University of Kurdistan
Dept. of Electrical and Computer Engineering
Smart/Micro Grid Research Center
smagrc.uok.ac.ir

An on-line PSO-based fuzzy logic tuning approach: Microgrid frequency
control case study

Babahajyai P, Habibi F, Bevrani H

Published (to be published) in: IGI Global

publication date: 2014

Citation format for published version:

Babahajyai P, Habibi F, Bevrani H (2014) An on-line PSO-based fuzzy logic tuning approach:
Microgrid frequency control case study. Handbook of Research on Novel Soft Computing Intelligent
Algorithms: theory and Practical Applications. P. Vasant (Ed), Chapter 20, pp. 589-616, |Gl Global,
USA.

Copyright policies:
e Download and print one copy of this material for the purpose of private study or research is permitted.
o Permission to further distributing the material for advertising or promotional purposes or use it for any profit-
making activity or commercial gain, must be obtained from the main publisher.

e If you believe that this document breaches copyright please contact us at smgrc@uok.ac.ir providing
details, and we will remove access to the work immediately and investigate your claim.

Copyright © Smart/Micro Grid Research Center, 2016


http://smgrc.uok.ac.ir/
http://dx.doi.org/10.1109/TSG.2016.2582804
mailto:smgrc@uok.ac.ir

Handbook of Research
on Novel Soft Computing
Intelligent Algorithms:

Theory and Practical
Applications

Pandian M. Vasant
PETRONAS University of Technology, Maylaysia

Volume |

A volume in the Advances in

Computational Intelligence and Robotics InformatlonSCIence
(ACIR) Book Series

An Imprint of 1GI Global



Managing Director: Lindsay Johnston

Production Manager: Jennifer Yoder
Publishing Systems Analyst: Adrienne Freeland
Development Editor: Allyson Gard
Assistant Acquisitions Editor: Kayla Wolfe
Typesetter: Christina Henning
Cover Design: Jason Mull

Published in the United States of America by
Information Science Reference (an imprint of IGI Global)
701 E. Chocolate Avenue
Hershey PA 17033
Tel: 717-533-8845
Fax: 717-533-8661
E-mail: cust@igi-global.com
Web site: http://www.igi-global.com

Copyright © 2014 by IGI Global. All rights reserved. No part of this publication may be reproduced, stored or distributed in
any form or by any means, electronic or mechanical, including photocopying, without written permission from the publisher.
Product or company names used in this set are for identification purposes only. Inclusion of the names of the products or
companies does not indicate a claim of ownership by IGI Global of the trademark or registered trademark.

Library of Congress Cataloging-in-Publication Data

Handbook of research on novel soft computing intelligent algorithms : theory and practical applications / Pandian Vasant,
editor.
volumes cm

Includes bibliographical references and index.

Summary: “This book explores emerging technologies and best practices designed to effectively address concerns inherent
in properly optimizing advanced systems, demonstrating applications in areas such as bio-engineering, space exploration,
industrial informatics, information security, and nuclear and renewable energies”--Provided by publisher.

ISBN 978-1-4666-4450-2 (hardcover) -- ISBN 978-1-4666-4451-9 (ebook) -- ISBN 978-1-4666-4452-6 (print & perpetual
access) 1. Soft computing--Industrial applications. 2. Intelligent control systems. 3. Intelligent agents (Computer soft-
ware). I. Vasant, Pandian.

QA76.9.S63H35 2014

006.3--dc23

2013017606

This book is published in the IGI Global book series Advances in Computational Intelligence and Robotics (ACIR) (ISSN:
2327-0411; eISSN: 2327-042X)

British Cataloguing in Publication Data
A Cataloguing in Publication record for this book is available from the British Library.

All work contributed to this book is new, previously-unpublished material. The views expressed in this book are those of the
authors, but not necessarily of the publisher.



589

Chapter 20

An On-Line PSO-Based Fuzzy

Logic Tuning Approach:
Microgrid Frequency Control Case Study

P. Babahajyani
University of Kurdistan, Iran

F. Habibi
University of Kurdistan, Iran

H. Bevrani
University of Kurdistan, Iran

ABSTRACT

Modern power systems require increased intelligence and flexibility in control and optimization. This
issue is becoming more significant today due to the increasing size, changing structure, emerging re-
newable energy sources and Microgrids, environmental constraints, and the complexity of power sys-
tems. The control units and their associated tuning methods for modern power systems surely must be
intelligent (based in flexible intelligent algorithms). This chapter addresses a new intelligent approach
using a combination of fuzzy logic and Particle Swarm Optimization (PSO) techniques for optimal tun-
ing of the existing most popular Proportional-Integral (PI) or Proportional-Integral-Derivative (PID)
controllers in the power electric industry. In the proposed control strategy, the PI (PID) parameters are
automatically tuned using fuzzy rules, according to the on-line measurements. In order to obtain an op-
timal performance, the PSO technique is used to determine the membership functions’ parameters. The
proposed optimal tuning scheme offers many benefits for a new power system with numerous distributed
generators and Renewable Energy Sources (RESs).In the developed tuning algorithm, the physical and
engineering aspects have been fully considered. To demonstrate the effectiveness of the proposed control
scheme, secondary frequency control problem in an islanded Microgrid (MG) system is considered a
case study. The main source of power for a Microgrid is small generating units of tens of kW that are
placed at the customer site. Simulation studies are performed to illustrate the capability of the proposed
intelligent/optimal control approach.

DOI: 10.4018/978-1-4666-4450-2.ch020

Copyright © 2014, IGI Global. Copying or distributing in print or electronic forms without written permission of IGI Global is prohibited.



INTRODUCTION

Inrecentyears, with significant growth in electri-
cal energy consumption, conventional generating
units in power systems are faced into a variety
of problems, such as global warming, energy
crisis, deficiency of fossil fuels and high cost
of building new power plants and so on. Hence,
environmental concerns, reducing dependency
on fossil fuels, improvements of new energy
technologies and also enhancing the reliability
of power systems, are the factors that have been
affected on the entrance of Distributed Genera-
tion Resources (DGRs) such as wind turbines,
solar panels, fuel cells and micro turbines to
the conventional power systems in the past two
decades.

The DGs are electrical power sources which
are connected to the low voltage side of a bulk
grid (Ackermann, Andersson, & Soder, 2001).
These units generate electrical power less than
ten megawatts. Although these resources have
solved many problems, but increasing the num-
bers of them made the power systems being more
complicated. Therefore, some instructions have
been developed by different institutions on how to

Figure 1. A typical Microgrid
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connect these resources to the power system, like
the standard IEEE Std 1547-2003 as a standard
for connecting the distributed generations to the
power system (IEEE, 2003). But in recent years,
in order to increase the reliability of provided
energy needed by consumers, there is a theory
about the operation of the resources that are
connected to the power grid, which is called Mi-
crogrid (Lasseter, 2002; Lasseter & Paigi, 2004).
Microgrids are consisting of several distributed
generations, local loads and controllers that are
connected in medium/low voltage to the main
grid and supplying their local loads. Junction of
a Microgrid with the main grid is called Point of
Common Coupling (PCC). Mostly, recourses are
not connected directly to the Microgrid and this
work is done via the power electronic interfaces.
The microsources and storage devices use power
electronic circuits to connect to the MG. Usually,
these interfaces depending to the type of unit are
ac/ac, dc/ac, and ac/dc/ac power electronic con-
verters/inverters. A typical Microgrid is shown
in Figure 1.

New strategies will be opened by increasing
number of MGs for finding a more control hier-
archy/intelligence and decentralized methods

CommonBus

rcc ¢—___)—e— Maingrid
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particularly in the field of frequency regulation.
For a MG with several DG units, droop control
is one of the main control methods for keeping
frequency stability similar to the conventional
power systems. Control issues in the Microgrid
networks are well discussed in (Bevrani, Habibi,
Babahajyani, Watanabe, & Mitani, 2012). These
networks must be able to provide power to their
local loads properly in both connected and dis-
connected modes (from the main grid). When
the power system subjected with a disturbance,
the Microgrid transferred to islanding mode and
it must be able to handle itself independently.
One of the main problems facing Microgrid
designers are safely/stably disconnection of the
Microgrid from the main grid in a short time.
Hence, control of resources, particularly in the
islanded mode operation is so important, and
these resources must be able to control voltage
and frequency of the network.

Microgrids must also be able to manage their
power (and then frequency) rapidly even the pro-
duced power is lower than the required power. In
this direction, the existing storage units such as
flywheels batteries have significant roles. Since
in Microgrids, renewable energies such as solar
and wind energy, are mostly used with consid-
ering the unpredictable nature of these sources,
and also with considering the probability nature
of disturbances occurred in power systems, con-
trolling the basic parameters of the grid such as
frequency and voltage are so important.

To achieve these control objectives, in is-
landed mode operation there are several types
of control approaches which can be categorized
as central, single-agent, and decentralized con-
trols. In the central control approaches, MG has
a central control unit that collects data from all
DGs and decides for Microgrid state based on the
collected information. In load variation states,
central control unit shares extra load among all
DGs based on the information of producers. More
details about this approach are presented in (Gil
& Lopes, 2007; Lopes, Moreira, & Madureira,

2006; Madureia, Moreira, & Lopes, 2005; Yuen,
Oudalov, & Timbus, 2011).

In the single-stage control approaches, MG
has a great controllable DG for the sake of fre-
quency control issue and establishes balance
between production and consumption among
the MG. An example is given in (Marinescu
& Serban, 2009). Although in this method non
controllable generations can be also used, butthe
main problem of this approach is the high cost
of the controllable DGs and dependency of the
Microgrid stability to these sources. In decen-
tralized control attitude, each DG is controlled
through a local controller. So none of these
generations is reference, and all of them have
the same degree of controllability; then if one
of them is collapsed, the others have not been
affected. In another word each DG orlocal load is
equipped with a local controller. Some examples
are given in (Barklund, Pogaku, Prodanovic,
Hernandez-Aramburo, & Green, 2008; Datta,
Senjyu, Yona, Funabashi, & Kim, 2009; Diaz,
Gonzalez-Moran, Gomez-Aleixandre, & Diez,
2010; Ina, Yanagawa, Kato, & Suzuoki, 2005;
R.H. Lasseter et al., 2011; Pogaku, Prodanovic,
& Green, 2007). A general scheme for different
control strategies in a MG is shown in Figure 2.

In the conventional power systems, in order
to stabilize the frequency, two main control loops
are usually available, which are known as pri-
mary and secondary control loops. Following a
disturbance, an imbalance may happen between
generation and consumption. The primary con-
trol loop preserves the frequency against the
permanent droop and the secondary control loop
returns the frequency to the nominal value. Of-
ten in secondary loop, conventional PI controller
is used. Since in controller design based on the
classical methods, the systems are considered at
their nominal operating points, the synthesized
controllers are not able to provide an optimum
performance in the presence of uncertainties
including disturbances, system parameters and
load changing. Thus, due to inefficiency of the
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Figure 2. A general scheme for microgrid controls (H. Bevrani et al., 2012)
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classical methods in frequency stabilizing, ap-
plying an effective methodology to update the
controller parameters and to compensate the
impacts of the changes happened in the system,
is obligatory. Using intelligent systems, such as
a fuzzy system for on-line regulating of control-
ler parameters, can be considered as a proper
solution. This control strategy recognized as
adaptive control.

Inthischapter, afuzzy systemis used to handle
the control parameters tuning action, and as it will
be discussed later, Particle Swarm Optimization
(PSO) is used to cover the challenge of depen-
dency of the fuzzy systems to their membership
functions (Bevrani & Hiyama, 2011).

This chapter is organized as follows: a
background and literature review on the MG,
frequency control, fuzzy logic and PSO are given
in the background section. In the next section,
the MG test system is introduced. The proposed
design is enhanced by the PSO algorithm for
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adjusting the fuzzy member functions parameters
in the proposed optimal control design section.
Atthe end, simulation results, discussion, future
research directions and conclusion parts are
provided.

BACKGROUND AND
LITERATURE REVIEW

Fuzzy Logic

The concept of fuzzy logic was first proposed in
1965 by Professor Zadeh, in order to response
to the inability of the classic control theory to
covering the complex systems with uncertain-
ties and inaccuracies (Zadeh, 1965). A fuzzy
system, is a nonlinear system were based on
human knowledge, and capable to convert this
knowledge, were expressed in the form of verbal
phrases, to the mathematical rules and mapping
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nonlinear relationships between the input and
output space.

A fuzzy system is composed of four main
sections (Mendel & Mouzouris, 1997): fuzzi-
fication, fuzzy rule base, inference system and
defuzzification. Fuzzification is converting the
numerical values into the spoken expressions. In
a fuzzy system, variables are expressed in terms
of spoken phrases, so before the numerical inputs
can be applied to the fuzzy system, they should
be converted to speech values. This is done in the
fuzzification step. Generally, phrasal variables
are denoted by the number of functions or lookup
tables, called membership function or fuzzy set.
Considering these functions, or lookup tables,
it can be said that fuzzification is estimating of
an amount, usually between zero and one, which
shows degrees of dependency to each entry in
fuzzy set. Each fuzzy system works based on
a set of conditional sentences with IF-THEN
structure that has the verbal concepts (Mendel &
Mouzouris, 1997), and introduced as Fuzzy rules.
These rules are generally expressed as follows:

IFx isA,and x,is A, and ...,
THEN yis B fori=1,2, ...,n (D)

where x, and y are the input and output variables
respectively, and A. and B are the verbal fuzzy
sets. The IF part of each fuzzy rule is called
antecedent and the THEN part is called conse-
quent. Generally, these rules are extracted using
the knowledge and experience of professionals
who are working in the studied field. In fact, the
inference system can be considered as the engine
of the fuzzy system. Its duty is interpreting and
compositing the rules and imaging the inputs to
the outputs through the sets of fuzzy rules. Gen-
erally the fuzzification interface can be pointing
in accordance with the following steps (C.C.
Lee, 1990a):

1.  Measuring the values of input variables.

2. Performing a scale mapping that transfers
the range of values of input variables into
corresponding universes of discourse.

3. Performing the function of fuzzification that
converts input data into suitable linguistic
values which may be viewed as labels of
fuzzy sets.

In the defuzzification step, the inference
system output, that is a fuzzy set, is converted
to a numeric value. A fuzzy inference system
output is usually a fuzzy set that results from
the consequent of the rules. This fuzzy set must
be converted to a numeric value to be used as
the output of the fuzzy system. This is usually
done by a function in the defuzzification step.
In fact, designing a fuzzy system is reduced to
determine the parameters and functions related
to these four parts. So, according to the above
explanations, it can be concluded that in order
to design of intelligent controllers for dynamical
systems one can use the applications of fuzzy
logic. For designing a fuzzy controller, the key
point is to determine functions and parameters
that are used in the fuzzy system.

As mentioned before, fuzzification is based
on mapping the numerical amounts to fuzzy sets
with oral values. Generally, the fuzzy sets are
interpreted with membership functions (%),
that are corresponding to amounts between zero
and one, for each numerical value (x). The mem-
bership functions are usually determined by the
designer and in fact, it is optional. Different
forms are introduced for these membership func-
tions such as trapezoidal, triangular and Gauss-
ian functions (Lee, 1990a; Mendel & Mouzouris,
1997). The most common form of membership
function in fuzzy control design is the triangle
function. Actually, fuzzy rules constitute the
dynamic behavior of the fuzzy controllers (Lee,
1990a), hence play an important role in fuzzy
system. The number of rules in a fuzzy set is
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determined by the number of inputs and outputs
and the number of membership functions.

As it mentioned before, the IF part of any
fuzzy rule is called antecedent. This section is
comprised of numerous fuzzy sentences that are
combined with one or more fuzzy operators like
AND, OR and NOT. These operators combine
the membership quantities, obtained for each
inputin fuzzification step, and corresponding the
antecedent part to a numerical value that is used
to calculate the result of each fuzzy rule. Several
functions have been introduced to describe these
operators in (Lee, 1990b). The fuzzy rules are
used by the inference unit, which is a function for
applying to the numerical value obtained from
the antecedent part and providing the results of
each fuzzy rule as a transformed membership
function of the output membership functions.
One of the most common inference rules which
is widely used in the fuzzy systems, is mamdani’s
Jfuzzy inference.

In order to calculate the fuzzy output set, the
obtained fuzzy set of all fuzzy rules should be
combined, that there are several ways to combin-
ing these rules. Since the fuzzy controller output
is must be a numeric value, the obtained fuzzy
set from the combination of fuzzy rules should
be converted to a numeric value. Some common
methods of defuzzification including maximum
criteria, minimum of maximum, center of gravity
and center average are reported in (Lee, 1990b).

According to above descriptions, since the
performance of a fuzzy system is substantially
depends on its membership functions, in order to
achieve a good performance, for finding optimal
quantities for the parameters of membership
functions and fine-tuning of them, effective
optimization algorithms is necessary to adjust
their parameters. Among the available useful
algorithms in this context, the PSO can be pointed.
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Particle Swarm Optimization (PSO)

The PSO algorithm is an optimization technique
based on the probability laws, which inspired from
the natural models. This algorithm is classified
as direct search methods and is used to find the
best response of the optimization problems in a
given search space.

This algorithm was presented by Russell
Eberhart and James Kennedy in 1995, with ideas
of social behavior of birds in finding food (R.
Eberhart & Kennedy, 1995; Kennedy & Eberhart,
1995a). In this algorithm the search process can
be introduced in this way that, a group of birds is
randomly looking for food in a particular region.
There is only one area of the region that has food
and the birds are not aware of that area, but they
know their distance at each step of the searching
process. So, to get closer to the location of the
food, all of the birds are following the bird that
has the nearest distance to the food place. In this
algorithm, each bird is introduced as a particle
and all of the particles form a group or swarm.
Each particle is determined with two vectors
X(t) and V(t) that respectively represent the
location and velocity of the particle at the time
(t), and position of each particle is potentially
considered as a solution for the problem. Then, to
find the best position (the best solution) at each
time, the particles are flying around the search
area and change their speed and position. All of
the particles regulate their route based on their
experience and the others of the last moment of
flight (Tang & Zhao, 2009). In an n-dimensional
search area, position and velocity of i particle
at time t are respectively shown with the fol-
lowing vectors:
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Ateach time, particles are corresponded with
an objective value and the best positions of the
particles from the beginning to this moment have
been stored by the algorithm. The best position
for a particle, at time t, is a position which based
on that the particle has the best objective value.
The best position for the i particle up to the
time t, is represented as:

pbosti (t) = [pbcst,il (t) ) pbost,iQ (t) 70t pbcst,in (t)] (3)

The PSO also stores the best position that
is obtained by all of particles up to the time t,
which it can be shown as below:

gbcst <t) = [gbcst,l <t) ’ gbcst,? (t) 10t gbcst,n (t>] (4)

where, Xij and Vij are j™ element of the velocity

vector V and position vector X for the i particle,
respectively (Tang & Zhao, 2009). Each particle
position and velocity pair attime (t+1) is obtained
as follows:

v, (t+1) =w.v, (t) +c randl,
(Pmt (6)x,(t)) +c,.rand2,
(8 (1) - (1)) (5)

x, (t+1)=x,(t) + v, (t+1) (6)

where i=1, 2,... n is particle index, X, is the j*

dimension of the i particle position, v, is the
j™ dimension of the i particle velocity, Py 18
the j™ dimension of the best position of the i
particle at time t, g, . is the j™ dimension of
the best position that so far achieved by all of

the particles, W is the inertia weight. The rand 1ij
and ramini are two random numbers in the

interval [0 1]; ¢, and c, are training factors and

tis the time or iteration. The effect of parameters
and their recommended values are discussed in
(Eberhart, 1998).

Up to now, many search algorithms have
been proposed in order to solve the optimization
problems such as genetic algorithm, ant colony,
and bee colony. However, simplicity is the main
advantage of PSO algorithm in comparison with
other methods, especially genetic algorithm.
Several solutions have been proposed to improve
the performance of the PSO algorithm (Dong,
Wang, & Chen, 2008; Meijie, Hanxing, Weiwe,
& TongLin, 2007; Tang & Zhao, 2009).

In the present chapter, main objective is de-
signing an adaptive controller using fuzzy logic
and PSO algorithm in order to control the fre-
quency of a Microgrid in islanding mode. There
are several approaches toward the membership
function adjustment such as trial and error, and
online regulating membership function method
using a complementary optimization algorithm.
Up to now, many search algorithms have been
proposed in order to solve the optimization
problems, including Genetic Algorithm (GA),
ant colony, and bee colony. Considering the LFC
features and the previous experience on various
intelligent approaches, in the present work the
PSO is used as a flexible and powerful intelli-
gent algorithm for online tuning of membership
functions employed in the fuzzy PI controller.
The PSO is an optimization algorithm, based
on the probability laws, which is inspired by the
natural models. This algorithm belongs to class
of direct search methods and is used to find an
optimal solution for the optimization problems in
agiven search space. Basic difference of the PSO
algorithm in comparison with other intelligent
methods is in the simplicity of implementation.
Other outstanding features of the PSO algorithm
can be pointed as follows (Kennedy & Eberhart,
1995b):

e  Ituses the cost function information to nav-
igate search action in the problem space.

e Only numerical values for the cost func-
tions can be used. This feature facilitates
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the PSO to use on the non-derivative cost
functions.

° In comparison of other methods, due to
use of probability rules, more flexible and
robust control frameworks can be achieved
by the PSO algorithm.

e  The PSO provides a high accuracy result,
without using complex operations.

e It is able to overcome premature conver-
gence which increases the search action
ability.

e  Achieving to the optimal response from
any given initial search point is guaranteed.

e  The calculation time in comparison of
other optimization methods such as GA is
much less.

e  Itiseasy to use the PSO in online and real-
time optimization states.

LITERATURE REVIEW

An introduction of the DG units and their
mathematical models, such as wind turbines,
PV panels, diesel generators and energy stor-
age devices including batteries and flywheels
are presented in (Basak, Saha, Chowdhury, &
Chowdhury, 2009; Chowdhury, Chowdhury, &
Crossley, 2009).

The MG and its infrastructure reasons are
addressed in (Chowdhury et al., 2009; Lasseter,
2002; Lasseter et al., 2002; Lasseteret al., 2011;
Lasseter & Paigi, 2004). As mentioned in the
Consortium for Electric Reliability Technology
Solutions (CERTS), the MG concept assumes
an aggregation of the loads and MicroSources
(MSs) operating as asingle system providing both
power and heat. The advantages and challenges
which are caused by entrancing of the MGs into
the main grid have been studied in (Chowdhury
etal.,2009; Lasseter, 2002; Lasseteret al., 2002;
Lasseteretal.,2011; Lasseter & Paigi, 2004; Zaidi
& Kupzog, 2008). Control issues and methods
suchas PQ, VSI, Single Master Operation (SMO),
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and Multi Master Operation (MMO) methods
are presented in (Lasseter et al., 2002; Lasseter
et al., 2011; Lasseter & Paigi, 2004).

In the SMO and MMO, the voltage and fre-
quency references are respectively generated
by one Voltage Source Inverter (VSI) and multi
VSIs. In connected mode, the PQ method is used
to inject constant real and reactive powers from
DGs to main grid. In the VSI mode, the MG and
main grid are in the disconnected mode and the
MG generates voltage and frequency references
by itself.

Frequency control synthesis and analysis in
power systems has a long history and its litera-
ture is voluminous. System frequency is devi-
ated from its nominal value if an unbalancing
occurs in the consumption and generation. Two
major control loops of primary and secondary
(supplementary) are mostly used for keeping the
system frequency stability. The primary control
loop is equipped on the synchronous generator
and acts based on the droop characteristic. This
control phase prevents instability of the system
frequency due to unbalancing, but it is unable to
return the system frequency to the nominal value.
Steady state error in the system frequency profile
is compensated by a secondary (supplementary)
control loop. In the secondary control loop is
mainly used from the classical PI/PID controllers.
In (Bevrani, 2009) about the system frequency
and different control methods, some information
have been comprehensively presented. In the
context of intelligent system frequency control
several works have been so far reported as (H.
Bevrani, Habibi, & Shokoohi, 2013). In this
study, to find an optimal performance for the PI
controller, Artificial Neural Networks (ANNs)
were used as a supervisor unit to online tuning
of the controller parameters.

Most of conventional LFC synthesis meth-
odologies provide model based controllers
that are difficult to use for power systems with
nonlinearities, and uncertain parameters. On
the other hand, most of applied linear modern/
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robust control techniques to the LFC problem
suggestcomplex control structure with high-order
dynamic controllers, which are not practical for
industry practices (Bevrani, 2009).

The LFC systems and their associated tun-
ing methods for modern power systems, which
should handle complex multi-objective regula-
tion optimization problems characterized by a
high degree of diversification in policies, control
strategies and wide distribution in demand and
supply sources, surely must be intelligent. The
core of such intelligent system should be based
on flexible intelligent algorithms (Bevrani &
Hiyama, 2011; Gautam, 2010; Mazinan, 2010;
Rakhshani, 2012; Sheikh et al., 2012; Subbaraj
& Manickavasagam, 2008; Toppo, 2012).

During last few years, several reports present-
ing various control methods on the frequency
regulation, real power compensation, and tie-line
control issues, have been published. Some recent
works address intelligent control techniques for
the frequency regulation/LFC issue in the power
systems. Several studies have been already report-
ed for the fuzzy logic-based LFC design schemes
in the literature (Bevrani & Daneshmand; Rao,
Nagaraju, & Raju, 2009), some differing signifi-
cantly from each other by the number and type
of inputs and outputs, or less significantly by
the number and type of input and output fuzzy
sets and their membership functions, or by the
type of control rules, inference engine, and the
defuzzification method.

A combined LFC design method for a two-
area power system based on the PSO algorithm
and optimal output feedback control is given in
(Rao et al., 2009). In (Subbaraj & Manickava-
sagam, 2008) and (Gautam, 2010), a self-tuning
fuzzy controller with Superconducting Magnetic
Energy Storage (SMES) unit is used to perform
the LFC system in a two area power system. A
PID-based LFC scheme using the PSO algorithm
is considered in (Rakhshani, 2012) for a single
area hydropower system. (Sheikh et al., 2012)
presents the application of an improved PSO

algorithm for a PID-based LFC in a single area
power system. A combination of fuzzy logic and
linear generalized predictive control is also ap-
plied for the LFC synthesis in a two-area power
system in (Toppo, 2012.). Finally, (Mazinan,
2010) suggests a PSO based multi-stage fuzzy
controller for the LFC system under a bilateral
policy scheme.

MICROGRID TEST SYSTEM

The considered Microgrid model where used to
examine the proposed optimal control methodol-
ogy, is shown in Figure 3. This model consists
of three Wind Turbines (WT), two Fuel Cells
(FC) and one Diesel Engine Generator (DEG).
Required hydrogen for the fuel cells supplied
through an Aqua Electrolyzer (AE) unit. The AE
is used to convert a part of the generated power
from wind turbines into available hydrogen to
offer the required fuel for fuel cells. It also has
an energy storage system including a Battery
Energy Storage System (BESS) and a flywheel
energy storage system (FESS), which both are
installed at the load side. When the Microgrid
cannot responsive to the load production rate,
these sources inject an appropriate amount of
energy into the grid in a very short time. More
details on the MG test system and its parameters
can be found in (Lee & Wang, 2008).

A simplified frequency response model of
the studied Microgrid is shown in Figure 3. The
changes pattern of the output power of the WTGs
and FCs and frequency response of different

micro source units to a step load change (AP)
at the 50" second of the simulation process are
shown in Figure 4. As it can be seen, the Mi-
crogrid is not able to fully compensate the fre-
quency drop due to the step load disturbance.
Hence, a proper controller is needed to recover
the system frequency and to remove the occurred
steady state frequency error.
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Figure 3. Frequency response model of the Microgrid case study
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PROPOSED OPTIMAL CONTROL
DESIGN

Nowadays, fuzzy logic because of simplicity,
robustness and reliability is used in almost all
fields of science and technology, including solv-
ing a wide range of optimization and control
problems in power system control and operation.
Unlike the traditional control theorems, which
are essentially based on the linearized math-
ematical models of the controlled systems, the
fuzzy control methodology tries to establish the
controller directly based on the measurements,
long-term experiences and the knowledge of
domain experts/operators.

The applications of fuzzy logic in control
systems can be classified into two main catego-
ries: i) using fuzzy logic system as a dynamic
controller, i7) using fuzzy logic alone or together
with another intelligent/searching algorithm as
a primer for tuning the gains of the existing PI
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(or PID) controller. Here, in order to control of
Microgrid system frequency, second category
has been used.

Fuzzy PI control

The PI and PID control structures have been
widely used in power system control due to their
design/structure simplicity and inexpensive cost.
Among these controllers, the most commonly
used one in AGC systems is PI controller (Bev-
rani, 2009; Bevrani & Hiyama 2011). Optimal
performance of these controllers depends on
proper tuning of their coefficients, which of-
ten is practically done by using professionals’
experiences, try and error and using classical
methods. As mentioned before, by using these
classical methods, systems are considered in their
nominal operating points and thus the obtained
controllers cannot be able to adapt themselves
with probable changes and disturbances happened
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Figure 4. Frequency response of different Microgrid units to a step load disturbance

X 10'3 WTGs
4 T T T T T T T
El
22 3
o
Q
1 1 ! ! 1 1 1
40 50 60 70 80 90 100 110 120
X 10'3 FCs
T T T T T T T
? 2 W
=
a1 .
<
0 ] ! ! I ] ! !
40 5 50 60 70 80 90 100 110 120
x 10
— 4 T T T FES[S T T T
= L —
f= 2 —;/\
g 0 1 1 1 1 ! | 7]
40 3 50 60 70 80 90 100 110 120
4 x10 BESS
- T T T T T T T
s
i 2‘__/\ ]
g 0 1 1 1 1 ! I ]
40 s 50 60 70 80 90 100 110 120
x 10
L] 20 I T T D-EIG T T T
=
i 10+ — —
] 0E 1 1 ] 1 L L ]
40 50 60 70 80 90 100 110 120
System frequency
— 50 T T T T T T 7]
I
= 4901 =
< 408 | | 1 I I | |
40 50 60 70 80 90 100 110 120
— Load step
=' 0.02 L | I 1 1 I | |
=
= 0.011 -
S 0 1 1 1 1 ! !
40 50 60 70 80 90 100 110 120
Time [sec]

to the systems. So using a monitoring system for
online tuning of main control parameters (mostly
PI), in real time and accordance with system
conditions is highly needed.

In this section, in order to achieve such a
goal, a design methodology for an adaptive PI
controller is addressed. This controller has two
levels: first a conventional PI controller which is
the main controller and second, a fuzzy system
to regulate the PI controller parameters ( and )
in real time. As previously mentioned, the fuzzy
PI controller has two levels which the first one is

a conventional PI controller and the second one
is a fuzzy system. Frequency fluctuation signal
and the amount of load change perform the fuzzy
system input variables. With respect to these
inputs, the fuzzy system produces appropriate
coefficients of the PI controller as the output
variables (signals). In order to express the control
variables in the form of objective values, each
fuzzy input and output signals are corresponded
with a set of membership functions consisting
several triangular functions (Bevrani & Hiyama,
2011). Membership functions corresponding
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Table 1. The set of fuzzy rules

Af NL NM NS PS PM PL
AR
S NL NM NS PS PS PM
M Nl NL NM PS PM PM
L NI NL NI PM PM PM

to the input and output variables are named as
Negative Large (NL), Negative Medium (NM),
Negative Small (NS), Positive Small (PS), Posi-
tive Medium (PM) and Positive Large (PL). A set
of fuzzy rules including 18 rules (See Table 1)
is used to map the input variables to the output
variables. The antecedent part of each rule is
composed using the AND function (with inter-
pretation of minimum). Here, the Mamdani fuzzy
inference system is also used. For an example,
one of these rules is extracted as follows:

If Af is NSand AP is M then Output (K, or
K,) is NM.

Optimal Fuzzy Pl Control

As mentioned, in this study, the PSO algorithm
is used to achieve an optimal performance for
the fuzzy system. The optimal performance
of a fuzzy system is highly related to the pa-
rameters of membership functions. Here, the
PSO is used to tune the membership functions.
Implementation of the proposed method and the
results of simulations in MATLAB/SIMULINK
environment show a desirable performance and
efficiency of the proposed control strategy. The
block diagram of the proposed optimal tuning
strategy is shown in Figure 5.

Figure 5. The closed-loop system with optimial fuzzyPI controller
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The performance of this algorithm heavily
relies on some terms, such as cost function,
conditions for stopping the algorithm and the
initial values of algorithm parameters. The pur-
pose of this algorithm is finding the extremum
point of the cost function; if the cost function is
not properly selected, the extremum point of the
cost function cannot be considered as an optimal
solution for the problem at hand. If the stopping
conditions are not also properly determined, the
algorithm may stop before finding the global
extremum point, or because of too much inves-
tigating of the search space, the algorithm re-
sponse would be so slow, or due to not satisfying
the stop conditions, even if the extremum point
is found, the algorithm could not be able to
recognize itas the correctresponse. Initialization
of the algorithm parameters is so important,
because if they are not correctly selected, the
PSO algorithm may never converge to the extre-
mum point. What is defined as the cost function
to achieve these ends (stop points) is the deriva-
tive of the frequency changes of the Microgrid
(dAf), because if it being zero the frequency
deviation will approach to zero and the algorithm
will stop, automatically because the stopping
criterion is satisfied.

To discover the parameters tuning details
look at (Khare & Rangnekar, 2012). Generally,
for each case, the proper values of the PSO al-
gorithm parameters have been achieved by trial
and error during several simulation scenarios.

The important parameters of the PSO algo-
rithm are the number of the particles, particles
dimension, particles velocity interval (Vmax,
Vmin), ¢,, ¢, and particles placeinterval (Xmax,
Xmin).

In general, the PSO algorithm is used in ac-
cordance with the following steps:

1. Selecting the algorithm parameters includ-
ing Vmin, Vmax, N (number of the parti-

cles), ¢,; ¢,, Xmin, Xmax and W (inertia

weight) that is assumed to be 0.9 in this
study.

2. Initializing particles (X,(t),V.(t)),
randomly.

3. Initializing the P__ vectors for all of the

best

particles using the random initial values
obtained in step 2 for the position
vectors.

Updating the fuzzy system parameters using

b

particle position vector (X.(t)) and calcu-
late the fitness value for each particle using
the specified cost function.
5.  Determining the g, & using the objective
values of the particles.
Updating the inertia weight using the weight
function given as follows; where F is the
objective value of each particle (Tang &
Zhao, 2009).

o

W =[3- e 4 (— ]! (1)
100

7. Updating the particles velocity vectors V,
and position vectors X according to (5)
and (6),

8.  Updating the parameters of the fuzzy sys-
tem membership functions by the position
vector of each particle and calculating the
objective value for each particle,

9. Updating the P,  for each particle,

10. Updating the g, ; if the objective value of
the g, (t +1) is better than the objective

value of the g, (), then

gbest = gbest (t + 1) (2)
11. If the stopping condition is met, algorithm
is stopped and the optimal parameter values

are achieved, otherwise return to step 6.

The PSO algorithm can be summarized as
shown in the flowchart of Figure 6, and also, the
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Figure 6. Online PSO algorithm
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overall method is graphically shown in Figure
13 at the Appendix.

SIMULATION RESULTS

In this section, in order to study the performance
of the proposed optimal fuzzy PI controller, some
simulations have been done in MATLAB/SIMU-
LINK environment for the introduced Microgrid
test system (Figure 3). The performance of the
conventional PI, fuzzy PI, and optimal fuzzy PI
controllers are also compared in the presence of
load change disturbance.

Simulation results depict that the fuzzy PI
controller performs a better rise time and settling
time than the classical PI controller. Moreover,
covering the system uncertainties can be consid-
ered as main advantage of the fuzzy PI control-
ler due to the adaptive property of the applied
fuzzy logic, where the classical controllers will
not handle it.

However, the fuzzy PI controller provides
a quite better performance, if the fuzzy system

Figure 7. The results of applying the classical PI, fuzzy PI and optimal fuzzy PI controllers
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Figure 8. The results of applying the classical PI, fuzzy PI and optimal fuzzy PI controllers in the
presence of wind turbines outage
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membership functions are optimized. Because as
mentioned before, fuzzy system performance is
highly dependent on the employed membership
functions. As mentioned, in order to remove the
try and error element in setting of membership
function parameters, the PSO algorithm is used
to optimize these function parameters. The re-
sults of applying the classical PI, fuzzy PI and

An On-Line PSO-Based Fuzzy Logic Tuning Approach

Toinvestigate the performance of the control-
lers and their differences, clearly; previous ex-
periment is repeated, under condition of wind
turbines outage. The results are shown in Figure
8. As mentioned before, 10 particles have been
used for training the fuzzy system, which their
paths to the answers, during the simulation time,
(extremum point) are shown in Figure 9. Cost

optimal fuzzy PI controllers are compared in function has been also shown in Figure 10.

Figure 7, which the effectiveness of using the
PSO in parameters tuning can be clearly seen.

Figure 11. Frequency response under the condition of 20% changes
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Figure 12. Frequency response under the condition of 60% changes
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ROBUSTNESS AGAINST
PARAMETERS VARIATION

The MG parameters are constantly changing
and, this may degrade the closed-loop system
performance, seriously. As indicated in the
previous sections, one of the main advantages
of the intelligent control methods is robustness
against environmental and dynamical changes.
For showing the adaptive property of the PSO-
fuzzy PI controller, some system parameters, in
the frequency response model (Figure 3),1.e., the
time constants of the FESS, BESS and system
transfer functions are significantly changed. At
the first and the second scenario, the MG per-
formance is studied under changes of 60% and
20%, respectively. The closed-loop frequency
response after applying these changes to the MG
system parameters, are shown in Figures 11 and
12, respectively. Figures 11 shows the difference
between the proposed optimal PSO-fuzzy PI
controller with the others. It can be seen from
Figure 12 that the proposed method has a better
performance than the other controllers, although
the fuzzy PI controller has a better operation in
comparison with the conventional one.

FUTURE RESEARCH DIRECTIONS

Restructuring, introducing new uncertainty and
variability by asignificantnumber of DGs, RESs
and Microgrids into power systems adds new
economic and technical challenges associated
with synthesis and analysis frequency control
in both power systems and Microgrids. A key
aspect is how to handle changes in topology
caused by switching in the network and how to
make a robust frequency control system which
able to take advantage of the potential flexibility
of distributed energy resources.

A more complete dynamic frequency response
model is needed in order to frequency control
analysis and synthesis in Microgrid systems with

a high degree of DG/RES penetration. A proper
dynamic modeling and aggregation of the distrib-
uted generating units, for frequency regulation
studies, is a key issue to understand the dynamic
impact of distributed resources and simulate the
frequency functions in new environment.

Since the coming power in a Microgrid from
some DGs/RESs, specifically wind turbine is
stochastic; still it is difficult to use their kinetic
energy storage in frequency control, straightly.
Further studies are needed to coordinate the
timing and the size of the kinetic energy dis-
charge with the characteristics of conventional
generating plants.

The Microgrids of tomorrow must be able
to handle complex interactions between inter-
connections, distributed generating equipment
and RESs, fluctuations in generating capacity
and some types of controllable demand, while
maintaining security of supply. These efforts are
directed at developing computing techniques,
intelligent control, and monitoring/measurement
technologies to achieve optimal performance.
Advanced computing algorithm and fasthardware
measurement devices are also needed to realize
optimal/intelligent frequency control schemes
for Microgrids in modern power systems.

Moreover, further study is needed to define
new grid codes for contribution of Microgrid
(connected to the transmission system) to overall
power system frequency control issue. The new
grid codes should clearly impose the requirements
on the regulation capabilities of the active power
produced by microgrids and distributed sources.

DISCUSSION

The variability and uncertainty are two major
attributes of variable DGs that notably impact
on optimum power flow, power quality, voltage
and frequency control, system economics, and
load dispatch in the MG as well as the main grid.
Integration of DGs into MG systems may increase
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uncertainties during abnormal operation and in-
troduces several technical implications and opens
important questions, as to whether the traditional
control approaches to operation in the MGs are
still adequate. The main question arises is what
happens to the frequency regulation requirements
in an MG if numerous DGs are added.

The present work can be considered as an ef-
fort to response above questions. Although, often
all types of DGs are not available in a typical
MG, but here to provide a comprehensive case
study and to analyze the frequency response of
various microsources, almost all kind of DGs
are considered. It is shown that an effective fre-
quency control (such as PSO-fuzzy PI control)
performs a major role in managing short-term
fluctuation of variable renewable power. Without
intelligent control and regulation systems, it may
be very difficultto integrate large number of DGs
into the MGs. For this purpose in practice, the
intelligent meters, devices, and communication
standards should be firstly prepared to enable
flexible matching of generation and load.

This work is mainly focused on the frequency
regulation problem in the isolated ac MGs from
a technical point of view. The key aspect in the
present book chapter is how to handle changes
in topology caused by switching in the network
and how to make the frequency control system
robust and able to take advantage of the poten-
tial flexibility of distributed MGs and energy
resources. The contribution of DGs in the fre-
quency control task in an MG refers to the abil-
ity of these units to regulate their power output,
either by disconnecting a part of generation or
by an appropriate control action. Further works
are needed to address economic, environmental,
and other important technical issues for the MGs
in both connection and disconnection operating
modes. In the following, some of these issues
are briefly pointed out:

As the electric industry seeks to reliably
integrate numerous MGs into the bulk power
system in new environment, considerable effort
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will be needed to accommodate and effectively
manage these unique operating and planning
characteristics. Since the coming power from
some DGs, such as wind turbine is stochastic;
still it is difficult to use their kinetic energy
storage in frequency control, effectively. Further
studies are needed to coordinate the timing and
the size of the kinetic energy discharge with the
characteristics of other DG units.

Most significant components in the intelligent
frequency control system of the future will thus
be systems for metering, controlling, regulating,
and monitoring indices, allowing the resources
of the MG to be used effectively in terms of
both economics and operability. To achieve this
vision, the future frequency control systems
must include advanced monitoring, processing,
communications, and information technology.

Further study is needed to define new grid
codes and standards for contribution of MGs (con-
nected to the main grid) to the overall frequency
control as well as other ancillary services, and for
investigation of their behaviorin case of abnormal
operating conditions in electric network. In this
respect, reliability-focused equipment standards
must be also further developed to facilitate the
reliable integration of additional MGs into the
bulk power system. From a bulk power system
reliability perspective, a set of interconnection
procedures and standards are required which
applies equally to all MGs interconnecting to
the power grid. Finally, frequency performance
standards compliance verification remains a
major open issue for the MGs in different opera-
tion modes.

CONCLUSION

In this chapter, a brief review on the Microgrids
concept, history and the augments for their
presence in today’s power systems is given.
The necessity of controlling these networks is
highlighted and different control categories are
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introduced. Frequency control in a Microgrid in
the presence of uncertainties, load changes, and
sever disturbances is emphasized.

Considering poor control performance of the
classical controllers in these circumstances, an
adaptive/optimal control method has been used
to control the frequency in anisolated Microgrid.
This controller has two levels including a clas-
sical PI controller and a fuzzy system, which is
used to tune the coefficients of the PI controller
during the operation. Because of dependency
of a fuzzy system performance to its member-
ship functions, the particle swarm optimization
algorithm is used to improve the membership
function parameters. The results of simulation
in the SIMULINK/MATLAB environment
demonstrated the optimum performance of the
proposed control techniques in comparison with
the classical methods.

REFERENCES

Ackermann, T., Andersson, G., & Soder, L.
(2001). Distributed generation: A definition.
International Journal of Electric Power Systems
Research, 57(3), 195-204. doi:10.1016/S0378-
7796(01)00101-8.

Barklund, E., Pogaku, N., Prodanovic, M., Her-
nandez-Aramburo, C., & Green, T. C. (2008). En-
ergy managementin autonomous microgrid using
stability-constrained droop control of inverters.
IEEE Transactions on Power Electronics, 23(5),
2346-2352. doi:10.1109/TPEL.2008.2001910.

Basak, P., Saha, A. K., Chowdhury, S., & Chowd-
hury, S. P. (2009). Microgrid: control techniques
and modeling. IEEE Press.

Bevrani, H. (2009). Robust power system frequen-
cy control.New York: Springer. doi:10.1007/978-
0-387-84878-5.

Bevrani, H., & Daneshmand, P.R. (2012). Fuzzy
Logic-based load-frequency control concern-
ing high penetration of wind turbines. /IEEE
Systems Journal, 6, 173-180. doi:10.1109/
JSYST.2011.2163028.

Bevrani, H., Habibi, F., Babahajyani, P., Wata-
nabe, M., & Mitani, Y. (2012). Intelligent
frequency control in an AC microgrid: Online
PSO-based fuzzy tuning approach. IEEE Trans-
actions on Smart Grid, (99), 1-10.

Bevrani, H., Habibi, F., & Shokoohi, S. (2013).
ANN-based self-tuning frequency control design
for an isolated microgrid. Meta-Heuristics Op-
timization Algorithms in Engineering, Business,
Economics, and Finance (pp.357-385). Hershey,
PA: IGI Global.

Bevrani, H., & Hiyama, T. (2011). Neural network
based AGC design:Chapter 5. Intelligent Auto-
matic Generation Control. New York: CRC Press.

Chowdhury, S., Chowdhury, S. P., & Crossley,
P. (2009). Microgrids and active distribution
networks. London: The Institution of Engineer-
ing and Technology.

Datta, M., Senjyu, T., Yona, A., Funabashi, T.,
& Kim, C.-H. (2009). A coordinated control
method for leveling PV output power fluctua-
tions of PV-diesel hybrid systems connected to
isolated power utility. IEEE Transactions on En-
ergy Conversion, 24(1), 153-162. doi:10.1109/
TEC.2008.2008870.

Diaz, G., Gonzalez-Moran, C., Gomez-Aleixan-
dre, J., & Diez, A. (2010). Scheduling of droop
coefficients for frequency and voltage regulation
in isolated microgrids. /IEEE Transactions on
Power Systems, 25(1), 489-496. doi:10.1109/
TPWRS.2009.2030425.

Dong, C., Wang, G., & Chen, Z. (2008). The in-
ertiaweight self-adapting in PSO.In Proceedings
of the 7th World Congress on Intelligent Control
and Automation. IEEE Press.

607



Eberhart, R., & Kennedy, J. (1995). A new opti-
mizer using particle swarm theory. In Proceed-
ings of The Sixth International Symposium on
Micro Machine and Human Science. IEEE Press.

Eberhart, Y. S. R. (1998). A modified particle
swarm optimizer. In Proceedings of IEEE Con-
gress on Evolutionary Computation. Anchorage,
AK: IEEE Press.

Gautam, S. K. (2010). Improved particle swarm
optimization based load frequency control in a
single area power system. In Proceedings 2010
Annual IEEE India Conference (INDICON).
IEEE Press.

Gil, N. J., & Lopes, J. A. P. (2007). Hierar-
chical frequency control scheme for islanded
multi-microgrids operation. In Proceedings of
Power Tech, 2007 IEEE Lausanne. IEEE Press.
doi:10.1109/PCT.2007.4538363.

IEEE. (2003). IEEE Std 1547-2003 IEEE stan-
dard for interconnecting distributed resources
with electric power systems. IEEE Press.

Ina, N., Yanagawa, S., Kato, T., & Suzuoki, Y.
(2005). Smoothing of PV system output by tun-
ing MPPT control. In Proceeding of Electronic
Engineers of Japan. 1IEEE Press. doi:10.1002/
eej.20106.

Kennedy, J., & Eberhart, R. (1995). Particle
swarm optimization. In Proceedings of IEEE

International Conference on Neural Networks.
IEEE Press.

Khare, A., & Rangnekar, S. (2012). Particle
swarm optimization: A review. Applied Soft
Computing. PMID:22389640.

Lasseter, R. H. (2002). Microgrids. In Proceed-
ings of Power Engineering Society Winter Meet-
ing, 2002. IEEE Press.

608

An On-Line PSO-Based Fuzzy Logic Tuning Approach

Lasseter, R. H., Akhil, A., Marnay, C., Stephens,
J., Dagle, J., Guttromson, R., et al. (2002). The
CERTS Microgrid Concept. In White paper for
transmission reliability program. Washington
D.C.: Office of Power Technologies, U.S. De-
partment of Energy.

Lasseter, R. H., Eto, J. H., Schenkman, B.,
Stevens, J., Vollkommer, H., & Klapp, D. et al.
(2011). CERTS microgrid laboratory test bed.
IEEE Transactions on Power Delivery, 26(1),
325-332. doi:10.1109/TPWRD.2010.2051819.

Lasseter, R. H., & Paigi, P. (2004). Microgrid:
A conceptual solution. In Proceedings of Power
Electronics Specialists Conference. IEEE Press.

Lee, C. C. (1990a). Fuzzy logic in control sys-
tems: Fuzzy logic controller. 1. IEEE Transac-
tions on Systems, Man, and Cybernetics, 20(2),
404-418. doi:10.1109/21.52551.

Lee, C. C. (1990b). Fuzzy logic in control sys-
tems: Fuzzy logic controller. II. IEEE Transac-
tions on Systems, Man, and Cybernetics, 20(2),
419-435. doi:10.1109/21.52552.

Lee, D.-J., & Wang, L. (2008). Small-signal
stability analysis of an autonomous hybrid re-
newable energy power generation/energy storage
system Part I: time-domain simulations. /EEE
Transactions on Energy Conversion, 23(1),

311-320. doi:10.1109/TEC.2007.914309.

Lopes, J. A. P, Moreira, C. L., & Madureira, A.
G. (2006). Defining control strategies for Mi-
croGrids islanded operation. I[EEE Transactions
on Power Systems, 21(2),916-924.doi:10.1109/
TPWRS.2006.873018.

Madureia, A., Moreira, C., & Lopes, J. P. (2005).
Secondary load-frequency control for microgrids
in islanded operation. In Proceedings of Inter-
national Conference on Renewable Energy and
Power Quality. Spain: IEEE Press.



An On-Line PSO-Based Fuzzy Logic Tuning Approach

Marinescu, C., & Serban, 1. (2009). Analysis of
frequency stability in a residential autonomous
microgrid based on a wind turbine and a Micro-
hydro power plant. In Proceedings of Power Elec-

tronics and Machines in Wind Applications. IEEE
Press. doi:10.1109/PEMWA.2009.5208400.

Mazinan. (2010). An efficient solution to load-
frequency control using fuzzy-based predictive
scheme in a two-area interconnected power
system. In Proceedings of The 2nd International
Conference on Computer and Automation Engi-
neering. IEEE Press.

Meijie, Z., Hanxing, L., Weiwe, S., & TongLin,
Z. (2007). Improvement of particle swarm op-
timization based on neighborhood cognizance
and swarm decision. In Proceedings of Interna-
tional Conference on Wireless Communications,
Networking and Mobile Computing, WiCom’07.
IEEE Press.

Mendel, J. M., & Mouzouris, G. C. (1997).
Designing fuzzy logic systems. IEEE Transac-
tions on Circuits and Systems Il: Analog and
Digital Signal Processing, 44(11), 885-895.
doi:10.1109/82.644042.

Pogaku, N., Prodanovic, M., & Green, T. C.
(2007).Modeling, Analysis, and testing of auton-
omous operation of an inverter-based microgrid.
IEEE Transactions on Power Electronics, 22(2),
613-625. doi:10.1109/TPEL.2006.890003.

Rakhshani. (2012). PSO based optimal output
feedback controller for two-area LFC system.
In Proceedings of 20th Mediterranean Confer-
ence on Control & Automation (MED), 3-6.
IEEE Press.

Rao, C. S., Nagaraju, S. S., & Raju, P. S. (2009).
Automatic generation control of TCPS based hy-
drothermal system under open market scenario:
A fuzzy logic approach. Electrical Power and
Energy Systems, 31, 315-322. doi:10.1016/j.
jjepes.2009.03.007.

Sheikh, M. R. I. (2012). Application of self-
tuning FPIC to AGC for load frequency control
in wind farm interconnected large power system.
In Proceedings of 2012 International Conference
on Informatics, Electronics & Vision (ICIEV),
18-19. IEEE Press.

Subbaraj, P., & Manickavasagam, K. (2008).
Automatic generation control of multi-area power
system using fuzzy logic controller. European
Transactions on Electrical Power, 18,266-280.
doi:10.1002/etep.175.

Tang, J., & Zhao, X. (2009). Particle Swarm
Optimization with Adaptive Mutation. In Pro-
ceedings of the WASE International Conference
on Information Engineering. IEEE Press.

Toppo, E. T. (2012). Load frequency control
based on particle swarm optimization in a single
area hydropower system under various heads. In
Proceedings of 2012 International Conference on
Advances in Engineering, Science and Manage-
ment (ICAESM ), 30-31. IEEE Press.

Yuen, C., Oudalov, A., & Timbus, A. (2011).
The provision of frequency control reserves
from multiple microgrids. IEEE Transactions
on Industrial Electronics, 58(1), 173-183.
doi:10.1109/TIE.2010.2041139.

Zadeh, A. (1965). Fuzzy sets. In Proceedings of
Information and Control. ACM Press.

Zaidi, A. A., & Kupzog, F. (2008). Microgrid
automation-A self-configuring approach.In Pro-
ceedings of 12th IEEE International Multitopic
Conference.

609



ADDITIONAL READING

Abedi, S., Alimardani, A., Gharehpetian, G.
B., Riahy, G. H., & Hosseinian, S. H. (2012).
A comrehensive method for optimal power
management and design of hybrid RES-based
autonomous energy systems. Renewable &
Sustainable Energy Reviews, 16(3), 1577-1587.
doi:10.1016/j.rser.2011.11.030.

Al-Saedi, W., Lachowicz, S. W., Habibi, D., &
Bass, O. (2012). Power quality enhancement in
autonomous microgrid operation using Particle
Swarm Optimization. International Journal
of Electrical Power & Energy Systems, 42(1),
139-149. doi:10.1016/j.ijepes.2012.04.007.

Ankita, S., Shikha, A., Jitendra, A., & Sanjeev,
S. (2013). A Review on Application of Particle
Swarm Optimization in Association Rule Min-
ing. In S. C. Satapathy, S. K. Udgata & B. N.
Biswal (Eds.), Proceedings of the International
Conference on Frontiers of Intelligent Comput-
ing: Theory and Applications (FICTA ) (405-414).
Berlin: Springer.

Ashok Bakkiyaraj, R., & Kumarappan, N. (2013).
Optimal reliability planning for a composite
electric power system based on Monte Carlo
simulation using particle swarm optimization.
International Journal of Electrical Power &
Energy Systems, 47, 109-116. doi:10.1016/j.
jjepes.2012.10.055.

Bahmani-Firouzi, B., Farjah, E., & Azizipanah-
Abarghooee, R. (2013). An efficient scenario-
based and fuzzy self-adaptive learning particle
swarm optimization approach for dynamic eco-
nomic emission dispatch considering load and
wind power uncertainties. Energy. doi:10.1016/j.
energy.2012.11.017.

610

An On-Line PSO-Based Fuzzy Logic Tuning Approach

Banks, A., Vincent, J., & Anyakoha, C. (2007).
A review of particle swarm optimization. Part I:
background and development. Natural Comput-
ing, 6(4), 467-484. doi:10.1007/s11047-007-
9049-5.

Banks, A., Vincent, J., & Anyakoha, C. (2008).
A review of particle swarm optimization. Part
II: hybridisation, combinatorial, multicriteria
and constrained optimization, and indicative
applications. Natural Computing, 7(1), 109-124.
doi:10.1007/s11047-007-9050-z.

Barrera, J., & Coello, C. C. (2009). A Review
of Particle Swarm Optimization Methods Used
for Multimodal Optimization. In C. Lim, L. Jain
& S. Dehuri (Eds.), Innovations in Swarm Intel-
ligence (9-37). Berlin: Springer.

Basu, A. K. (2013). Microgrids: Planning of fuel
energy management by strategic deployment of
CHP-based DERs—An evolutionary algorithm
approach. International Journal of Electrical
Power & Energy Systems, 44(1), 326-336.
doi:10.1016/j.ijepes.2012.07.059.

Basu, A. K., Chowdhury, S. P., Chowdhury, S., &
Paul, S. (2011). Microgrids: Energy management
by strategic deployment of DERs—A compre-
hensive survey. Renewable & Sustainable En-
ergy Reviews, 15(9), 4348-4356. doi:10.1016/j.
rser.2011.07.116.

Bracco, S., Delfino, F., Pampararo, F., Robba,
M., & Rossi, M. (2013). The University of Genoa
smart polygeneration microgrid test-bed facility:
The overall system, the technologies and the
research challenges. Renewable & Sustainable
Energy Reviews, 18, 442-459. doi:10.1016/j.
rser.2012.10.009.



An On-Line PSO-Based Fuzzy Logic Tuning Approach

Chen, Y., Xu, Z., & @stergaard, J. (2013). Is-
landing Control Architecture in future smart
grid with both demand and wind turbine control.
Electric Power Systems Research, 95,214-224.
doi:10.1016/j.epsr.2012.10.004.

Chung, L.-Y., Liu, W., Schoder, K., & Cartes,
D. A. (2011). Integration of a bi-directional
DC-DC converter model into a real-time system
simulation of a shipboard medium voltage DC
system. Electric Power Systems Research,81(4),
1051-1059. doi:10.1016/j.epsr.2010.12.010.

Darvishi, A., Alimardani, A., & Abdi, B. (2011).
Optimized Fuzzy Control Algorithm in Integra-
tion of Energy Storage in Distribution Grids.
Energy Procedia, 12, 951-957. doi:10.1016/j.
egypro.2011.10.125.

El-Zonkoly, A., Saad, M., & Khalil, R. (2013).
New algorithm based on CLPSO for controlled
islanding of distribution systems. Interna-
tional Journal of Electrical Power & Energy
Systems, 45(1), 391-403. doi:10.1016/j.ij-
epes.2012.08.076.

Eltawil, M. A., & Zhao, Z. (2010). Grid-con-
nected photovoltaic power systems: Technical
and potential problems—A review. Renewable
& Sustainable Energy Reviews, 14(1), 112-129.
doi:10.1016/j.rser.2009.07.015.

Erdinc, O., & Uzunoglu, M. (2012). Optimum
design of hybrid renewable energy systems:
Overview of different approaches. Renewable &
Sustainable Energy Reviews, 16(3), 1412—1425.
doi:10.1016/j.rser.2011.11.011.

Esmi Jahromi, M., Ehsan, M., & Fattahi Mey-
abadi, A. (2012). A dynamic fuzzy interactive
approach for DG expansion planning. Interna-
tional Journal of Electrical Power & Energy
Systems, 43(1), 1094-1105. doi:10.1016/].ij-
epes.2012.06.017.

Fuselli, D., De Angelis, F., Boaro, M., Squartini,
S., Wei, Q., Liu, D., & Piazza, F. (2013). Action
dependent heuristic dynamic programming for
home energy resource scheduling. International
Journal of Electrical Power & Energy Systems,
48, 148-160. doi:10.1016/j.ijepes.2012.11.023.

Hafez, O., & Bhattacharya, K. (2012). Optimal
planning and design of arenewable energy based
supply system for microgrids. Renewable Energy,
45,7-15. doi:10.1016/j.renene.2012.01.087.

Hasanzadeh, A., Edrington, C. S., & Mokhtari,
H. (2011). Optimal tuning of linear controllers
for power electronics/power systems applica-

tions. Electric Power Systems Research, 81(12),
2188-2197. doi:10.1016/j.epsr.2011.08.001.

Ishaque, K., & Salam, Z. (2013). A review of
maximum power point tracking techniques of
PV system for uniform insolation and partial
shading condition. Renewable & Sustainable
Energy Reviews, 19, 475-488. doi:10.1016/].
rser.2012.11.032.

Jiang, B., & Fei, Y. (2011). Dynamic Residential
Demand Response and Distributed Generation
Management in Smart Microgrid with Hier-
archical Agents. Energy Procedia, 12, 76-90.
doi:10.1016/j.egypro.2011.10.012.

Khare, A., & Rangnekar, S. (2012). Particle
swarm optimization: A review. Applied Soft
Computing, 13(5).

Khorramdel, B., & Raoofat, M. (2012). Optimal
stochastic reactive power scheduling in a mi-
crogrid considering voltage droop scheme of DGs
and uncertainty of wind farms. Energy, 45(1),
994-1006. doi:10.1016/j.energy.2012.05.055.

611



Kyriakarakos, G., Dounis, A. 1., Arvanitis, K.
G., & Papadakis, G. (2012a). A fuzzy cognitive
maps—petri nets energy management system
for autonomous polygeneration microgrids.
Applied Soft Computing, 12(12), 3785-3797.
doi:10.1016/j.as0c.2012.01.024.

Kyriakarakos, G., Dounis, A. 1., Arvanitis, K.
G., & Papadakis, G. (2012b). A fuzzy logic
energy management system for polygeneration
microgrids. Renewable Energy, 41, 315-327.
doi:10.1016/j.renene.2011.11.019.

Kyriakarakos, G., Dounis, A. 1., Rozakis, S.,
Arvanitis, K. G., & Papadakis, G. (2011).
Polygeneration microgrids: A viable solution
in remote areas for supplying power, potable
water and hydrogen as transportation fuel. Ap-
plied Energy,88(12),4517-4526.d0i:10.1016/j.
apenergy.2011.05.038.

Kyriakarakos, G., Piromalis, D. D., Dounis, A.
L., Arvanitis, K. G., & Papadakis, G. (2013).
Intelligent demand side energy management sys-
tem for autonomous polygeneration microgrids.
Applied Energy, 103, 39-51. doi:10.1016/;.
apenergy.2012.10.011.

Leitdo, P., Barbosa, J., & Trentesaux, D. (2012).
Bio-inspired multi-agent systems for recon-
figurable manufacturing systems. Engineering
Applications of Artificial Intelligence, 25(5),
934-944. doi:10.1016/j.engappai.2011.09.025.

Liao, G.-C. (2012). Solve environmental eco-
nomic dispatch of Smart MicroGrid containing
distributed generation system-Using chaotic
quantum genetic algorithm. International Jour-
nal of Electrical Power & Energy Systems, 43(1),
779-787. doi:10.1016/].ijepes.2012.06.040.

Lidula, N. W. A., & Rajapakse, A. D. (2011).
Microgrids research: A review of experimen-
tal microgrids and test systems. Renewable &
Sustainable Energy Reviews, 15(1), 186—202.
doi:10.1016/j.rser.2010.09.041.

612

An On-Line PSO-Based Fuzzy Logic Tuning Approach

Mabhat, P., Chen, Z., & Bak-Jensen, B. (2011).
Control and operation of distributed generation
in distribution systems. Electric Power Sys-
tems Research, 81(2), 495-502. doi:10.1016/].
epsr.2010.10.015.

Mendes, G., Ioakimidis, C., & Ferrao, P. (2011).
On the planning and analysis of Integrated Com-
munity Energy Systems: A review and survey of
available tools. Renewable & Sustainable En-
ergy Reviews, 15(9), 4836-4854. doi:10.1016/j.
rser.2011.07.067.

Moghaddam, A. A., Seifi, A., & Niknam, T.
(2012). Multi-operation management of a
typical micro-grids using Particle Swarm Op-
timization: A comparative study. Renewable &
Sustainable Energy Reviews, 16(2),1268-1281.
doi:10.1016/j.rser.2011.10.002.

Moghaddam, A. A., Seifi, A., Niknam, T., &
Alizadeh Pahlavani, M. R. (2011). Multi-objec-
tive operation management of a renewable MG
(micro-grid) with back-up micro-turbine/fuel
cell/battery hybrid power source. Energy, 36(11),
6490-6507. doi:10.1016/j.energy.2011.09.017.

Mohamed, F. A., & Koivo, H. N. (2012). Mul-
tiobjective optimization using Mesh Adaptive
Direct Search for power dispatch problem of
microgrid. International Journal of Electri-
cal Power & Energy Systems, 42(1), 728-735.
doi:10.1016/j.ijepes.2011.09.006.

Mohammadi, M., Hosseinian, S. H., & Ghareh-
petian, G. B. (2012a). GA-based optimal sizing
of microgrid and DG units under pool and hy-
brid electricity markets. International Journal
of Electrical Power & Energy Systems, 35(1),
83-92. doi:10.1016/j.ijepes.2011.09.015.



An On-Line PSO-Based Fuzzy Logic Tuning Approach

Mohammadi, M., Hosseinian, S. H., & Gharehpe-
tian, G. B. (2012b). Optimization of hybrid solar
energy sources/wind turbine systems integrated
to utility grids as microgrid (MG) under pool/
bilateral/hybrid electricity market using PSO.
Solar Energy, 86(1), 112-125. doi:10.1016/j.
solener.2011.09.011.

Mohammadi, S., Mozafari, B., Solimani, S., &
Niknam, T. (2012). An adaptive modified firefly
optimisation algorithm based on hong’s point
estimate method to optimal operation manage-
ment in a microgrid with consideration of un-
certainties. Energy, 51,339-348. doi:10.1016/j.
energy.2012.12.013.

Molina, M. G., Mercado, P. E., & Watanabe, E.
H. (2011). Analysis of integrated STATCOM-
SMES based on three-phase three-level multi-
pulse voltage source inverter for high power
utility applications. Journal of the Franklin
Institute, 348(9), 2350-2377. doi:10.1016/j.
jfranklin.2011.06.027.

Niknam, T., Azizipanah-Abarghooee, R., &
Narimani, M. R. (2012). An efficient scenario-
based stochastic programming framework for
multi-objective optimal micro-grid operation.
Applied Energy, 99, 455-470. doi:10.1016/].
apenergy.2012.04.017.

Niknam, T., Bornapour, M., Gheisari, A., &
Bahmani-Firouzi, B. (2013). Impact of heat,
power and hydrogen generation on optimal place-
ment and operation of fuel cell power plants.

International Journal of Hydrogen Energy,
38(2), 1111-1127.

Niknam, T., Golestaneh, F., & Malekpour,
A. (2012). Probabilistic energy and operation
management of a microgrid containing wind/
photovoltaic/fuel cell generation and energy
storage devices based on point estimate method
and self-adaptive gravitational search algo-
rithm. Energy, 43(1), 427-437. doi:10.1016/j.
energy.2012.03.064.

Niknam, T., Golestaneh, F., & Shafiei, M. (2013).
Probabilistic energy management of a renew-
able microgrid with hydrogen storage using
self-adaptive charge search algorithm. Energy,
49,252-267.d0i:10.1016/j.energy.2012.09.055.

Niknam, T., Khodaei, A., & Fallahi, F. (2009).
A new decomposition approach for the ther-
mal unit commitment problem. Applied En-
ergy, 86(9), 1667-1674. doi:10.1016/j.apen-
ergy.2009.01.022.

Niknam, T., Meymand, H. Z., & Mojarrad, H.
D. (2011). An efficient algorithm for multi-
objective optimal operation management of
distribution network considering fuel cell power
plants. Energy, 36(1), 119-132. doi:10.1016/j.
energy.2010.10.062.

Pedrasa, M. A. A., Spooner, T. D., & MacGill,
I. F. (2011). A novel energy service model and
optimal scheduling algorithm for residential dis-
tributed energy resources. Electric Power Systems
Research, 81(12), 2155-2163. doi:10.1016/j.
epsr.2011.06.013.

Rana, S., Jasola, S., & Kumar, R. (2011). A
review on particle swarm optimization algo-
rithms and their applications to data clustering.
Artificial Intelligence Review, 35(3), 211-222.
doi:10.1007/s10462-010-9191-9.

Saejia, M., & Ngamroo, I. (2011). Stabilization
of microgrid with intermittent renewable energy
sources by SMES with optimal coil size. Physica.
C, Superconductivity, 471(21-22), 1385-1389.
doi:10.1016/j.physc.2011.05.200.

Shi, R., Cui, C., Su, K., & Zain, Z. (2011). Com-
parison Study of Two Meta-heuristic Algorithms
with their Applications to Distributed Genera-
tion Planning. Energy Procedia, 12, 245-252.
doi:10.1016/j.egypro.2011.10.034.

613



Silva, M., Morais, H., & Vale, Z. (2012). An in-
tegrated approach for distributed energy resource
short-term scheduling in smart grids consider-
ing realistic power system simulation. Energy
Conversion and Management, 64, 273-288.
doi:10.1016/j.enconman.2012.04.021.

Sun, Z., Wang, J., Dai, Y., & Wang, J. (2012).
Exergy analysis and optimization of a hydro-
gen production process by a solar-liquefied
natural gas hybrid driven transcritical CO2
power cycle. International Journal of Hydrogen
Energy, 37(24), 18731-18739. doi:10.1016/j.
ijhydene.2012.08.028.

Syafaruddin, Karatepe, E., & Hiyama, T. (2012).
Fuzzy wavelet network identification of opti-
mum operating point of non-crystalline silicon
solar cells. Computers & Mathematics with
Applications (Oxford, England), 63(1), 68-82.
doi:10.1016/j.camwa.2011.10.073.

Vaccaro, B. A., Popov, M., Villacci, D., & Ter-
zija, V. (2011). An Integrated framework for
smart microgrids modeling, monitoring, control,
communication, and verification. Proceedings
of the IEEE, 99(1), 119-132. doi:10.1109/
JPROC.2010.2081651.

Vachirasricirikul, S., & Ngamroo, I. (2011). Ro-
bust controller design of heat pump and plug-in
hybrid electric vehicle for frequency control in
a smart microgrid based on specified-structure
mixed H2/Hoo control technique. Applied En-
ergy, 88(11), 3860-3868. doi:10.1016/j.apen-
ergy.2011.04.055.

Vachirasricirikul, S., Ngamroo, I., & Kaitwanid-
vilai, S. (2009). Application of electrolyzer sys-
tem to enhance frequency stabilization effect of
microturbine in amicrogrid system. International
Journal of Hydrogen Energy,34(17),7131-7142.
doi:10.1016/].ijhydene.2009.06.050.

614

An On-Line PSO-Based Fuzzy Logic Tuning Approach

Vo, D. N., & Schegner, P. (2013). An Improved
Particle Swarm Optimization for Optimal Power
Flow. Meta-Heuristics Optimization Algorithms
in Engineering, Business, Economics, and Fi-
nance (1-40). Hershey, PA: IGI Global.

Wang, Z., Wang, L., Dounis, A. L., & Yang, R.
(2012a). Integration of plug-in hybrid electric
vehicles into energy and comfort management
for smart building. Energy and Building, 47,
260-266. doi:10.1016/j.enbuild.2011.11.048.

Wang, Z., Wang, L., Dounis, A. 1., & Yang,
R. (2012b). Multi-agent control system with
information fusion based comfort model for
smart buildings. Applied Energy, 99, 247-254.
doi:10.1016/j.apenergy.2012.05.020.

Yang,R., & Wang, L.. (2013). Multi-zone building
energy management using intelligent control and
optimization. Sustainable Cities and Society, 6,
16-21. doi:10.1016/j.s¢s.2012.07.001.

Zamora, R., & Srivastava, A. K. (2010). Controls
for Microgrids with storage: Review, challenges,
and research needs. Renewable & Sustainable
Energy Reviews, 14,2009-2018. doi:10.1016/;.
rser.2010.03.019.

KEY TERMS AND DEFINITIONS

Adaptive Control: A class of self-tuning
control, where the controller parameter(s)/
gain is automatically tuned to track the control
objective(s).

Distributed Generation (DG): DGis defined
as small-scale electricity generation by micro-
sources such as wind turbine, diesel generator,
and solar unit.

Frequency Control: This control can be
used to stabilize the power system frequency,
and to remove the steady state frequency error
and restore the system frequency, following a
fault/disturbance.
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Fuzzy Logic: Fuzzy logic is an approach to
computing based on degrees of truth rather than
the usual true or false Boolean logic on which
the modern computer is based. The idea of fuzzy
logic was first introduced by Dr. Lotfi Zadeh.

Microgrid: A Microgridis alocalized group-
ing of small power generators, energy storage,
and loads that can normally operate either con-
nected to the main traditional centralized grid
or in islanded mode. In islanded/disconnected
mode, the Microgrid can function autonomously.

Particle Swarm Optimization (PSO): PSO
is a population based stochastic optimization
technique. It belongs to the class of direct search
methods that can be used to find a solution to
an optimization problem in a search space. The
PSO originally has been presented based on

social behavior of bird flocking, fish schooling,
and swarming theory.

Proportional-Integral (PI) Control: The
PI control is a control loop feedback mechanism
widely used in industrial control systems. A PI
is the most commonly used feedback controller
in power systems which attempts to minimize
the error by adjusting the process control inputs.
The PI controller involves two separate constant
parameters, the proportional, and the integral
values, denoted by P and 1.

Renewable Energy: Renewable energy is
energy which comes from natural resources such
as sunlight, wind, rain, tides, and geothermal
heat, which are renewable (naturally replenished),
that is constantly and rapidly renewed by natural
processes.
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APPENDIX

Figure 13. The graphical abstract of the proposed method
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