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Abstract—Fuzzy Queueing Theory (FQT) is a powerful tool
to model queueing systems taking into account their natural
imprecision. The traditional FQT model assumes a fixed number
of servers with constant fuzzy arrival and service rates. It is quite
common, however, to encounter situations where the number of
servers, the arrival rate, and the service rate change with time. In
those cases the variability of these parameters can significantly
impact the behavior of the queueing system and complicate its
analysis. In this paper we propose a simulation method to deal
with these problems that leads to realistic estimations of the
behavior of the queueing system.

To demonstrate the applicability of the technique we have
employed it to solve a real world problem: the prediction of
the impact of electric vehicles on power networks. Electric
vehicles have recently become a popular topic for research
and development, mainly for their potential ability to reduce
emissions and dependence on fossil fuels. Their demanding
charging requirements can, nevertheless, significantly impact the
performance of the power grid. In this paper we propose to
model the recharging process as a fuzzy queueing problem. This
approach is more realistic than previous treatments while leading
to accurate descriptions of the performance of the system.

Index Terms—Fuzzy Queueing Theory, Fuzzy Simulation,
Electric Vehicles, Power Grid, Electric Demand.

I. INTRODUCTION

UEUEING theory (QT) [1] is the branch of mathematics
that studies waiting lines or queues. A queue is formed
when “clients” arrive to a “place” asking for a service to a
“server” with limited resources. If the server is not imme-
diately available the client needs to wait and join a waiting
line. The use of QT allows the study of different processes
associated to queues including arriving at the queue, waiting
in it, and being served. The wide range of applications of QT,
including traffic flow, telecommunications and facility design,
gives a clear idea of its ability to answer these questions.
One drawback of QT is that it relies on models with
parameters that are assumed to be known exactly. In the ma-
jority of real-world applications, however, there is substantial
uncertainty about their values [2]. For this reason QT has been
extended using fuzzy-set theory resulting in the field known
as Fuzzy Queueing Theory (FQT). Unfortunately, while FQT
provides powerful tools to deal with uncertainty, many issues
that have been addressed in traditional QT have been scarcely
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studied by FQT. This is the case of queueing systems with a
varying number of servers, arrival and service rates, which are
the focus of this paper. While there have been previous efforts
to apply fuzzy-system approaches to discrete-time, time-delay,
estimation and control problems [3], [4], previous studies have
not employed FQT to study queueing systems combining these
three characteristics.

Problems characterized by such a combination of time-
dependent parameters are, in general, not amenable to math-
ematical analysis, whether applying traditional QT or FQT.
For this reason, a simulation method that randomly gener-
ates arrivals and user characteristics was developed to gain
insights into the behavior of these complex systems and the
estimation of measures of system performance. Arrival and
service rates are modeled as time-varying Poisson processes
with fuzzy parameters while the number of servers can change
during execution time depending on certain problem-specific
restrictions.

In order to explore the possibilities offered by this simula-
tion methodology it was applied to a complex real world prob-
lem: the analysis of the potential impact of Electric Vehicles
(EVs) on power consumption and generation. EVs rely upon
batteries with high storage capacity to provide energy to their
engines. The need to provide adequate driving range between
recharges results in significant charging demands, which, as
the number of EVs increases, are expected to have consid-
erable impact on electric power system design and operation
[5]. While this problem has been frequently studied in the
recent past, the treatments have not been realistic and do not
consider the complexities that motivated the development of
the simulation techniques presented in this paper. In particular,
the methods presented in this work have focused on the design
of an intelligent battery charger capable of recharging the
battery in a reasonable period of time while avoiding overload
of the electric network. The methodology was applied to two
possible future scenarios, corresponding to the years 2014 and
2020, for EV-related demand in Spain.

This paper is organized as follows. Section II briefly dis-
cusses time-varying queueing systems with a variable number
of servers, arrival and service rates. The simulation method is
introduced in Section III. Section IV presents a case study of
the impact of EVs on the power grid. A real-world scenario
based on models of the Spanish power grid is analyzed in
Section V. Simulation results are shown in Section VI, while
Section VII presents the research conclusions.
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II. QUEUING SYSTEMS WITH TIME-VARYING PARAMETERS

The queueing models typically considered by QT are based
on a number of assumptions about the behavior of users and
the nature of the distributions modeling their arrival rates that
do not match the complexity of many common problems.
In many important applications, even when the arrivals are
continuous and their inter-arrival times are independent, the
system model parameters change with time and may be
dependent on the characteristics of particular users and servers.
A 24-hour calling service, for example, usually receives more
calls during the day than late at night. The system may
also need to support a mix of users that have changing
characteristics and needs that are attended by multiple servers
of dissimilar nature and number. A calling center may employ
more responders, with a different mix of skills, from 8:00 to
14:00, than, say, from 0:00 to 6:00.

The complexity of these systems leads to models that
are more difficult to analyze using mathematical tools as
evidenced by the lack of literature on queues with variable
number of servers and rates as compared with that dealing
with the behavior of queues with constant parameters. Massey
[6], Wang et al. [7], and Green et al. [8], among others, have
addressed issues related to queues having rates that change
with time. Queueing systems with variable number of servers
have been considered by Brodi et al. [9] and Ivaneshkin [10].
Going one step further and combining all three problems
considerably complicates matters [11], [12].

Beyond these issues, the use of crisp parameter values,
such as those of the exponential distributions modeling arrival
rates, is not realistic in a majority of applications since it
is difficult to collect the data required to make accurate
objective estimates, which are often provided subjectively by
an expert. These considerations have led to models where
arrival and service patterns are described using linguistic
terms or fuzzy numbers. Although this type of approach leads
to more realistic representations and has a larger number
of possible applications than conventional treatments, few
studies have been published on the topic [13]. The first effort
in this direction was that of Prade [14], who pointed out
that, in practical situations, most of the parameters are not
known exactly. In the same sense the work of Li et al. [15]
also stresses the necessity of using fuzzy queueing systems
to obtain more realistic results. Further following this idea,
Buckley [16], who later extended his work to fuzzy queueing
systems[17], introduced the concept of uncertainty in QT
discussing elementary queueing systems where arrivals and
departures follow a possibility pattern. Additional approaches
include those proposed by Kao et al. [18] and Chen et al.
[19], which adopt parametric programming methods to solve
different queueing problems, and that of Pardo et al. [13],
which dealt with queueing systems where the length of the
queue is limited and where both arrival and service rates are
fuzzy numbers. Negi and Lee [20] noted, however, that ana-
Iytical approaches can be very complicated and are generally
unsuitable for predictive purposes, leading them to propose a
simulation method in order to analyze fuzzy queues. On the
same note, Wu [21] introduced a simulation technique able

to deal with fuzzy queueing problems with time-dependent
arrivals but that cannot cope with a variable number of servers
nor with variations in service rates.

III. SIMULATION OF A QUEUEING SYSTEM WITH A
VARIABLE NUMBER OF SERVERS, ARRIVAL AND SERVICE
RATES

The simulation method proposed in this work extends that
introduced by Wu [21]. The main contribution of this new
method is the consideration of time-varying service rates, and
the dynamic modification of the number of servers. It will be
assumed that arrivals follow a time-changing Poisson process
with fuzzy arrival rate S\(t) The service rate for a customer
that starts service at time ¢ is also modeled by a varying
Poisson process with fuzzy rate i(t). The number of servers
c(t) is also function of time.

A. Notation and definitions

A fuzzy subset a of R is defined by its membership function
a: R — [0,1]. A fuzzy number [22] is a fuzzy subset of R
that satisfies the following conditions:

(i) a is normal, i.e., 3= € R such that a(z) = 1,

(ii) the alpha-cuts of a are closed intervals of R for all « €

[0, 1],

(iii) the support of a is bounded.
We denote by {®,0,®,0} the binary operations between
two fuzzy numbers a and b, representing fuzzy addition,
subtraction, multiplication and division, respectively. In what
follows, we will use these binary operators to combine also
fuzzy and crisp numbers assuming that the latter correspond to
the classical characteristic function of a crisp set. We denote
by F(R) the set of all fuzzy numbers. Finally, a function
n : F(R) — R, mapping fuzzy subsets into real numbers
is called a defuzzification function if n(x.m,m) = m, where X,
is the (crisp) characteristic function of the singleton {m} and
m is a real number.

B. Poisson processes with variable fuzzy arrival rate

In order to understand the simulation method presented in
this paper it is necessary to clarify the concepts of counting and
Poisson processes. A counting process is a stochastic process
{N:¢},~, where N; represents the number of events that have
occurred up to time ¢. A Poisson process is a counting process
such that the times between two consecutive events (inter-
arrival times) are independent random variables that follow an
exponential probability distribution with parameter .

If X; is the i-th inter-arrival time in a Poisson process,
its cumulative distribution function is F(z) = 1 — e’*. We
resort, as customary, to the application of the inverse function
F~!(u) = — In(1—wu) to generate random inter-arrival times
having an exponential distribution, where « is an uniformly-
distributed random number.!

This generation procedure must be modified to deal with
dynamic variations in the arrival rate. Let A\(¢) be the arrival

'In what follows the term “random number” is employed to indicate a
random number uniformly distributed in [0, 1].
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rate and let A be an upper bound of A(¢), that is A(¢) < A,
for all ¢ > 0. Following the work of Wu [21], we consider
a Poisson process P with constant parameter A\, and define
a counting process () to be a time-varying Poisson process
with parameter A\(¢) if whenever an event occurs in process
P, it occurs in @ with probability A(¢)/A. In order to generate
inter-arrival times for this case we resort to an iterative scheme
such as that given in Algorithm 1, which iteratively increments
the inter-arrival time until the probability \(¢)/\ is greater or
equal than a random number.

Algorithm 1: Pseudo-code used to generate inter-arrival
times in crisp QT.

Input: t: current time, A(¢): arrival rate, A:
maximum arrival rate.
Output: next inter-arrival time.

begin
s = t;
repeat
u = generate random number;
s =s - %lnu;
v = generate random number;

until v < A(s)/X;
return s-t;
end

To generalize this algorithm to fuzzy arrival rates, we employ
Zadeh’s extension principle [23] and the procedure proposed
by Wu et al. [21], thus leading to the formula g(z) =
n(—Inu @ \), to generate inter-arrival times following a
Poisson process with constant arrival rate, where A is the fuzzy
arrival rate and where « is a random number.

To extend this procedure to time-varying Poisson processes,
let A(f) be the arrival rate, and let X be its upper bound,
with n(A(#)) < n(\) for all £ with n(f) > 0. Note that we
assume here, for the sake of generality, that the time % is
fuzzy so as to be able to model events that occur around
some time. The procedure is, however, still applicable to crisp
times. We consider then a Poisson process PP with constant
fuzzy parameter ), and define a counting process @) to be a
time-dependent Poisson process with fuzzy parameter S\(f) if
whenever an event occurs in process P, it occurs in () with
probability n(A(n(f)))/n(\). Following a process analogous
to that used for the crisp case we can use the simulation
procedure shown in Algorithm 2 to generate inter-arrival times.
This algorithm iteratively increments the inter-arrival time
until the probability n(A(7(f)))/n(\) is greater or equal than
a random number.

C. Variable number of servers

The modeling and simulation of a variable number of
servers requires the consideration of additional issues, such as
the specification of the end-of-shift policy employed to handle
the customers that they are serving [12]. Two different disci-
plines can be considered: pre-emptive or exhaustive. When
employing the pre-emptive discipline a customer in service is
sent back to the queue if the server is scheduled to leave, while
in the exhaustive discipline it is assumed that servers always
complete the current job before leaving. If an estimate of the

Algorithm 2: Pseudo-code used to generate inter-arrival
times in FQT.
Input: #: current time, X@): arrival rate, A:

maximum arrival rate.
Output: next inter—arrival time.

begin
s=t;
repeat

u = generate random number;
=58 (-lnuod);
v = generate ragdom number;
until v < n(A(n(8)))/n(A);
return §O6+%;
end

service time, or the actual value, is available, it is possible
to use a third discipline, that we will call refuse discipline.
In this case a server only accepts a customer if the server
will not leave before the service process is completed. This
new discipline can be useful when service times are known in
advance or when servers are not allowed to stay longer than
their scheduled time, as is the case in the problem that will be
studied in Section IV. The simulation techniques discussed in
this paper are able to deal with these three disciplines.

Turning now our attention to the modeling of a variable

number 7 of servers let §;, fi, i =1,...,n, denote the times
when a server starts and ends being available, respectively.
Handling of users by servers is dependent on the particular
end-shift discipline:

(i) when a pre-emptive discipline is used, the user is directly
assigned to the server. When the server is scheduled to
leave, the user is reinserted in the queue and its service
time is reduced by the amount of time spent on the server

(i) if an exhaustive discipline is employed, the user is

assigned as in previous case but the server remains
operational until the service is provided

if a refuse discipline is utilized, it is necessary to check,
before assigning a user to a server, if the server will
be able to provide in time the total service required. If
that is the case, then the user is assigned to the server,
otherwise the user waits in the queue.

(iii)

In some problems, such as the one discussed in Section IV,
additional constraints further restrict the assignment of users
to servers. In applications involving power generation, for
example, constraints on maximum power consumption or on
the rate of consumption may prevent the addition of new
servers.

D. Simulation techniques

The simulation method is based on the random generation of
five classes of random events: arrivals, departures, allocations,
start-of-server-shifts and end-of-server-shifts. Arrivals are se-
quentially generated by means of Algorithm 2, employing
a time-varying exponential distribution with fuzzy parameter
A(t). In a similar fashion service times are generated, when-
ever specific users are assigned to a server, following a time-
dependent exponential distribution with fuzzy parameter [i(t).
Allocation events are created whenever users can be assigned
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to a server taking into account applicable service restrictions.
Allocation and service times, together with service policies
and restrictions, determine when a user leaves the system, thus
resulting in a departure event. Start-of-server-shift and end-of-
server-shift events are generated at times §;, ﬂ

The skeleton of the simulation method, described by Algo-
rithm 3, features an initialization procedure and a loop that
handles the next event according on its type. The initialization
procedure entails setting initial values for the variables £,
T, ta, tp, tr, tg and tp, that represent current time, end
time, next arrival time, next departure time, next allocation
time, next time when a server starts working, and next time
when a server stops working, respectively. Other important
variables that do not appear explicitly in Algorithm 3 but that
are processed by its ancillary techniques are Queue, which
represents the list of users that are waiting to receive service
independently of the chosen queue policy, Service, which is
the list of users that are using a server, S\(t), which corresponds
to the parameter of the time-varying exponential distribution
that controls inter-arrival times; and /i(¢), which represents the
fuzzy rate of the exponential distribution that generates service
times.

Algorithm 3: Pseudocode for the simulation method.

begin
initialize();
while () < n(T) do
if n(ta) <n(tp) AND n(ta) <n(tr) AND
n(ta) <n(ts) AND n(ta) <n(tr) then
handleNewArrival () ;
end
else
it n(fp) < n(iL) AND n(ip) < n(is) AND
n(tp) <n(tr) then
handleNewDeparture () ;
end
else
if n(tr) <n(ts) AND n(tr) <n(tr) then
handleNewAllocation () ;
end
else
if n(ts) < n(tr) then
handleNewServerStart () ;
end
else
handleNewServerFinish () ;
end
end
end
end
end
end

The procedure to handle a new arrival is described by Al-
gorithm 4. Users are first added to the queue but are not
assigned to servers until it is determined that free servers are
available and that assignation to a free server will not violate
problem-specific restrictions. If there is a free server the algo-
rithm generates an allocation time that meets such constraints.
Section IV presents an example of such calculation. The next
arrival is then generated by the time-varying Poisson process.

Allocation events are managed by Algorithm 5. This process
simply involves computing the service time for the first user
in the queue according to the queueing discipline and the

Algorithm 4: Pseudocode for the handling of arrivals.

begin
Add task to Queue;
if There is any free server then
fL:GenerateAllocationTime 0);
end
ta=Generate next arrival time using _
exponential distribution with parameter A(t);
end

time-varying nature of service time. If the end-of-shift policy
is pre-emptive or exhaustive, the user can then be assigned
to the server without any further considerations. If, on the
other hand, the policy is refuse, each free server is checked
to determine if it is able to provide service for the required
service time. In that case the user is allocated to the server,
otherwise an allocation event is not generated. The allocation
process is continued if there are still waiting users and free
servers capable of satisfying the problem-specific constraints.

Algorithm 5: Pseudocode for the handling of allocations.

begin
Obtain first task from Queue;
if task has not been previously allocated then
Generate service time using exponential
distribution with parameter f[(t);
end
if Policy is pre-emptive or exhaustive then
Remove task from Queue;
Add task to Service;
end
else
if If any free server can guarantee full service then
Remove task from Queue;
Add task to Service;
end
end
if Queue is not empty then
if There is any free server then
EL=GenerateAllocationTime )
end
end
end

Algorithm 6 handles departure events. Users that have
been served are eliminated from the list of users of the
corresponding server after recording important data about their
service, including arrival, waiting, and service times. Servers
scheduled to leave are also removed from the list of available
servers. If the server remains available, then it is assigned
to the first user in the queue taking into account end-of-shift
policy constraints. The procedure ends by computing the next
departure time.

Algorithm 7 shows the procedure employed to manage the
start of a server’s shift. New servers are added to the service
queue and the value of g is updated to record the time when
the sever becomes available, thus creating a new start-of-
server-shift event. Finally, if there are users in the queue, a
new allocation event is generated since a new server has been
created and, hence, it is free.

Algorithm 8 manages the end of a server’s shift. If a server
is free, it is removed from the list of available servers. If the
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Algorithm 6: Pseudocode for the handling of departures.

begin
Store task dataj;
Remove task from Serwvice;
if server was scheduled to finish its shift after this task then
Remove server from the list of available
servers;
end
else
if Queue is not empty then
Obtain first task from Queue;
if task has not been previously allocated then
Generate service time using
exponential distribution with
parameter f[i(t);
end
if Policy is pre-emptive or exhaustive then
Remove task from Queue;
Add task to Service;
end
else
if If any free server can guarantee full service then
Remove task from Queue;
Add task to Serwvice;
end
end
end
end
fD=finish time of the next finishing task;
end

Algorithm 7: Pseudocode for handling the start of a
server’s shift.

begin
Add the server to the list of available
servers;
fs = moment at which next unavailable server

starts its shift;
if Queue is not empty then
t;=GenerateAllocationTime () ;
end
end

server is not free, the treatment of the event is dependent
on the end-of-shift discipline. In the case of an exhaustive
discipline, the service continues until its scheduled termination
time, when the server is removed. If, on the other hand, the
chosen discipline is pre-emptive, the server is removed and
the user is returned to the queue although its service time is
reduced by the service time already provided.? Finally, the
value of £ is updated to determine the time of a new end-of-
server-shift event.

Information collected during the simulation permits to com-
pute service-quality measures such as the size of the queue and
the number of servers at specified points in time.

E. Computational complexity

Estimation of the computational complexity of the simula-
tion procedure presented in this paper is an important issue
which, unfortunately, is difficult to treat in a formal way for
the same reasons that prevent the derivation of mathematical
expressions describing the behavior of such a complex system.

2When the discipline is refuse it is impossible for a server to be occupied
when its removal time arrives.

Algorithm 8: Pseudocode for handling the end of a
server’s shift.
begin
if server is free then
Remove server from the list of available
servers;
end
else

if Policy is exhaustive then
Schedule server to finish its shift
after task completion;

end

else //The policy is pre-emptive
Reduce task’s service time by the
amount of time spent in the server;
Add the task to Queue;
Remove server from the list of
available servers;

end
end
fp = moment at which next available server
finishes its shift;

end

Furthermore, the algorithms described in previous sections are
stochastic in nature as they rely on Montecarlo approaches
and, as such, their own behavior can only be adequately
described through statistical measures. In consideration of
these difficulties an empirical complexity estimation has been
carried out in the context of the problem of prediction of the
impact of EV recharging on power networks. The results of
this study are discussed in Section VI-E.

IV. A CASE STUDY: IMPACT OF ELECTRIC VEHICLES ON
POWER GENERATION AND TRANSPORTATION

This Section is devoted to the application of the modeling
and simulation approach discussed in this paper to the predic-
tion of the impact of EV recharging on the Spanish electric
network. The particular problem motivating this study was the
design of a system of intelligent battery chargers capable of
recharging the battery in a reasonable period of time while
avoiding overload of the power network. To meet the latter
requirement the chargers need to know the non-EV and EV
demand at every instant in time. Because of design considera-
tions the chargers cannot communicate with any agent capable
of delivering this information thus necessitating the a-priori
production of detailed, reliable, and timely information about
network load and user behavior.

A. Previous studies of the impact of EVs

Growing concerns about air pollution and climate change
have motivated the search for transportation solutions that re-
duce emissions and dependence on fossil fuels. EVs have been
developed and produced as a solution to this problem [24],
[25], [26]. The main disadvantage of EVs is, however, their
dependence on batteries with high energy storage capacity and
significant recharging requirements. These requirements may
potentially lead to major demands for power as the number of
operational EVs increases.

The problem of analyzing the potential impact of EVs on
power consumption and generation has been studied in the
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recent past although the underlying approaches have ignored
significant aspects of the recharging process. An interesting
review of this topic may be found in the work of Wang et al.
[27]. Early works on this problem assumed that users would
prefer to recharge their vehicles during off-peak hours, that
is, when the global power demand is lower, as exemplified by
the studies of Denholm and Short [28], Scott et al. [29], and
Parks et al. [30], who assumed that the recharging process
would be controlled by energy producers. It is reasonable,
however, to assume that drivers will plug their EVs when it is
more convenient for them. In this regard the works of Hadley
and Tsvetkova [24] and of Hadley [24] are more realistic.
These approaches, however, rely on simple assumptions to
approximate EV energy requirements such as considering that
all vehicles will recharge at the same time starting from
completely depleted batteries. More recently, authors have ob-
tained more accurate estimates [31], [32] using either analytic
or stochastic methods, which take into account user habits
represented by distributions of arrival times and average trip
distance. In spite of these advances methodological limitations
of these approaches strongly suggest that the problem might be
better approached by sophisticated approaches such as FQT.

Fuzzy Queueing Theory provides better tools to handle

the multiple sources of uncertainty that characterize the EV
recharging problem such as the nature of the client-arrival
process and the recharging time needed by each user. These
processes depend on time, since, for example, it is reasonable
to expect that most users will start charging their EVs when
they arrive home at night. In this work we estimate parameters
associated with such uncertainties because of the current lack
of empirical evidence on the behavior of EV users.

In addition, the number of available servers also varies with

time, being limited by two variables:

(i) the maximum power demand that the grid can support,
which is a function of the total amount of power capable
of being safely allocated to all energy users,

(i) the maximum power slope, which, again, reflects limita-
tions of the power system in rapidly adapting to surges
in user demand.

These constraints demand a complex, realistic, simulation
approach based on the application of techniques such as those
provided by FQT.

B. Analysis of the impact of EVs

In EVs the battery is the only device capable of storing
energy being, at the same time, the component with the
highest cost, weight and volume [26]. A battery converts
chemical energy into electrical energy required to power the
vehicle systems. Battery recharges reverses this process thus
consuming electrical energy.

The need to recharge EVs adds to existing requirements
imposed on the power grid by other consumers of electrical
energy. Existing electrical power systems have been designed
to respond to instantaneous consumer demand. This non-EV
demand depends on factors such as temperature, time of day,
or season. Figure 1 shows a curve depicting typical variations
in the hourly demand to the Spanish power network. Two

valleys may be observed, at night and afternoon, when demand
falls due to lesser consumer activity, while demand peaks when
users are more active in the morning and evening. In addition,
this curve also shows an estimate of the total demand (EV
plus non-EV) on the network.

This Section is concerned with the application of FQT to
estimate the global impact, at a country or state level, of
EV demand placing emphasis on undesirable consequences,
such as inability of the power system to meet EV recharging
requirements.

Total demand

Power

T

Non EV demand

Time

Fig. 1. Typical non-EV Demand and typical Total Demand for Spain.

C. Modeling the EV recharging process as a queueing prob-
lem

To model the process of recharging EVs it is necessary
to analyze its characteristics, which include the nature of
the arrival process, the service time distribution, the number
of servers, the number of places in the system, the system
population, and the queue discipline. It is assumed that there
exists a central controller capable of delaying recharges. This
controller is assumed to know the energy required by each
user (and, therefore, its expected service time) and the non-
EV demand at any moment in time, including future accurate
predictions. This process is illustrated in Figure 2.

IN A(t)

Service g

queue

—» OUT

Total demand

Power

Non EV demand

v

Time

Fig. 2. EV recharging process as a queueing problem.

It is assumed that a new user arrives to the system when he
plugs his EV to recharge its battery. Inter-arrival times are
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assumed to be independent random variables that follow an
exponential distribution with a time-dependent fuzzy param-
eter S\(t) It is also assumed that the service required is that
needed to completely recharge the battery from its state at
arrival time. Service times are assumed to be random variables
following a fuzzy exponential distribution fi.

In our treatment each recharger is a virtual entity corre-
sponding to the amount of power available to recharge some
EV for the required time (i.e., the service time). All servers
are assumed to be capable of delivering the same amount of
power. At any moment in time only some servers may be
actually available as the electrical network imposes restric-
tions related to its maximum allowable power demand and
maximum allowable instantaneous changes to power demand
(i.e., maximum slope).

The times when servers start and end of their shift depend
on the non-EV demand n, and maximum allowable demand,
dmaz- The number of servers available at each moment is the

difference between non-EV demanél and maximum demand di-
max

vided by the server power s, i.e., " At the beginning

of the simulation the number of available servers depends on
the initial difference between maximum demand and starting
non-EV demand. If, later, this difference increases as much
as that of the power capable of being delivered by a server,
then that server becomes available. Correspondingly, if the
difference decreases enough a server is scheduled to finish its
shift. The server being removed is chosen using a last-in first-
out discipline, that is, the last server made available is the first
that leaves. This procedure simplifies the allocation of tasks
with a long service time. The total number of servers is the
maximum possible value of available servers.

Allocation of users to servers depends on the total demand
for power (including both non-EV demand and EV) and
maximum slope allowable for that demand. When a user
enters the system it is allocated an available server as soon
as the increment in power demand does not exceed the
maximum allowable power slope, 1m,,4,. Algorithm 9 shows
the procedure that assures that this constraint is not violated.

The instantaneous slope of the demand curve is given by
Ad(t
m = J where d(t) and t represent total instantaneous

demand and time, respectively. The method searches for the

smallest At that makes m less or equal than m,,q., or
d(t

At > J Straightforward solution of this inequation is,

m b’
however, not simple since Ad(t) depends on t. To solve it the

Algorithm iteratively recalculates At until it converges to a
stable value. This iterative search starts from the last server
departure or assignation of a user to a server since that was
the last time at which demand changed. Note that it is not
possible to allocate a user to a server before the current time,
so At will be, at least, the difference between the current time
and the last time at which demand changed. The refuse end-
of-shift policy was chosen in our simulation due to the need to
avoid stability problems if strict maximum demand constraints
are violated.

In this problem there are no restrictions on the maximum
number of customers allowed in the system including those

Algorithm 9: Pseudocode for the calculation of the allo-

cation time of a user to a free server.

begin
lastAllocationDemand = Obtain Non-EV Demand at
the time when last task was allocated;
lastAllocationDemand += Number of servers =
Power used by a server;
demandAfterAdding = currentDemand + Power used
by a server;
while possible time is not stable do

possible time =
t” @ ( demandAfterAdding—lastAllocationDemand)

’

mazxzimum demand increment
demandAfterAdding = prediction of demand
at time possible time + (Number of server
+ 1) » Power used by a server;
end
return possible time;
end

being serviced. Similarly there are no constraints on the size
of the user population although the number of EV owners may
be bounded. This assumption is valid since it is reasonable to
expect that, during the whole simulation, the actual number of
users in the queue will be much lower than the total number
of EVs. This conjecture was, in fact, found to be true in our
simulations as the number of users in the queue never went
above 30% of the total number of EVs.

To close this Section we must note that our simulations
employed a slightly modified version of the first-come first-
served queueing discipline, which selects the first user in
the queue who does not violate any restriction. This policy
guarantees that the queue will not be blocked by users with
very demanding requirements while being also fairer to those
users who arrived first, since, as soon as they do not violate
any condition, they can start charging.

V. STUDY OF THE IMPACT OF EVS ON SPANISH ELECTRIC
NETWORK

The estimation of the potential impact of EVs on the
Spanish electric network requires the estimation of several
model parameters, including non-EV demand, arrival rates,
and service times.

A. Prediction of non-EV demand

The first parameter studied was the electric demand in
environments where EVs are not currently present. REE is
the Spanish organization in charge of controlling power net-
works. This organization periodically publishes information
about hourly demand to the power grid. From this historical
database, we extracted daily demand data for every day
between 2005 and 2010. Each data point was a 24-dimensional
vector representing hourly demand during the day. Application
of fuzzy clustering techniques [33], specifically fuzzy c-means
[34], produced a fuzzy partition with six clusters having
prototypes shown on Figure 3.

Cluster 6, corresponding the highest demand scenario, was
employed in the simulation. A set of 24 Mamdani rules,
each corresponding to one hour of the day, was generated to
represent the prototype of this cluster. The antecedent of each

Copyright (c) 2013 |EEE. Personal use is permitted. For any other purposes, permission must be obtained from the IEEE by emailing pubs-permissions@ieee.org.



Thisisthe author's version of an article that has been published in this journal. Changes were made to this version by the publisher prior to publication.
The final version of record is available at http://dx.doi.org/10.1109/TFUZZ.2013.2278407

TABLE 1
PERCENTAGES OF DISPLACEMENT BY TIME FRAME.

From 4:01 From 7:01 From 8:01 From 9:01 From 12:01 From 15:01 From 18:01 From 21:01 From 0:01
to 7:00 to 8:00 to 9:00 to 12:00 to 15:00 to 18:00 to 21:00 to 0:00 to 4:00
Total 3.6% 6.5% 8.7% 14.4% 20.9% 21.4% 19.2% 47% 0.8%
Home 4.6% 2.0% 6.6% 31.7% 67.7% 38.8% 67.1% 74.9% 83.6%
Workplace 85.0% 65.6% 30.4% 9.4% 10.1% 11.6% 1.9% 3.4% 4.7%
C. Service rate [i
---cluster 1 - cluster 2 --cluster 3 - cluster4 —cluster 5 —cluster 6 . -
The time ¢ necessary to fully charge an EV may be
45000 expressed as ¢ = b @ p, where b is its total energy recharge
40000 requirement and p is the power level of the recharger. The
35000 total recharge need b was estimated from Movilia data about
£ 30000 the average distance traveled per day, while the consumption
S 25000 per unit of distance was specified by EV manufacturers.> We
% 20000 assume the charge level p was 3.5 kW. The service rate [ is
& 12882 then calculated as 1@ ¢. The value employed in the simulation
is shown in Figure 4.
5000
0
12345678 9101112131415161718192021222324 2
Time (h) 1
o 08
. g 06
Fig. 3. Prototypes of demand clusters. §
=

rule was a triangular fuzzy set with support h — 1, h, h + 1,
where h is the hour, while the consequent represented the
power demand corresponding to the cluster prototype.

B. Arrival rate \(t)

We assume that recharging occurs either at home or at the
workplace where it is easier to install a recharger. It is also
assumed that recharge requests are made immediately after ar-
riving since it is then convenient to plug the vehicle. Estimates
of arrivals were derived from Movilia [35], a study sponsored
by the Spanish Ministry of Public Works, which analyzes
the mobility patterns of Spanish citizens. We have employed,
in particular, statistics about displacements grouped by time
frame and, among them, those having arrival destinations at
either home or workplace. These data are shown in Table 1.

Estimation of the arrival rate S\(t) requires also knowledge
about the number of daily displacements of EV users. We
assume that EV users behave as the average Spanish citizen,
who travels 3.3 times a day. From this value and an assumed
number of total EVs it is possible to approximate the number
of vehicles recharging on each time frame as A\(¢) = n * 7
d(t) = (h(t) + w(t)), where A(t) is the estimated proportion
of displacements at each time frame, n is the total number of
EVs, d is the proportion of displacements per time frame, 7 is
the number of trips per day, and h and w are, respectively, the
proportion of displacements heading home and workplace. As
these crisp values are approximate estimates of arrival rates it
is more realistic to model them by means of triangular fuzzy
sets defined by the points (0.85A(%), A(t), 1.15A(¢)).

04

02

Fig. 4. Fuzzy set modeling average service time.

D. Other parameters

Finally, maximum power demand was estimated as 43.58
GW, corresponding to an increment of 2.5% above the maxi-
mum value of non-EV demand, while the maximum demand
slope utilized in the simulation was 7.1 GW/h, equal to the
maximum slope observed between 2005 and 2010.

VI. RESULTS

This Section is devoted to the discussion of simulation
results involving two scenarios: the first involving expected
conditions in 2014, when the Spanish Ministry of Industry,
Tourism and Commerce [36] projects a number of about
250,000 EVs in Spain, while the second employs the corre-
sponding prediction for the year 2020 when the number of
EVs is projected to be 2,500,000 [37].

We compare our simulation approach with two related
methods capable of dealing with complex queueing problems,
those of Negi and Lee [20] and Wu [21]. For the sake of
convenience, we will refer to these approaches as Negi and
Wu, respectively, while that presented in this paper will be
called VANSAS.# Negi, one of the initial efforts to employ
FQT, simulates fuzzy queues with constant fuzzy arrival and

3In our simulation we considered only one type of EV with the worst
consumption among all those specified.
4Short for VAriable Number of Servers, Arrival, and Service rates
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TABLE 11
RESULTS FOR SCENARIO 1

L, L T T, Constraint violations
Negl 0.0 (0.0) 12000.5 (8660.3) 28.41 min (18.5) 00s (0.0) -
Wu U (0.0) 18990.9 (11651.7) 54.3 min (54.3) 0.0 s (0.0) 16388.1 (133.5)
VANSAS 2.7E-03 (0.2) 18973.1 (11627.9) 54.3 min (54.3) 0.2s (1.4) -
TABLE III
RESULTS FOR SCENARIO 1
L, L T Ty Constraint violations
Negl 14.5 (293.6) 113575.8 (73711.3) 27.6 min (16.3) 0.2s (3.6) -
Wu 15070.2 (24306.4) 204708.7 (107189.6) 58.6 min (71.8) 258.3 s (1696.1) 246885.0
VANSAS 0.4 (3.1) 189843.7 (116312.7) 54.3 min (54.3) 02s (1.3) -

service rates and a fixed number of servers. Wu, which allows
a higher degree of flexibility, allows also variable fuzzy arrival
rates. VANSAS further generalizes these methods, being capa-
ble of handling changing fuzzy arrivals and service rates, and
a variable number of servers. Furthermore VANSAS allows
treatment of complex restrictions on the assignment of users
to servers.

A. Parameters for Negi and Wu

The service rate employed in our Negi comparison simu-
lation is the same as that used in VANSAS. Negi’s method
does not permit, however, to specify variable number of
servers, arrival and service rates, thus making it necessary
to define constant values for these parameters. To cover
the range of possible arrival rates we have represented it
as a triangular fuzzy set defined by the minimum arrival
rate, median arrival rate, and maximum arrival rate, which
were obtained from the values given in Section V-B. The
number of servers was computed as the difference between
the maximum non-EV power demand and the maximum total

power demand divided by the power provided by a charger,
: maxTotalDemand—maxzNonEV Demand

1.e.., . PowerCharger , or 35.4,048 SErvers.
This estimate, which corresponds to the maximum number

of users that can simultaneously recharge while guaranteeing
system stability, takes into account the restriction on maximum
power demand. The maximum-slope constraint cannot be
modeled in Negi.

In our comparison simulation employing Wu we have
employed the same arrival and service rates as for VANSAS.
The number of servers was the same as that employed with
Negi.

B. Scenario 1: 250,000 EVs

This Section presents simulation results for the first sce-
nario focusing on four important parameters characterizing
performance of the queuing system: the expected number of
users waiting in the queue (L), the expected number of users
in the system (L), the expected waiting time (7j) and the
expected total time spent in the system (77). We indicate also
the number of times that the maximum-slope constraint was
violated. Results are shown in Table II, showing average values

and standard deviations (as subscripts) after 1000 simulations
with Negi and 100 days of simulation employing Wu and
VANSAS. Constraint violations are given in number of times
per day.

The results obtained, for waiting users and waiting times,
employing Wu and VANSAS are similar, while those of
Negi are significantly different. These large differences in
estimates—even when the same fuzzy service rate was em-
ployed in all approaches—are due to the inability of Negi
to deal with Variable arrival rates, thus underestimating the
number of users in the system, and, in addition, differences
in the methods employed to represent fuzzy numbers. Negi
favors generation of values around the point with maximum
membership while Wu and VANSAS tend to produce values
around the point obtained by defuzzification.

The estimates for expected number of waiting users and
waiting time are, on the other hand, very low for all approaches
as the system can easily cope with 250,000 EVs. The results
for VANSAS, however, show values that are slightly higher
than zero since it is the only approach that takes into account
the maximum-slope demand. Wu violated, on the average,
this constraint more than 16,000 times on a simulated day.
The corresponding number cannot be computed for Negi, due
to its reliance on theoretical analysis of queues with variable
parameters.

C. Scenario 2: 2,500,000 EVs

The large increase in the number of EVs potentially imposes
serious demands on the system. Results obtained for this
scenario are shown in Table III.

Negi estimates, at every point in time, a very low number
of users waiting in the queue, which is higher than VANSAS’s
but lower than Wu’s. Further examination of methodological
behavior shows, however, that is due to the restriction that
limits maximum system demand. This value is also likely be
an overestimation, as compared with VANSAS, since Negi (as
is also true of Wu) is unable to deal with a variable number of
servers. The total number of users L is again underestimated
for the same reasons discussed in the previous Section. The
expected total time in the system is similar to that of Scenario 1
since the expected waiting time is very small. It is important to
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Fig. 5. Results for Scenario 1.

note that some of the simulations by Negi were non-stable (20
out of 1000) since demand and queue grew without bounds.

The expected number of queued users in Wu is very high,
unlike that obtained using VANSAS, leading to question
Wu’s assumption that the number of servers is constant. This
number was set, to prevent instability, as that of the servers
available when the non-EV demand was at its highest. At
other moments, particularly when the demand is much lower,
the number of available servers is higher—a situation that
cannot be modeled in Wu—Ileading to questionable results
about unnecessary waiting times when there are more arrivals.
The same considerations indicate that the expected waiting
time computed by Wu, around 4 minutes, is too high, as also
reflected in the total number of users and waiting times, which
are higher than those produced by VANSAS. Furthermore,
the large number of daily violations of system constraints
clearly shows the inapplicability of Wu’s method to this type
of problem.

D. Analysis of the results from the perspective of the electric
network

We turn now our attention to the analysis of simulation
results from the perspective of total demand on the electric
network. Special attention has been paid to waiting times as
they are an indicator of network saturation problems while
suggesting potential issues with charger design and behavior.

1) Scenario 1: 250,000 EVs: The results of the simulation
for the first scenario are shown in Figure 5. Figure 5 a)
illustrates power demand, comparing demand non-EVs and
total (non-EV + EV) demand. Figure 5 b) shows the number
of customers that are being served and that of those waiting
in the queue. The number of available servers changes during
the day having its highest value at 15:00 when a large number
of clients return home. The network impact of 250,000 EVs
is, however, quite negligible from a global perspective. As
shown in Figure 5 c), showing user waiting times (one point
representing one user), the number of waiting users is nearly
zero. The maximum waiting time is very small around 25
seconds. From a design viewpoint these results imply that, at

b)

4 5 60 65 T2 T8 B4 W
time(h)

c)

least under the assumptions of this scenario, it is not necessary
to provide the charger with any form of intelligent behavior.

2) Scenario 2: 2,500,000 EVs: The results for projected
values for the year 2020 are shown in Figure 6. Figure 6 a)
illustrates the results for EV demand. A tenfold increase in
the projected number of EVs clearly leads to a much larger
demand. Results about number of servers and queue size,
shown in Figure 6 b), are very similar to those obtained for
Scenario 1. The time pattern followed by the number of servers
is similar to that of the previous scenario although the number
of servers is now ten times larger. The increment in the number
of EVs does not, however, dramatically affect queue size,
which remains very low as seen in Figure 6 c). Although the
number of waiting users is larger, as seen by the increase in the
density of points, the maximum waiting time remains around
25 seconds.

From a global perspective, results from both simulations
show that EV demand will not dramatically affect the Spanish
electric network. Demand peak values will be obviously higher
but this growth in demand will be gradual, thus permitting en-
ergy producers to adaptively minimize impact on the network.
These results also lead us to conclude that intelligent chargers
will not be required to prevent network crashes.

E. Empirical estimation of computational complexity

To estimate empirically the computational complexity of the
simulation we studied the empirical behavior of execution time
with respect to simulated time and number of EVs.

Figure 7 a) shows the dependence of execution time on
simulated time. Ten simulation runs, each involving 100,000
EVs, were conducted for simulated times ranging from one
to ten days. Each data point corresponds to the average run
execution time in milliseconds for each simulated time. In
addition, a linear trendline (dashed red line in the figure)
was found to approximate the results with sufficient accuracy
(R? = 0.9998), indicating that the execution time increases
linearly with respect to simulated time.

Figure 7 b) displays empirical dependence of execution time
on number of EVs. Ten simulation runs, each involving one
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Fig. 7. Analysis of complexity with regard to simulated time and vehicles.

simulated day, were conducted for vehicle numbers ranging
from 100,000 to 1,000,000. Each data point corresponds to the
average run execution time in milliseconds for each number
of EVs. These results can be approximated with sufficient
accuracy by a quadratic function (R? = 0.9995), showing a
O(n?) dependence of simulated times on the number of EVs.

VII. CONCLUSIONS

An important class of queuing problems is characterized
by features that prevent their analysis employing analytical
approaches. These peculiarities include several time-varying
parameters including arrival rates, service rates, and number
of servers. Values of these parameters are typically only known
in an imprecise and uncertain manner. Furthermore, server
behavior is subject to complex restrictions on system capacity
and stability. In this work we introduce a new FQT simulation
approach that considers these difficulties, which were only
partially addressed by prior efforts.

This approach was applied to an important practical prob-
lem, the estimation of future demand, on the Spanish power
grid, for electric-vehicle recharging. In this problem, arrival
and service rates fluctuate during the day depending on user
preferences and power availability. The latter parameter also
determines the number of available servers, which is, therefore,

b)

also time-dependent. Lack of empirical data, due to lack of
prior experience with massive EV recharging, is the source of
uncertainties about system parameters. The nature of power
generation systems also imposes constraints on service behav-
ior.

We have compared our results to those obtained by two
other FQT methods. Although straightforward comparison
between methodologies with different scopes and limitations is
not simple, the results obtained show, nonetheless, significant
consistencies—empirical differences being easy to explain as
prior efforts lacked the required generality or violated behavior
constraints. We have also studied computational complexity by
examining the dependence of execution time on key system
parameters, which show that the approach is capable of coping
with foreseeable increases on system size. We further conclude
that it extends, in substantive ways, the applicability of FQT
while producing realistic estimates of system behavior. This
study is an important step in the modeling of queuing systems
characterized by complex behavior under complex constraints.
Future improvements can be expected as methods for the
analysis of fuzzy systems improve and availability of empirical
data suggests enhancements to modeling techniques.
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