), FQoS can be estimated by

(48)

1
L . .
QoS™(a) = min {log " Tog }

QoSY(a) = max { (49)

1
logWW + logV’ }
A< A<\

pk <p<pl

In what follows, we propose a defuzzification algorithm
which is described in Algorithm 1 based on «-cuts and
membership weighted average method. Owing to the fact
that a closed-form membership function for QoS cannot be
obtained, we can fit the shape of QoS by introducing an
enumeration method based on «-cuts. Therefore, the set of
intervals {[QoS%,QoS{] a € (0,1)} still reveals the trend
of the membership function of QoS, which lays a solid
foundation for the next step. Assume that we enumerate §

values of a: a; = L,z =1,2,...,9. Then ¢ sets of upper

and lower bounds of 608 can be obtained. Consequently, the
defuzzified QoS can be estimated based on the membership
weighted average method as follows:

)
0(6+1)
QoS =) o 20 = 1) QoS (A(a).i(e) (50)
i—1
The proposed capacity planning problem is formulated as a
non-linear integer program, where the associated integer de-
cision variables are s, and Ny, g = 1,2, ..., G. The nonlinear
model to maximize the QoS of the overall charging station
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Fig. 7. Relationship between QoS, system capacity and loss rate

can be formulated as

)

o 0(6+1)
maximize QoS = ;aimmosd(a),n(a)) D
Subject to:
G
> Ny < Npas (52)
g=1
sq <Ny Vged{l,2,..,G} (53)
ct(as) <ey Yge{l,2,...,G} (54)
hy < H Vge{1,2,..,G} (55)
Ny, s4 are integers, Vg € {1,2,...,G} (56)

Note that the constraint (54) exhibits that the safety margin
between the crisp requested power and available power is
included in the model. The flowchart of the proposed capacity
planning problem is illustrated in Fig. 5.

IV. NUMERICAL RESULTS

In this section, we perform analytical and simulation results
to evaluate the proposed capacity planning model considering

225 25 275 3
Fuzzy service rate

(b) p1 and p2

1.6348 5.4451

Fuzzy QoS

14.3683

(c) FQoS
0.3 T T
4 =& Overall Charging System
0.295 Option 1
=& Option 2
0.29
0.285
@ 0.28¢
¢
« 0.275
]
o
-

0.27 |

0.265

0.26

0.255 -

0.25 I I I
20 22 24 26 28 30

Ni(Ny = Nypaw — N1)

(b) N1, N2 vs. Loss Rate(crisp case)

FQoS and multiple charging options. In Section IV-A, we
present a numerical case to analyze the charging parameters
of the proposed capacity planning problem. In Section I'V-B,
the effectiveness of the proposed model is evaluated under a
real-world scenario, where a non-fuzzy case is introduced as
a benchmark.

A. Case Study-1

In the first numerical case, we consider a charging station
which consists of two charging options, namely, Option 1
and Option 2. The parameter setting is elaborated as follows.
The fuzzy arrival rate and service rate of each option are
A1 = [45,50,55], Ay = [25,30,35], i1 = [1.5,2.5,3], and
fiz = [2,2.5,3] per hour, respectively. Obviously, A and /i
are characterized by a symmetrical triangular membership
function as depicted in Figs. 6(a) and (b). In the simulations,
the period length is 77 = 715 = 1 hour, the requested power
per recharging is dy = dy = 1 unit, and the available
power of each option follows Gaussian distribution with mean
e1 = 40,e, = 27 units and variance o1 = oo = 4. Besides,
the maximum capacity of the overall charging station is set
as Nmax = 40 and the loss rate limit is set as 0.3. Genetic
Algorithm (GA) [40] is employed to resolve the capacity
planning problem considering FQoS. The optimization model
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was built in MATLAB 2016a and run on an Intel Core i7-
7500U 2.70 GHz CPU and 8GB RAM. Moreover, we set
0 = 11 to defuzzify the FQoS. By solving the model, the
optimal individual fitness is N; = 30, N = 10, s; = 18 and
s9 = 9. The a-cuts and corresponding membership function of
QoS constructed by 11 « values are given in Fig. 6(c). In such
a case, FQoS can be characterized by a roughly asymmetrical
triangular membership function. The runtime of the proposed
program is 2.14 x 10® seconds. The crisp and defuzzified FQoS
are computed to be 5.445 and 5.968.

As shown in Fig. 7(a), we can see that when N; or N; is
small, no feasible solution can be obtained. It is because when
N or N, is small, the service capacity is small, thus implying
that the loss rate constraint cannot be satisfied. Furthermore,
better solutions always tend to be obtained on the boundary.
It can be explained as follows: a higher customer loss rate
would reduce the mean waiting time and blocking probability
simultaneously. Therefore the QoS maximization model tends
to adopt a plan with a higher loss rate. Take the crisp case as an
example, Fig. 7(b) depicts that with the increase of loss rate,
the QoS increases since more customers fail to join the queue.
Therefore, compared with a compromised strategy, this model
tends to derive a plan which provides a larger capacity for Ny
and a smaller capacity for Ny. However, a high customer loss
rate is unacceptable to both operators and customers. Hence,
a loss rate constraint is essential under such a case.

We proceed to explore the relationship between the mean
waiting time, blocking probability, and number of charging
sockets of each option. From Figs. 8(a) and (b), we can see that
the mean waiting time is large when s is small, and with the
increase of s, the mean waiting time decreases. It is noteworthy
that if s = IV, the mean waiting time is zero since no queuing
behavior occurs in such a case. Figs 8(c) and (d) depicts
the relationship between blocking probability and number
of charging sockets. Given the predetermined safety margin,
installing more charging sockets would increase the blocking
probability since more sockets are occupied simultaneously. It
is noteworthy that the interval between the upper and lower
bound of blocking probability is larger than that of the mean
waiting time since the blocking probability is significantly
influenced by the safety margin (Fig. 9(a)). Take the optimal
case of Option 1 (N; = 30,s; = 18) for example, based
on Egs. (13)-(16), the interval between the upper and lower
bounds follows Gaussian distribution as depicted in Fig 9(b);
hence we can mitigate the perturbation by adjusting the safety
margin.

B. Case Study-11

In the second numerical case, the effectiveness of the
proposed model is examined under a real-world scenario. The
non-fuzzy case is served as a benchmark to demonstrate that
a more robust capacity plan can be obtained by considering
the fuzzy quality of service. Three charging options, includ-
ing Tesla Supercharging, CHAdeMO Fast Charging, and AC
Level-II charging, are offered by the charging station. The
arrival rates are triangular fuzzy numbers represented by [30,
37, 44], [20, 25, 30] and [6, 9, 12], respectively. Three popular

EV models, comprising Tesla Model S (40 kWh), Nissan
Leaf (30 kWh) and Smart Ed2 (16.5kWh), are considered
in the charging station. For the Tesla Supercharging option,
each socket was assumed to supply 150 kW power [41].
For the CHAdeMO charging option, each socket supplied
62.5 kW power [42]. For the AC Level-II charging option,
each socket supplied 11 kW power [43]. The service rate
of each charging option is computed to be 3.75, 2.08, and
0.67. The corresponding triangular fuzzy service rates are
set as [3.25, 3.75, 4.25], [1.68, 2.08, 2.48], and [0.42, 0.67,
0.92], respectively. The available power of each option follows
Gaussian distribution with mean e; = 1350 kW, es = 620 kW,
ez = 140 kW, and variance o1 = 275, 09 = 85, o3 = 25. The
maximum capacity of the overall charging station is set as
Npae = 75 and the loss rate limit is set as 0.25. The runtime
of the proposed program is 1.03 x 10* seconds. The optimal
capacity planning solution is N; = 22, No = 25, N3 = 28,
S1 = 11,82 = 8,53 =13.

We proceed to demonstrate that a more robust capacity plan
can be obtained by introducing the fuzzy theory. The true
arrival rates and service rates are set as 37, 25, 9, 0.75, 2.08,
and 0.67, which are unknown due to the limited data in the
capacity planning stage. Fig. 10 shows the QoS under fuzzy
and non-fuzzy cases with respect to the crisp arrival rates and
crisp service rates. The variance of the QoS (VQ) and the Eu-
clidean distance to the optimal solution (EO) are given in Table
I. A lower VQ indicates that the solution is insensitive to the
fluctuation of input charging parameters, which is important in
the capacity planning stage of a charging station. Furthermore,
the EO under fuzzy and non-fuzzy cases is also provided
since the queuing system capacity and number of charging
sockets are discrete variables. The results present that, since
the VQ and EO of the fuzzy case are both significantly
lower than that in the non-fuzzy case, the negative impact
caused by the parameter fluctuations can be mitigated by
considering the fuzzy numbers. In this illustrative example, the
VQ and EO are decreased by 39.04% and 14.33% on average
under the fuzzy case, respectively. In fact, if the true arrivals
rates and service rates take values from the corresponding
universal sets, the optimization model considering fuzziness
can always guarantee a relatively lower VQ and EO. Going
further, the provided results can be used as a guideline for
the subsequent charging station management. For instance,
the QoS is extremely sensitive to the arrival rate of the Tesla
Supercharging option. Hence it is crucial to collect the data
about the EV arrival with Tesla Supercharging option in the
follow-up operation stage to further determine the upper and
lower bounds. Furthermore, we can see that when p; is greater
than 3.45, the QoS decreases with the increase of 1, which
indicates that the power storage of the Tesla Supercharging
option is insufficient and should be adjusted appropriately.
For ps and pg, when the charging time increases, the QoS
will be significantly reduced, thus further charging policies
are required to improve the service efficiency, such as reducing
the EV customers’ parking time through a reasonable pricing
strategy. The simulation results indicate that it is difficult
for decision-makers to formulate reasonable service strategies
effectively in the design stage. Therefore, it is important to
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consider fuzzy QoS in the planning model to render it robust
against such uncertainty.

V. CONCLUSION

In this work, we proposed a capacity planning model for
EV charging stations considering the fuzzy quality of service
and multiple charging options. The associated variables are the
number of charging sockets and queuing system capacity of
each charging option. In the design stage of a charging station,
it is difficult to determine the accurate arrival rate and service
rate without historical data. In a scenario like this, two features
differentiate the present analysis from the other approaches
employed in the literature and make it more realistic for the
capacity planning of an EV charging station. First, both mean
waiting time and blocking probability are included in the QoS
evaluation of a single charging station that offers multiple
charging options for EV customers. Furthermore, the charging
station is modeled as an FM/FM/s/N queuing system,
where the arrival rate and service rate are fuzzy numbers

Crisp Service Rate

(e) p2

21 22 23 24 25 0.4 05 0.6 07 0.8 0.9
Crisp Service Rate

() ps

that are characterized by triangular membership functions.
The bounds of mean waiting time and blocking probability
are computed by decomposing the fuzzy scenario into a
family of crisp cases. A defuzzification algorithm based on
a-cut and membership weighted average method is proposed
to defuzzify the FQoS from the aggregated fuzzy set. The
simulation results confirm that a more robust solution can be
obtained by incorporating the fuzzy characteristics into the
model. The implementation of the proposed model might be
useful for designing a charging station without enough EV
arrival and charging service data. The parameter analysis in
this work also allows decision-makers and operators to provide
high QoS for EV customers in the operating stage. Future
work aims at considering the peak lead hours of the grid
system. In this study, the charging demand is assumed to be
equivalent for different time periods, which is unrealistic in a
real charging environment. A differentiated grid load model
should be developed to mitigate the uncertainty associated
with the charging demand. This is essential for us to enhance

TABLE I

SENSITIVE ANALYSIS FOR FUZZY AND NON-FUZZY CASES

Evaluation Index A1 Ao A3 I L2 "3 Relative Decrease
VQ(Fuzzy) 49403 0.0317 0.0234 0.0315 7.8x10~% 0.7062 39.04%
VQ(Non-Fuzzy) 10.7358 0.0496 0.0450 0.0458 9.8 x 10~* 1.2733 -
EO(Fuzzy) 0.8975 0.7071 0.7637 0.6236 0.3333 0.8164 14.33%
EO(Non-Fuzzy) 1.0801 0.7993 0.8333 0.6817 0.4714 0.9718 -
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the performance of the proposed capacity planning model to
render it robust against such uncertainty.
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