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Abstract Finding the appropriate values of parameters

and structure of type-2 fuzzy logic systems is a difficult and

complex task. Many types of meta-heuristic algorithms

have been used to find the complex structure and appro-

priate parameter values of the type-2 fuzzy systems and

more recently hybrid meta-heuristic algorithms. In this

paper, we review recent advances (2012 to date) on the

application of meta-heuristic algorithms and hybrid meta-

heuristic algorithms, for the optimization of type-2 fuzzy

logic systems in intelligent control. It was found that the

major meta-heuristic algorithms used for optimizing the

design of type-2 fuzzy logic systems in intelligent control

were genetic algorithms and particle swarm optimization as

well as hybrid meta-heuristic algorithms. Researchers can

use this review as a starting point for further advancement

as well as an exploration of other meta-heuristic algorithms

that have received little or no attention from researchers.

Keywords Type-2 fuzzy logic systems � Intelligent
control � Genetic algorithm � Particle swarm optimization �
Hybrid meta-heuristic algorithms

1 Introduction

The data available in many real-world problems such as

control, time series forecasting, pattern recognition, deci-

sion making, system identification and modeling are quite

associated with uncertainties in nature [1]. This is due to

deficiency in information which may be imprecise,

incomplete, contradictory, vague, unreliable, fragmentary

or deficient in some other way. Uncertainty is an inherent

characteristic of an information [2]. The fuzzy logic theory

increased the ability of systems to cope with the uncer-

tainty problems. The basic feature of fuzzy reasoning

allows for handling different kind of uncertainties [3]. In

type-1 fuzzy, the uncertainty is represented by a precise

number in a range of (0, 1) interpreted as a degree of

membership function (MF). In view of the fact that it is too

difficult to know a precise value for uncertainty, working

with type-1 model is more reasonable. However, some

researchers argued that in cases where there is high level of

uncertainty, type-1 fuzzy has limited ability to handle it

because its membership degree for each input is a crisp

number [4]. The type-2 fuzzy logic system (T2FLS) which

uses the type-2 fuzzy set (T2FS) was introduced to cir-

cumvent the limitations of the type-1 fuzzy [4–6]. The

main characteristic of T2FLS is that, its MFs are fuzzy.

Therefore, it has more degree of freedom in designing

verities of systems with uncertainties [7–9]. The T2FLS is

of two types, namely, interval type-2 fuzzy logic system

(IT2FLS) that uses interval type-2 fuzzy sets (IT2FSs) and

general type-2 fuzzy logic system (GT2FLS) that differ

from IT2FSs because the GT2FLS uses general type-2

fuzzy sets (GT2FS) [10]. It was argued that in the presence

of uncertainty, T2FLS is preferred over the type-1 fuzzy

logic system (T1FLS) [11]. Similarly, there are several

records of experimental evidences illustrating some

& Hwa Jen Yap

hjyap737@um.edu.my

Mukhtar Fatihu Hamza

emukhtarfh@gmail.com

1 Department of Mechanical Engineering, University of

Malaya, 50603 Kuala Lumpur, Malaysia

2 Department of Mechatronics Engineering, Bayero University,

Kano 3011, Nigeria

123

Neural Comput & Applic (2017) 28:979–999

DOI 10.1007/s00521-015-2111-9

http://crossmark.crossref.org/dialog/?doi=10.1007/s00521-015-2111-9&amp;domain=pdf
http://crossmark.crossref.org/dialog/?doi=10.1007/s00521-015-2111-9&amp;domain=pdf


significant improvements in terms of accuracy of T2FLS

over T1FLS counterpart [12–14]. Despite the significance

of T2FLS, there is no systematic and comprehensive

methodology for the design of T2FLS [11]. However, using

meta-heuristic algorithms to optimize the structure and

parameter values of the FLS using IT2FSs in a FLS has the

potential to provide better performance for a FLS than

using type-1 fuzzy logic sets (T1FSs). Similarly, using

GT2FSs in a FLS has the potential to provide better (and

certainly not worst) performance for a FLS over IT2FSs.

This is because IT2FLS has more design parameters (de-

gree of freedom) than T1FLS. In addition, GT2FLS has

more design parameters (degree of freedom) than IT2FLS

[10].

Meta-heuristic optimization algorithms refer to a class

of soft computing techniques that relate to the searching of

optimal, satisfactory or best solution for a particular

problem. The solution can be the absolute best out of other

alternative solutions [15]. Meta-heuristic algorithms are

found to be useful in many applications domain, [16]

especially hybrid [17].

Generally, the design of type-2 fuzzy model based on

experimental data can be categorized into two; the first is

constructing the type-2 fuzzy model from the existing

optimal type-1 fuzzy model, and the second is direct design

of type-2 fuzzy model from the experimental data. In both

of the methods, the manual design and tuning of the MFs of

T2FLS to give a good response is a difficult task [18]. The

use of meta-heuristic optimization algorithms can help in

getting an optimal type-2 fuzzy model for a particular

application [11]. The optimization of the MF parameters of

a T2FLS was recommended to be at the design phase.

Subsequently, the optimal parameters are fixed during the

operation phase except in a case of continuous adaptation

[10].

Recently, many meta-heuristic optimization algorithms

such as genetic algorithm (GA), particle swarm optimiza-

tion (PSO), ant colony optimization (ACO), big bang–big

crunch optimization, bacterial foraging optimization, bio-

geography optimization, chemical optimization (CO), back

propagation algorithm (BPA), simulated annealing, firefly

algorithm FA, tabu search optimization, and hybrid opti-

mization (HO) have been used for the design of a T2FLC

for different control applications [15, 19–29].

There are reviews in the literature regarding the T2FLS

for different applications. For example, in literature [30],

the applications of T2FLS in classification, clustering, and

pattern recognition were conducted. In a related study,

T2FLS applications in pattern recognition and classifica-

tion were reviewed in literature [31]. In a review presented

in literature [32], the authors reviewed the design and

optimization of interval type-2 fuzzy logic controller

(IT2FLC). Furthermore, the review in literature [11] pre-

sents the general case of optimization of T2FLS using bio-

inspired method.

The previous reviews mainly focused on the single

meta-heuristic algorithms without HO. In addition, the

reviews presented in [11, 30–32] mainly covered papers

from the year 2000 to 2011. In the review paper of Castillo

and Melin [18], a review on interval type-2 fuzzy logic

applications in intelligent control was presented. The

authors focused on related papers on interval type-2 fuzzy

from 2004 to 2014. This is because at that moment, most of

the type-2 fuzzy controllers considered in the application

only used interval type-2 fuzzy sets as argued in that paper.

The trend of this area of research has been extended to the

use of HO methods. Moreover, recently the application of

GT2FS in this area of research is increasing [27, 33–35].

These were not covered in the previous reviews conducted

by researchers, and it is part of their recommendations.

In this paper, we present a review of the recent advances

on the use of meta-heuristic optimization algorithms in

optimizing the design of T2FLS in intelligent control. We

attempt to conduct a comprehensive literature review of the

studies conducted in this domain to provide a state-of-the-

art review to prevent replication of what has already been

accomplished. Additionally, we intend to provide a clear

perspective with a broad and in-depth review of the

research studies in this domain, and we intend for

researchers to use this review as a starting point for further

advancement as well as an exploration of other techniques

that have received little or no attention from researchers.

These stated objectives were the driving force that moti-

vated this review article.

The contributions of the paper are summarized as

follows:

• Recent advances from 2012 to date on the utilization of

meta-heuristic optimization algorithms in optimization

base design of T2FLS in intelligent control are

summarized.

• Provides analysis and synthesis of the published articles

from 2012 to date with insight on proposed algorithms,

algorithms compared with, other controllers compared

with type-2 fuzzy logic controller (T2FLC), and major

findings are highlighted.

• Provides real pervasiveness of using meta-heuristic

algorithms for the optimization of type 2 fuzzy logic

controllers for engineering design benefiting to

researchers intending to use meta-heuristic algorithms

in the design of this type of controller.

• Open research problems and future research direction

in the design of type 2 fuzzy logic controllers are

highlighted for easy identification by researchers.
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2 Type-2 fuzzy logic systems

The idea of fuzzy logic systems and T2FS was pioneered

by Zadeh in 1965 and 1975, respectively [2, 3]. A concise

overview of T2FLS was presented in this section with the

intention of providing readers with the basic knowledge of

how type-2 fuzzy operates to achieve its objective.

Imagine blurring the type-1 membership function (T1-

MF) as shown in Fig. 1a by moving the points on the tri-

angle from left to right. Type-2 membership function (T2-

MF) was formed as shown in Fig. 1b.

Considering a specific value of x, say x0, in T1-MF that

has a specific crisp value l. On the other hand, in blurred

type-1 MF, it does not have a single value. Instead, the MF

has many values with different weight at all the point

where the vertical line intersects the blur. The amplitude

distribution can be assigned to all these points. Doing this

for all x 2 X; a three-dimensional MF was created that

characterized a T2FS [5, 36]. A T2FS ~A; is characterized

by T2-MF l ~Aðx; yÞ; for x 2 X and u 2 Jx � ½1; 0�; that is,
~A ¼ x; yð Þ; l ~A x; yð Þ

� �
8x 2 X; 8y 2 Jx � ½0; 1�j

� �
ð1Þ

In which 0� l ~Aðx; uÞ� 1:
The primary membership of x can be represented as:

Jx � ½0; 1� and the secondary set is l ~Aðx; uÞ which is T1FS.

Therefore, a T2-membership grade should lie between or

be equal to 0 and 1 [8]. Each primary membership has its

corresponding secondary membership (also lies in [1, 0])

that defines its possibilities. The uncertainty can be repre-

sented by foot print of uncertainty (FOU) region [9].

As stated earlier, the T2FLS are of two types, namely

IT2FLS and GT2FLS. In the former, all the secondary

grades of the IT2FS are equal to 1, and it is completely

described by upper MF and lower MF (UMF and LMF) as

shown in Fig. 2a, and in the latter, the GT2FS is three

dimensional (3D) which can be decomposed into 3D MF of

a GT2FS by using different kinds of cut. The most com-

monly used cuts are horizontal slices, vertical slices and

wavy slices as shown in Fig. 2b–d, respectively. The

detailed explanation and formulation of IT2FS can be

found in [1, 2, 4–9, 36–39] and also the detailed explana-

tion and formulation of GT2FS are presented in literatures

[10, 40–47].

Like type-1, the type-2 fuzzy is using IF–THEN rules,

but its antecedent and consequent sets are type-2. Fur-

thermore, type-2 consists of the following blocks; fuzzifi-

cation, inference, and output processing. The output

processing block comprises of the type reduction and the

defuzzification blocks as shown in Fig. 3. For a better

illustration, a fuzzy system with two crisp inputs and one

crisp output is shown in Fig. 3, which is the same for both

IT2FLS and GT2FLS. Each of the blocks is explain in brief

in Sects. 2.1–2.4. For easy explanation, the interval type-2

fuzzy Mamdani system with center-of-set type reduction

was used (IT2FS Takagi–Sugeno-King (TSK), GT2FS

Mamdani and GT2FS TSK also exist) [48].

2.1 Fuzzification

The fuzzifier in type-1 fuzzy and type-2 fuzzy is doing the

same work, which is transforming a numeric vector entries

X ¼ ðx1. . .xpÞT 2 X1 � X1 � � � � � Xp � X into ~Ax (type-2

fuzzy set) defined in X. Given the singleton numeric inputs,

the mapping can be performed as follows [48]:

l Ax
ðxÞ ¼ 1=1withX ¼ X0; and

l Ax
ðxÞ ¼ 1=0; for 8X 2 Xwith x 6¼ x0

ð2Þ

Equation (2) shows that l~xiðxiÞ ¼ 1=1when xi ¼
x0i and l~xiðxiÞ ¼ 1=0when xi 6¼ x0i for all i ¼ 1; . . .; p:

2.2 Rules

Both type-1 fuzzy and type-2 fuzzy use IF–THEN rules. In

type-2, the antecedent and/or consequent MFs are repre-

sented by type-2 fuzzy sets. For T2FLC characterized byM

rules with p inputs x1 2 X1; . . .; xp 2 Xp and one output y 2
Y : The ith rule can be expressed as Eq. (3) [49].

Ri : IF x1 is ~F
i
1 and. . .and xp is ~F

i
p; THEN y is ~Yi ð3Þ

where ~Fi
kðk ¼ 1; . . .; pÞ are type-2 antecedent fuzzy sets,

i ¼ 1; . . .;M; and Y
^ i

the output of the ith rule. The

assumption here is that, all antecedent and consequent

fuzzy set in Mamdani rules are type-2.

2.3 Inference

The inference mechanism in type-2 fuzzy is in the same as

type-1 fuzzy. It is a rule combination to produce a mapping

from some input type-2 fuzzy set to output type-2 fuzzy

set. It is necessary to calculate the intersection, union and

composition of type-2 relations in order to realize this

mapping [50]. Equation (3) can be rewritten as:

x’

μ'

μ

0 x’

μ

0 x

(a) (b)

Fig. 1 a Type-1 MF, b blurred type-1 MF
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Ri : ~Fi
1 � � � � � ~Fi

p ! ~Yi ¼ ~Ai ! ~Yi; i ¼ 1; . . .;M ð4Þ

Ri is described by the MF lRiðX; yÞ for X ¼ ðx1; . . .; xpÞ;
where

lRiðX; yÞ ¼ l ~Ai! ~Yi ðX; yÞ

¼ l ~Fi
1
ðx1Þ

Y
� � �

Y

l ~Fip

ðxpÞ
Y

l ~Yi

ðyÞ ¼
Yp

l¼1

l ~Fi
l
ðxlÞ

" #
Y

l ~Yi

ðyÞ

ð5Þ

μÃ(x,u)

xu

1

0

1

Lower MFUpper MF

μÃ(x,u)

xu
1

0

1

x2

μÃ(x,u)

xu
1

0

1

x1

x3

x4

μÃ(x,u)

xu

1

0

1

(a) (b)

(d)(c)

Fig. 2 Representation of different types of slices in GT2FS: a foot print of uncertainty, b horizontal slice, c vertical slice, d wavy slice

min

min

Crisp input

Fuzzification

Inference Type reduction Defuzzzification

Crisp output

Output processing 

Fig. 3 Type-2 fuzzy logic system structure
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Generally, the p-dimensional input to Ri is given by

T2FS ~Ax whose MF is

l ~Ax
ðXÞ ¼ l~x1ðx1Þ

Y
� � �

Y
l~xpðxpÞ

¼
Yp

l¼1

l~xlðxlÞ
ð6Þ

where ~Xlðl ¼ 1; . . .; pÞ are the labels of the fuzzy sets

describing the inputs. Each rule determines the T2FS ~Bi ¼
~Ax � Ri such that:

l ~BiðyÞ ¼ l ~A�
xR

i

¼
a

x2X
l ~Ax

ðXÞ
Y

lRiðX; yÞ y 2 G i ¼ 1; . . .;M ð7Þ

This equation is the input–output relation in Fig. 3

between the T2FS that excite a single rule in the inference

engine and the T2FS at the output of that engine.

The IT2FS was used in the FLS and meet under product

t-norm. Therefore, the result of the input and antecedent

operations which are contained in the firing setQp
l¼1 lFll

ðx0l � FiðX0ÞÞ; is an interval type-1 fuzzy set [51]:

Fi X0ð Þ ¼ f i X0ð Þ; �f i X0ð Þ
h i

� f i; �f i
h i

; ð8Þ

where

f i X0ð Þ ¼ l ~Fi
1

x01
� �

� � � � � l ~Fi
p

x0p

� �
ð9Þ

and

�f i X0ð Þ ¼ �lFi
1
x01
� �

� � � � � �lFi
p
x0p

� �
ð10Þ

2.4 Output processing

The output processing constitutes the type reduction that

generates the type-1 fuzzy set, and defuzzifier that converts

the generated type-1 fuzzy set to the crisp output [52].

There are many kind of type reduction in literature, which

includes center-of-sets, centroid, height, and modified

height [53–55]. In this study, the center-of-set type

reduction will be used for illustration as follows [7, 8].

Ycos Y1; . . .; YM;F1; . . .;FM
� �

¼ yl; yr½ �

¼
Z

y1

. . .

Z

yM

Z

f 1

. . .

Z

f M

1

,PM
i¼1 f

iyi
PM

i¼1 f
i

ð11Þ

where Ycos is the interval set determined by yl and yr (two

end points); f i 2 Fi ¼ ½f i; �f i�; yi 2 Yi ¼ ½yi; �yi�; i ¼
1; . . .;M; and M is the number of rules.

It can be observed that each set on the right hand side of

Eq. (11) is an interval type-1 set, hence the left hand of that

equation ðYcosðY1; . . .; YM;F1; . . .;FMÞÞ is also interval

type-1 set. Therefore, YcosðY1; . . .; YM;F1; . . .;FMÞ can be

found by just computing the yl and yr [7]. Karnik and

Mendel [9, 54] have shown that yl and yr depend on

maximum of f i or �f i values as follows:

yl ¼
PM

i¼1 f
i
l y

i
lPM

i¼1 f
i
l

; and yr ¼
PM

i¼1 f
i
r y

i
rPM

i¼1 f
i
r

ð12Þ

where f il and f ir denotes the firing strength membership

grade (either f i or �f i) contributing to the left-most point yl

and right most point yr, respectively.

The defuzzifier of an interval type-2 Fuzzy can be cal-

culated as follows [7]:

yðxÞ ¼ yl þ yr

2
ð13Þ

3 Fuzzy logic controllers

Most industrial systems are nonlinear in nature and exhibit

some level of uncertainty [6, 56]. Some modern control

was used in the past decade, such as nonlinear, adaptive,

variable structure and optimal control [57]. Though these

control strategies exhibit a good performance, they are

complex and difficult to implement [58]. The conventional

proportional integral derivative (PID) controller exhibits

good performance for linear system, and it is widely

employed in the industry due to its simple structure and

robustness in different operation condition. However, the

accurate tuning of the parameters of PID become difficult

because most of the industrial plant are highly complex and

have some issues such as nonlinearities, time delay, and

higher order [59].

Due to the complexity of most industrial plant and the

limitation of PID controller, an unprecedented interest was

diverted to the applications of the type-1 FLC. This is

because it uses the expert knowledge and its control action

is described by linguistic rules. Also, the FLC does not

require the complete mathematical model of the system to

be controlled and it can work properly with nonlinearities

[7, 49, 51]. However, when there is uncertainty in the

system the design of MF suffers with some difficulties as

stated in the introduction. T2FLC can be used efficiently

for nonlinear and complex system with uncertainty. The

control performance of T1FLS can be improved by T2FLS

because it has the advantage of FOU that can be used to

improve the corresponding MF [60].
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3.1 Structure of general fuzzy PID controller

For easy demonstration, the two input [error e(t) and the

error variation De(t)] and one output u direct action type of

fuzzy PID controller (FPIDC) is used as shown in Fig. 4

(adapted from [61]). The number of input/output depends

on the problem to be solved. In most real applications, the

inputs are more than two. Detailed on fuzzy PID, fuzzy PD

and fuzzy PI structures and their relationships are presented

in [49, 62]. In addition, the structure of single input

IT2FLC was discussed in literature [63–66], refer to

Sect. 3.2 for details. The structure of FPIDC was formed

from fuzzy PD controller with an integrator at the output.

The output u is the control signal and is defined by Eq. 14

[61]. The scaling factors Kp, KD, c, d are used to normalize

the input/output of the FLC. The e(t) and De(t) are nor-

malized by the scaling factor (Kp, KD) to the common

interval (-1, 1) in which the MFs of the input are defined.

After the normalization, e(t) and De(t) are converted to

E and DE, respectively. c and d are used to map the output

U onto the actual output domain u. In Fig. 4, there are two

blocks that can be used to introduce the uncertainty in the

system either in series with controller and plant or in the

feedback or both. The structure in Fig. 4 is the same for

T1FLC, IT2FLC and GT2FLC.

The design parameters of FLC can be categorized into

two, namely tuning parameters and structural parameters.

The tuning parameters include MF parameters and scaling

factors and are to be adjusted offline at the design phase.

Subsequently, the optimal parameters are fixed during the

operation phase except in a case of continuous adaptation

[49, 61]. The structural parameters include the inference

mechanism, fuzzy rule, type of MF, fuzzy linguistic set and

input/output variables to the fuzzy inference. The structural

parameters are determined during the offline design phase

[67, 68].

The major disadvantage of T2FLC is that the process of

finding the appropriate values of parameters and structure

become more difficult and more time consuming as the

number of input and output of the system increases. This

problem can be solved by using meta-heuristic optimiza-

tion algorithms [69].

u ¼ dU þ c
Z

Udt ð14Þ

3.2 Single input interval type-2 fuzzy control

(SIT2FLC) systems

As earlier mentioned in the introduction, there are experi-

mental evidences illustrating significant improvements of

T2FLS over T1FLS in terms accuracy. This is due to the

extra degree of freedom provided by the FOU in the T2FS.

However, the design and robust stability analysis of the

IT2FLCs are still challenging problems owing to their

relatively complex internal structure. Thus, SIT2FLC was

proposed because of its simple structure. The essential

feature of the SIT2FLC is the closed form output presen-

tation which is defined in a two-dimensional domain.

Moreover, the SIT2FLC structure has some preferred fea-

tures of the PID controller such as easy design and sim-

plicity [64]. The following literature describes the simple

design and robust stability analysis for IT2FLC using

SIT2FLC:

Kumbasar [63] pioneered the design methodology for

single Input IT2FPID controller. The proposed simple

structure provides an opportunity to design a T2FLC output

in closed form formulation. This cannot be achieved with

T2FPID controller structures with the Karnik–Mendel type

reduction. The solution in closed form is derived based on

the tuning parameters that are selected as the heights of

lower MF of the antecedent IT2FSs. The author shows how

the extra degrees of freedom of antecedent IT2FSs can be

used to improve the control performance on both nonlinear

and linear systems using simulations. Furthermore, the

T2FLC structure has been implemented on experimental

Tuning and storage of control parameters and/or scaling 
factors using Meta-heuristic algorithms

Type-2 
fuzzy logic 
controller

Enable to 
introduce the 
uncertainty 

Plant/process  

Enable to 
introduce the 
uncertainty 

Type-2 fuzzy logic PID structure 

-

+

+

+

Output

y

Input
r

Cost function of
optimized parameter

Fig. 4 Comprehensive block diagram of FLC (FLPIDC)
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pH neutralization. The experimental and simulation results

indicate that the proposed single input T2FLC has a

superior performance and can cope with parameter uncer-

tainties, nonlinear dynamics, disturbances and noise than

the conventional PID controllers.

Kumbasar [65] study the robust stability of a PD type

SIT2FLC structure by means of Lyapunov’s direct method

and Popov criterion approach. The type-2 fuzzy functional

mapping (T2F-FM) was analyzed in a two-dimensional

domain in view of the fact that a closed form formulation

of the SIT2FLC output is possible. The author presents the

mathematical derivations to confirm that T2F-FM is a

symmetrical function and always sector bounded. As a

result, the T2FS can be transformed into a perturbed Lur’e

system in order to examine its robust stability. It has been

confirmed that the stability of the proposed system is

guaranteed based on Popov–Lyapunov method. A measure

of robustness of the T2FLS was present to provide the

bound of allowable nonlinearities and/or uncertainties of

the control system. An illustrative example is provided to

show the robust stability analysis of the proposed system.

In [64], the functional mapping (FM) of a SIT2FLC was

explicitly derived to present design techniques and exam-

ine its robustness. Comparative theoretical investigations

are presented on the differences between the type-1 FM

and IT2-FM to show the function of the FOU on the robust

control system performance. It has been confirmed that the

stability of the proposed system is guaranteed based on

Popov–Lyapunov method. The author presents the analyt-

ical design techniques for SIT2FLCs to generate com-

monly used control curves by tuning the size of the FOUs

only without requiring optimization method. It has been

theoretically shown that the FOU provides the opportunity

to the SIT2FLC to generate typically used nonlinear con-

trol curves and giving a certain level of robustness that

cannot be accomplished by Type-1.

Kumbasar and Hagras [66] proposed the design of SIT2-

FLCs based on an online tuning mechanism to improve

their control performance. The structure of the PI type

SIT2FLC and its IT2-FM with respect to the parameters of

the FOU was presented. Based on this structural informa-

tion, the authors presented a design strategy for SIT2FLCs

which composed of three rules. This produces aggressive

SIT2FLC (ASIT2FLC) and a smooth SIT2FLC (SSIT2-

FLC) by only tuning a single parameter. The results

obtained demonstrated that the SSIT2FLC has more robust

control performance compared to ASIT2FLC. On the other

hand, the disturbance rejection ability and the transient

state of the SSIT2FLC could likely degrade compared to

the ASIT2FLC. This problem was solved by tuning the size

of FOU of the SIT2FLCs to give a trade-off between the

acceptable transient and disturbance rejection performance

of the ASIT2FLC structure and the robust control

performance of the SSIT2FLC. Thus, a gradient-descent

(GD)-based online tuning mechanism was introduced to

improve both the transient state and disturbance rejection

performances of the SIT2-FLCs at the same time preserv-

ing a certain level of the robustness against different con-

ditions (disturbances and nonlinearities). The simulation

results indicates that the GD-based SIT2FLC improve both

the transient state and disturbance rejection performances

compared to the robust self-tuning T1FLC and IT2FLC.

4 Method used for searching the publications

The papers considered in this work were found using the

search engine of Scopus online system of Elsevier, where

publications can be searched by author name or by subject.

This database contains almost all the relevant and respected

publications around theworld. The complete publications on

T2FLS optimization for application in intelligent control

from the year 2012 to date were searched by using the fol-

lowing key words: type-2 fuzzy controller optimization

using HO (several combinations of optimization methods

were tested). The same search was done for GAs and PSO.

Furthermore, the following optimization methods have also

been searched: ACO, big bang–big crunch (BB–BC) opti-

mization, BPA, bacterial foraging optimization, biogeogra-

phy optimization, CO, simple tuning optimization and Tabu

search optimization. Several other publications have been

found for each optimization method. Also, other optimiza-

tion methods were searched, but no publication was found in

this area of the research. Similar criteria were used in [70].

5 Meta-heuristic optimization algorithms
in optimizing a T2FLCs

A concise overview of the basic concepts of HO methods,

GA, and PSO is presented in this section to give a brief

description of how the algorithms operate. All the above

mentioned algorithms can be used to solve the problem of

designing the T2FLS. The critical issues in these opti-

mization algorithms with respect to the design of FLS are:

(1) encoding (representation) of fuzzy logic in the corre-

sponding optimization paradigm, for example, the feature

of FLS has to be encoded in form of chromosome for GA,

firefly for FA, etc.; (2) determination of the boundaries of

parameters to be optimized (solution space); (3) fitness

function [28].

5.1 Hybrid optimization (HO)

HO method in T2FLS design refers to a combination of

two or more meta-heuristic optimization algorithms for
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adjusting the parameters associated with T2FLS to speed

up the optimization task by getting lower complexity in

computation, faster convergence and global optimization

[71]. In some cases, achieving an optimal solution to a

problem using conventional optimization techniques that

have high computational complexity is quite difficult [72].

Recently, the applications of HO techniques in automatic

design of T2FLS for different complex applications have

attracted interest from many researchers [73–75]. Taking

the advantages of two or more optimization techniques, a

HO which gives better convergent rates and solution

quality can be found. More explanation about the auto-

matic switching among the constituent optimizers in HO

can be found in [76].

5.2 Genetic algorithms (GAs)

The basic foundation of GAs was proposed in 1975 by John

Holland [77]. It is based on Darwin’s ideas. Darwin’s

stated that in a competing environment, the stronger indi-

viduals are more likely to be the winners [78]. GA is a

meta-heuristic search algorithm based on natural selection

and genetic process [77, 78]. In GA, the potential solution

to a problem is an individual which can be represented by a

set of parameters. These parameters are just like a gene of a

chromosome and can be represented by the string of values

in binary form [77, 79]. The fitness value is used to test the

degree of goodness of the chromosome for solving a

problem that is directly related to the objective value. The

operators employed in a simple GA include selection,

crossover and mutation [77–81]. GAs is often regarded as

function optimizers, and they have been applied in many

optimization problems. In particular, the use of GAs for

fuzzy systems design equips them with the adaptation and

learning capabilities which brought about genetic fuzzy

systems (GFSs) [79–81]. Different levels of complexity are

covered by genetic learning processes according to the

structural changes created by the algorithm [82], from

optimization of parameters (simplest case) to learning the

rule set of a rule-based system (highest level of complex-

ity) [83]. The optimization of the parameter is the approach

used to adapt a different variety of fuzzy system, as in

genetic neuro-fuzzy systems or genetic fuzzy clustering

[84]. It was reported in [81] that genetic fuzzy rule-based

systems is the most well-known types of GFSs. It is

essential to differentiate between learning and adaptation

(tuning) problems in fuzzy systems. This is explained in

Table 1 [85].

The flowchart for simple GA for optimization of T2FLS

is shown in Fig. 5 (adapted from [28]). The GA was found

to be good in the optimization of co-active neuro-fuzzy

inference system [86].

5.3 Particle swarm optimization (PSO)

The PSO was introduced in by Eberhart and Kennedy [87].

It is an optimization algorithm based on social and popu-

lation behavior, just like flocking of bird or fish schooling.

The population in PSO is called swarm that can contain

many particles. At each iteration t, the position Pi
t of the ith

particle is updated using Eq. (15) [88]. The set S is updated

to the next iteration using Eq. (16) [88].

Vi
tþ1 ¼ Vi

t þ c1r1 Pi
best 	 Pi

t

� �
þ c2r2 gbest 	 Pi

t

� �
ð15Þ

Pi
tþ1 ¼ Pi

t þ Vi
tþ1 ð16Þ

where Pi
best is the best position attained for the individual

particle and gbest is the best position attained for the particle

among all the population. r1 and r2 are random numbers

between 0 and 1, while c1 and c2 are position constants

learning rate.

Modified PSO in the form of a constriction factor X, was

introduced in [89, 90] and is given by Eqs. (17) and (18). In

this, X controls the entire three components in the update

velocity rule, in order to reduce the velocity as search

progresses.

Vi
tþ1 ¼ X Vi

t þ c1r1 Pi
best 	 Pi

t

� �
þ c2r2 gbest 	 Pi

t

� �� 	
ð17Þ

X ¼ 2

2	 b	
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
b2 	 4b

p���
���
; b ¼ c1 þ c2 [ 4: ð18Þ

The velocity is restricted within ½	Vmax; þVmax�. If the
velocity deviates from this range, it has to be forced to be

within the range [88, 89].

PSO algorithm can be implemented easily and

demonstrates stable convergence when compared with

other optimization algorithms [69, 91–93]. PSO has the

following advantages over other conventional optimiza-

tion method [69]: PSO is less vulnerable to being trap-

ped in local minima because it is population-based

search algorithm and exhibits implicit parallelism. PSO

can also easily deal with non-differentiable and nonlinear

objective functions. In addition, PSO is more robust and

flexible than conventional methods, this is because it

uses probabilistic transition rules rather than determinis-

tic ones. Moreover, PSO has a unique feature of the

suppleness to accomplish a sound balance between the

local and global exploration of the search space. This

enhances the overall search capabilities and overcomes

the premature convergence problem, unlike GA and

other heuristic algorithms. The quality of the solution in

PSO is independent of the initial population, unlike the

traditional methods.

The flowchart for simple PSO applied to a T2FLS is

shown in Fig. 6 (adapted from [28]).
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5.4 Optimization of T2FLC by HO

There are many researches on the optimization of T2FLC

using HO algorithms. Success was recorded in most of

these researches. The review of these literatures is dis-

cussed in this section. The review in this section demon-

strates the effectiveness of using the HO algorithms for

automatic design of the T2FLC.

Martı́nez-Soto et al. [15, 56, 94] presented automatic

design of FLC using Hybrid PSO-GA method for mini-

mizing a steady state error of a plant’s response. Three

different plants were used as a benchmark, namely,

stable system, unstable system and trajectory tracking

control for autonomous mobile robot. Hybrid PSO-GA

method was used to adjust the parameters of the FLC. To

demonstrate the effectiveness and robustness of the hybrid

PSO-GA based FLC, comparison was made between GA,

PSO and Hybrid PSO-GA based FLC in different plant.

The simulation results show that the IT2FLC and T1FLC

obtained using hybrid PSO-GA was better than that of GA

and PSO. In addition, the results obtained by IT2FLC are

better than that of T1FLC in presence of disturbances.

They used objective function that minimizes the steady

state error using the average of the absolute error repre-

sented with the following equation:

EPT ¼
X

i¼n

abs rfðiÞ 	 crðiÞð Þ
2

ð19Þ

where rf is the trajectory reference, cr is the control

response and EPT is the average absolute error.

Table 1 Difference between learning and adaptation problem in fuzzy systems

Learning Adaptation

Involve the process of automated fuzzy rule sets design that starts from

scratch

Optimization of an existing fuzzy rule-based systems

Learning process perform a more elaborated search in the space of

possible rule-base or entire knowledge base, irrespective of the

predefined set of rules

Adaptation process assume a predefined rule-base and have the

objective of searching a set of optimal parameters for the data-base,

scaling function and MF

Termination 
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Evaluate fitness for 
each population 
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Create initial 
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Fig. 5 Flowchart of simple GA for optimization of T2FLS
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In Li et al. [95], the species-based hybrid electromag-

netism-like mechanism (EM) and back propagation (BP)

algorithm (SEMBP) were hybridize for the design of

interval type-2 neural systems with asymmetric MF

(AIT2FNS). The interval type-2 symmetric MF and the

TSK-type consequents part are adopted for the imple-

mentation of the network structure in AIT2FNS. SEMBP

was used to train AIT2FNS. The simulation results

obtained by nonlinear tracking control and bath tempera-

ture control show the performance and effectiveness of the

proposed method over the traditional PSO, GA, EM and

SEM. They used the objective function defined as:

Eð�Þ ¼ 1

2

X

k

yr kð Þ 	 y kð Þð Þ2 ð20Þ

where yr(k) is the desired trajectory, y(k) is the system

output, and k is the discrete time index.

Fayek et al. [12] presented the systematic design and

HO whereby PSO and GA optimize different parameters in

the same system and real-time implementation of IT2FLC

for control of position of DC servo motor. PSO and GA

were used for the optimization of controller input/output

gains, and MFs parameters, respectively. It was reported

that the proposed controller outperformed the T1FLC and

PI controller in terms of efficiency and effectiveness under

noise and disturbances. The objective function used in both

stages of the design process is a multiple-objective function

defined as:

FE ¼ O1 	 0:5O2 ð21Þ

where Oi ¼ IAE ¼
Pn

k¼1 eðkÞj j, O1 is the first objective

function, O2 is the second objective function, e(k) is the

error at kth point, and n is the number of points in the run.

Hsu and Juang [96] hybridized a species-differential-

evolution and continues ant colony optimization (SDE-

CACO) algorithms for improvement of IT2FLC perfor-

mance. New species SDE mutation operation was intro-

duced into a continuous ACO algorithm in order to

improve its explorative ability. The clustering-based

approach was used to generate all the IT2FLC rules online

during the evaluating leaning process. SDE-CACO was

used to optimize the free generated parameters of IT2FLC

online. The proposed algorithm was applied for simulta-

neous wall-following control and speed control of mobile

robot. Comparison was made between the continuous

ACO, PSO and DE. Based on the real-world experiments

and simulation results obtained, it was reported that the

proposed algorithm showed higher efficiency and effec-

tiveness in wall-following control and speed control over

comparative algorithms. They introduced the new objective

function that includes the following three principle factors

for successful wall-following control strategy: (1) making

smooth changes in steering angle; (2) moving at high

speed; (3) maintaining a proper distance from the wall

being followed. The overall control consists of two training

stages. Each stage has different objective function C1 and

C1 for stage one and stage two, respectively, as follows:

C1 ¼ f1 þ f2 þ f3 and C2 ¼ f1 þ f2 þ f3 þ f4 ð22Þ

where f1 ¼
PTTotal

t¼1
RDðtÞ	1j j

TTotal
; RDðtÞ ¼ S4ðtÞ

dwall
; f2 ¼ a2�PTTotal

t¼1
/ðtÞj j

TTotal
; f3 ¼ a3 � ðTTotal 	 TstopÞ; f4 ¼ a4�

1PTTotal

t¼1
dðtÞ=TTotal

: f1 is the average of the relative RD values

occurring over all TTotal time steps. f2 describes the inclu-

ded angle u between the robot front direction and the wall.

f3 describes the difference between TTotal and the time step

number TStop when a collision occurs. f4 is defined as the

inverse of the average moving speed. a2; a3 and a4 are

weighting coefficients.

A summary of presented publications where HO has

been used to optimize the T2FLC is presented in Table 2.

5.5 Optimization of T2FLC by GAs

Several studies have been done on optimization of T2FLC

using different variant of GA. Success was reported in most

of these works in different area of control applications.

Thus, this section presents the state-of-the-art review.

Sun et al. [13] proposed RNA genetic algorithm (RNA-

GA) for the optimization of MFs parameters associated

with T2FLC and T1FLC. Five nonlinear functions con-

straints were used to test the searching capability of the

RNA-GA. The performance of the optimized T2FLC and

T1FLC using RNA-GA and GA were tested on control of

the double inverted pendulum system under unexpected

disturbances. Integral of time weighted absolute value of

error (ITAE) was used as objective function. Based on the

experimental results obtained, it was found that the opti-

mized T2FLC demonstrates superiority in the elimination

of obstinate vibrations and oscillations over the optimized

T1FLC. In addition, comparative simulations show that the

RNA-GA optimized T2FLC better than the comparative

algorithms. Lu’s paper [19] proposes an IT2FLC with GA-

based type reduction algorithm for reduction of IT2FS as

well as to obtain the optimal defuzzified output from type

reduced set. The root-mean-square error (RMSE) was used

as an objective function. The proposed type reduction was

executed offline which reduced the computational cost

significantly and facilitate the design of IT2FLC operation

in real time. The proposed controller was applied on truck

backing control problem. The proposed IT2FLC outper-

formed the conventional IT2FLC in terms of robustness,

computational cost and speed.

Cervantes and Castillo [97] proposed a novel method for

complex control by combining several FLC. The proposed
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method is particularly useful for multivariable control

system. The method has two levels of hierarchical archi-

tecture (individual FLC and a superior control to adjust the

global result). Flight controls that require several individual

controller was used to test the behavior of the proposed

method. GA was used to adjust the parameter of the

T2FLC. The fitness function that quantifies the errors of

each controller was used as follows:

f ðYÞ

¼

Pn
i¼1

jyi
ref1

j
n

	
jyi

fs1
j

n
þ
Pn

i¼1

jyi
ref2

j
n

	
jyi

fs2
j

n
þ
Pn

i¼1

jyi
refm

j
n

	 jyi
fsm

j
n

� 

m

ð23Þ

where yref is the reference, yfs is the output of the controller

and n is the number of points of the dynamic response used

in the comparison, m stands for the number of the indi-

vidual controllers used. Based on the simulation result

obtained, it was concluded that the proposed method use

T2FLC and it decreases the control error and improve the

overall behavior of the plant when compared with the

T1FLC.

Maldonado et al. [98] authors optimized the average

approximation of an interval type-2 fuzzy logic controller

(AT2FLC) using multi-objective GA for hardware appli-

cations such as speed control of DC motor in FPGAs. The

researchers considered the combination of triangular and

trapezoidal T2-MFs of an AT2-FLC such that the GA

needs to optimize some parameters (adaptable) of the T2-

MFs in order to have less execution time. The composite

objective function that compromise between the minimum

overshoot, undershoot and steady state error was used as

shown in Eq. (24). The optimized AT2FLC was compared

with the optimized T1-FLC as well as the PID controller

tuned by Ziegler–Nichols method. The real-world experi-

ment’s results show that AT2FLC outperformed the

T1FLC and PID controller by observing the lower error in

presence of uncertainty.

The composite objective function is as follows:

U ¼
X

i¼1

xifiðxÞ; ð24Þ

where x is the positive value.

Castillo and Cervantes [99] used GA in the design of a

T1FLC and T2FLS for airplane longitudinal control. They

used three inputs (stick, rate of elevation and angle of attack)

to the controller. GAwas applied for the optimization ofMFs

of the fuzzy systems. The fitness function used is based on the

average error between the output of PID and fuzzy con-

trollers as shown in Eq. (25). Based on the simulation results

obtained, it was concluded that at higher levels of distur-

bances in the plant, the GA-based T2FLC outperform the

T1FLC as well as the PID controller.

Error ¼
Xn

i¼1

yiPID 	 yifuzzy

���
���

n
ð25Þ

where yPID is the output of the PID controller and yfuzzy is

the output of the fuzzy controller.

Melendez et al. [100] proposed the GA for the optimiza-

tion of an interval type-2 fuzzy reactive controller for

autonomous mobile robot. The hierarchical genetic algo-

rithm (HGA) was used for the optimization of fuzzy MF,

fuzzy rules and mobile robot power usage. To overcome the

problem of loop trajectory, the newmodule was added to the

system which consists of a monolithic neural network that is

used for detecting patterns of loop on the robot trajectory.

Based on the simulation results obtained, it was concluded

that HGA shows its effectiveness onmulti-objective task and

the proposed type-2 neuro-fuzzy allowed the HGA to opti-

mize the forward movement of the robot through the maze

and refrain from any type of collision with obstacles.

Cervantes and Castillo’s paper [101] presented statisti-

cal comparisons of T1FLC and T2FLC for control of water

level in three tanks. GA was used for optimization of MFs

for both controllers. MSE was used as an objective func-

tion. Three different paradigms, namely, empirical T1FLC,

GA-based T1FLC and GA-based T2FLC were used for

Table 2 Optimization of T2FLC using HO

References Hybrid

optimization

Algorithm/s

compared with

Controller/s

compared with

Results

Martı́nez-Soto et al. [15,

56, 94]

PSO ? GA GA and PSO T1FLC PSO ? GA better than GA and PSO. T2FLC

outperform T1FLC

Li et al. [95] EM ? BP PSO, GA and EM IT2FNS EM ? BP better than PSO and GA. AIT2FNS

better than IT2FNS

Fayek et al. [12] PSO ? GA Not compared T1FLC and PI T2FLC better than T1FLC and PI

Hsu and Juan [96] SDE ? CACO ACO, PSO and DE Not compared SDE ? CACO better than ACO, PSO and DE
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comparisons. It was concluded that based on the simulation

results obtained, the GA-based T2FLC shows better per-

formance compared to empirical T1FLC and GA-based

T1FLC. In the work of Bi et al. [102], a GA-based T2FLC

for single intersection signal control was proposed. GA was

used to optimize the MFs parameters of T2FLC. The

comparison results (simulation) show the superiority of

GA-based T2FLC over T1FLC as well as fixed time con-

trol in terms of reduction of vehicular delay and queue

length at the traffic intersection. The objective function

used is as follows:

OF ¼
Xn

l¼1

Dl
Rn þ Dl

GN

qgl þ qrl þ lqgl	1 þ lqrl	1
ð26Þ

where Dl
Rn andD

l
GN are the total delay time of the vehicles

in red phase and total wait time at green phase of l cycle,

respectively. qgl and qrl are the number of arrival vehicles

at green phase and red phase. lqgl and lqrl	1 are the staying

number of vehicles at different phase in the previous cycle.

Shill et al. [103] applied a real-coded quantum GA for

simultaneous optimization of T2FS and rule sets for control

of robot manipulators with unstructured dynamical uncer-

tainties. The main aim of their study is to make the design

of IT2FLC automatic. It was concluded that based on the

real-world experiment and simulation, quantum GA-based

T2FLC resisted noisy unstructured environment and suc-

ceeded in having higher control performance better than

the quantum GA-based T1FLC, traditional T1FLC, and

neural coded FLCs.

Moldonado and Castillo [104] described the automatic

design of an average type-2 fuzzy logic controller (AT2-

FLC) for DC motor speed control. The GA and PSO were

employed for optimization of parameters of AT2-FLC. The

objective function of PSO and GA considers three char-

acteristics that make them to be multi-objective type as

follows: minimum overshoot: if yðtÞ [ rðtÞ ! o1 ¼
minðyðtÞÞ 	 rðtÞ; minimum undershoot: o2 ¼ minðyðtÞÞ

��

	rðtÞj; minimum output steady state error: SSE ¼
P1000

t¼201 yðtÞ 	 rðtÞ where y tð Þ is the output of the system and

rðtÞ is the reference signal. Simulation was carried out in

FPGA using the xilinx system generator. Satisfactory

results were obtained for both GA and PSO. However, the

result obtained by GA was better than the results obtained

by PSO. In another work, Moldonado and Castillo [105]

used GA-based T2FLC for velocity regulation in DC

motor. Xilinx system generator of Xilinx ISE, and

MATLAB–Simulink for synthesizing the T2FLC in a very

high description language (VHDL) code for a field pro-

grammable gate array (FPGA) was used. GA was used to

optimize trapezoidal and triangular MFs of T2FLC and

T1FLC for hardware application such as FPGA. The same

objective function as the one presented in [104] was used.

The GA-based T2FLC, GA-based T1FLC and PID con-

troller tuned by Ziegler–Nichols method was compared. It

was reported that GA-based T2FLC outperformed GA-

based T1FLC as well as PID controller.

Li et al. [106] applied a single input rule modules

(SIRM)-connected T2FLC scheme for baking up control of

the truck-trailer system. The two most important tasks for

designing such SIRM-connected T2FLC are: design a

suitable SIRM for each input item and determine the

parameters of SIRM-connected T2FLC such as important

degree of input items, scaling factors and MF of T2FLC in

each SIRM. GA was used to optimize these parameters.

The control objective is to force the vertical position y,

trailer angle b, and relative angle a to be zero. The fol-

lowing fitness function was used:

J ¼
XS

s¼1

caIAEsðaÞ þ cbIAEsðbÞ þ cyIAEsðyÞ
� �

ð27Þ

where S is the number of initial conditions used. ca; cb and

cy are scaling factors. The comparison between T2FLC and

T1FLC was made. The simulation results show that the

proposed scheme with optimized T2FLC outperformed the

scheme with optimized T1FLC and gave less time backing

up the truck-trailer system from initial state to expected

state. Ghaemi et al. [107] presented the hybrid combination

of adaptive type-2 fuzzy logic control and sliding mode

control (SMC) called adaptive interval type-2 fuzzy pro-

portional integral sliding mode controller (AIT2FPISMC)

for the design of a robust control system with high level of

uncertainties and nonlinearity. The T2FLS was used to

approximate unknown nonlinear terms, PI was used to

eliminate chattering effect in SMC, and SMC was used to

address the issue of noise and disturbances. GA was

employed to tune the parameters of AIT2FPISMC. Mean

square error (MSE) for the closed loop control was con-

sidered as the fitness function. It was found that based on

the simulation results, the proposed controller has good

performance and was improved with GA. A summary of

review through which GAs have been used to optimize the

T2FLC is presented in Table 3.

5.6 Optimization of T2FLC by PSO

Many publications on optimization of T2FLC using dif-

ferent kinds of PSO exist in the literature. Thus, we review

the literature that used PSO for the optimization of auto-

matic design of T2FLC.

Hamza et al. [108] present the design of an optimal

Interval type 2 fuzzy proportional derivative controller

(IT2F-PDC) in cascade form, for rotary inverted pendulum

(RIP) system. The parameters associated with the IT2F-
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PDC are optimized using GA and PSO. The performance

characteristics considered for the controllers are steady

state error Ess, settling time ts, rise time tr, maximum

overshoot Mp, and control energy Eu as follows:

cos t ¼ 1

2
Mp þ Ess þ Eu

� �
	 e	c

2
tr 	 ts þ Ess þMp

� �

ð28Þ

where c is the weighing factor. Experimental and simula-

tion results indicated that the effectiveness and robustness

of the proposed GA-based and PSO-based controllers on

the RIP with respect to load disturbances, parameter vari-

ation, and noise effects have been improved over energy

based controller. However, the comparative results for

simulation and experiment based on cascade IT2F-PDC

indicate that GA-based IT2F-PDC has lower steady state

error, while PSO-based IT2F-PDC has lower overshoot,

settling time, and control energy, although both have

almost the same rise time.

Shahsadeghi et al. [92] presented an optimal type-2

fuzzy sliding mode (OT2FSM) controller for control of

general chaotic systems. The random inertia weigh PSO

(RNW-PSO) was used to adjust the parameters of the

controller including the input and output MFs coefficients

of type-2 fuzzy. The inertia weight enhances the efficiency

of the PSO by equilibrating the local exploitation and the

global exploration capabilities of the swarm. The MSE for

the closed loop control was considered as the fitness

function. The simulation results obtained by the proposed

controller were compared with that of optimal type-2

FPIDC and optimal H-infinity adaptive PID controller. It

was found that the proposed controller perform better than

the comparatives controllers. Niknam et al. [109] presented

an optimal type-2 sliding mode controller for class of

nonlinear uncertain systems under external disturbances.

RNW-PSO was used to adjust the parameters of the con-

troller as well as the input and output MFs coefficients of

type-2 fuzzy. The mean root squared error (MRSE) was

used as an objective function. Inverted pendulum system

was used as case study. Based on the simulation results, it

was concluded that the proposed controller is free of

chattering effect, robust and obtained the desired perfor-

mance. Khooban et al. [110] proposed the design of an

optimal type-2 FPIDC for air supply pressure of air-con-

ditioning, heating and ventilation systems. The coefficient

of PID and the input and output MFs parameters of

IT2FLC were simultaneously optimized by RNW-PSO.

MSE was considered as the fitness function. The simulation

result shows that the proposed controller outperformed the

PID, ANF and STFPIC controllers under the presence of

the uncertainties in the parameters of the model.

Allawi and Abdallah [111] proposed an IT2FLC for

multiple mobile robots. The researchers considered the

control of robot cooperation, target reaching task and

avoidance of collision during navigation. The parameter of

the proposed controller was adjusted using PSO. Fitness

Table 3 Optimization of T2FLC using GAs

References Algorithm(s) compared

with

Controller(s) compared with Results

Sun et al. [13] RNA-GA T1FLC RNA-GA better than GA. T2FLC better than

T1FLC

Lu [19] Not compared Conventional IT2FLC Proposed IT2FLC outperformed conventional

IT2FLC

Cervantes and Castillo [97] Not compared T1FLC T2FLC better than T1FLC

Maldonado et al. [98] Not compared T1FLC and PID AT2FLC better than T1FLC and PID

Castillo and Cervantes [99] Not compared T1FLC and PID T2FLC better than T1FLC and PID

Melendez et al. [100] Not compared Not compared Not compared

Cervantes et al. [101] Not compared T1FLC T2FLC better than T1FLC

Bi et al. [102] Not compared T1FLC and fixed time control T2FLC better than T1FLC and fixed time control

Shill et al. [103] No No, T1FLC and neural coded

FLS

T2FLC better than T1FLC and neural coded FLS

Moldonado and Castillo

[104]

PSO NO GA better than PSO

Moldonado and Castillo

[105]

Not compared T1FLC T2FLC better than T1FLC

Li et al. [106] Not compared T1FLC T2FLC better than T1FLC

Ghaemi et al. [107] Not compared Not compared Not compared
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function which constitutes the number of robots and col-

lision time was used as follows:

fitnessi ¼
1

2

Xn

j¼1;j 6¼i

k

tcij

� 2

ð29Þ

where n is the number of robots, tcij is the collision time

between robot i and robot j and k is the constant. Hybrid

reciprocal velocity obstacles were used for avoidance of

collision. They used two real E-peck mobile robots for

experimental testing. It was concluded that the robot navi-

gation efficiency was increased for optimized IT2FLC in

both simulation and experimental results compared with

IT2FLC.Maldonado et al. [93] presented the optimization of

MFs of average approximation of an interval type-2 fuzzy

logic controller (AT2FLC) using PSO. The same objective

function as presented in [104] was used. To minimize the

running time, the fuzzy rules were not modified and only

certain point of MFs were considered. The proposed method

was applied for regulation of speed of DC motor, and it is

coded in VHDL for a FPGA Xilinx Spartan 3A. The exper-

imental results obtained by PSOwere comparedwith the one

obtained byGAwhich indicated that, PSO has faster running

time than GA. Baklouti and Alimi [14] propose a new

adaptive learning procedure of IT2FLC for design of robot

navigation planning task. Real-time PSO techniquewas used

to instantaneously optimize the MFs of the IT2FLC. The

fitness function that minimize the angular velocity smooth-

ness index was used. The ‘‘iRobot create’’ was used as

benchmark. It was concluded that based on the real-world

experimental results found, the proposedmethod gives a free

collision trajectory and smooth path for navigation of the

robot. Panda et al. [112] presented a PSO-based IT2FLC for

the design of power system stabilizer for damping oscilla-

tions in power transmission line. The proposed controller

was tested on the single machine infinite bus and multiple

machine infinite bus. PSO algorithm was used to optimize

the MFs of the IT2FLC. The objective function of PSO that

minimize four characteristics (settling time, peak time,

undershoot and overshoot) was considered. The proposed

controller was compared with the optimal T1FLC and opti-

mal lead-lag controller. Based on the simulation results

obtained, it was reported that the proposed controller was

found to be more robust with respect to the different distur-

bances and system parameters variations. A summary of the

publications in which PSO was applied for the optimization

of the T2FLC is presented in Table 4.

5.7 Other meta-heuristic optimization algorithms

in the optimization of T2FLC

Several works on optimization of T2FLC using different

types of optimization algorithms have been reported in

literature. Success was recorded in most of these researches

in different areas of applications. The review of the rep-

resentative of these types of research was presented in this

section to demonstrate the effectiveness of using the cor-

responding optimization method for automatic design of

T2FLC.

Castillo et al. [113] presented an ACO and PSO

method for adjusting the MFs parameters of an IT2FLC

for design of an optimal intelligent controller for trajec-

tory tracking control of autonomous mobile robot. The

MSE for the closed loop control was considered as the

fitness function. The statistical analysis shows that the

ACO outperformed PSO and GA in this particular control

and IT2FLC outperformed T1FLC. Yesil [114] propose a

BB–BC optimization design strategy of interval type-2

fuzzy PID (IT2FPID) controllers for load frequency con-

trol in power systems. The BB–BC optimization was used

to adjust the FOU, MFs and the scaling factor of IT2FPID

controllers. The integral of time and absolute error (ITAE)

was used as objective function. Four area interconnected

power system was used as a benchmark. Based on the

simulation results, the comparisons were made between

the proposed method, T1FLPID and conventional PID,

while all the controllers were optimized using BB–BC.

The IT2FPID controllers operate 51.5 and 76.5 % better

than the T1FPID and PID, respectively. A novel appli-

cation of BB–BC for optimization of cascade structure of

IT2FPID and its antecedent MF parameters was presented

by Kumbasar and Hagras [22]. The proposed controller

was applied for the path tracking control of PIONEER3-

DX mobile robot. Several experiments in both simulation

and real world were performed. IAE was used as a per-

formance measure for both inner and outer loop. The

proposed controller was compared with self-tuning

T1FPID structure as well as PID and T1FPID counterpart

which were optimized using BB–BC. The results obtained

illustrate that the IT2FPID structure enhanced the control

performance significantly in the presence of disturbances

and uncertainties when compared with self-tuning, BB–

BC-based PID and BB–BC-based T1FPID structures. In

addition, they also show that the reason for superior

control performance of IT2FPID controller is not just

because it has extra parameters, but rather is in the way it

is dealing with noise and uncertainty present in real world

compared with self-tuning T1FPIDC. In addition, BB–BC

gives high-quality solution with less computational time

when compared with PSO.

El-Nagar and El-Bardini [26] proposed the IT2FNN

controller for hardware-in-the-loop simulation to simulate

the control of a multivariable anesthesia system. The

antecedent part consists of IT2F linguistic process, while

the consequent part consists of interval neural network.

BPA was used for online training of parameters of
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IT2FNN. The performance criteria used are ISE, ITAE and

RMSE. The experimental result obtained by the proposed

controller outperformed the one obtained by the adaptive

IT2FLC and T1FNN controller under uncertainties in terms

of settling time and overshoot. Kiani et al.’s paper [23]

presented the optimal design of IT2FLC for automatic

voltage regulator system. Bacterial foraging optimization

algorithm (BFOA) was used for tuning the MFs of

IT2FLC. They consider the following fitness function in

the simulation:

min
k JðkÞ ¼ Ge

ZT

0

e2ðtÞdt þ Gu

ZT

0

u2ðtÞdt þ GMMp ð30Þ

where e(t) is the error, u(t) is the control signal, T is the

running time, Mp is the overshoot, and Ge, Gu, and GM are

the weighted constants. The simulation results obtained

indicated that the BFOA outperform the extended discrete

action reinforcement learning automata (EDARLA) under

noise. Sayed et al. [24] presented a modified biogeography-

based optimization algorithm (MBBO) for design of an

IT2FLC for the improvement of the performance of

Egyptian second testing nuclear research reactor. MBBO

was employed in designing the IT2FLC in order to get

optimal parameters of MFs of the controller. ISE was used

as an objective function. In the simulation, IT2FLC

obtained the best performance and ISE index compared to

PD controller. In another work by Sayed et al. [115], an

optimal design of IT2FLC for performance improvement

of the plant control systems was presented. The MBBO and

PSO were used for tuning the MFs parameters of IT2FLC.

ISE was used as an OF. The proposed controller was tested

on two plants with different complexity (stable and

unstable). The simulation results obtained by MBBO are

better than the PSO based on running time and overshoot.

Melin et al. [116] presented an optimal design of FLC for

tracking problem of the dynamic model of a unicycle

mobile robot under perturbed torques. CO was used for

searching the optimal parameters of IT2FLC and T1FLC.

ISE was used as an objective function. Both experimental

and simulation results show that the CO outperform the

GA, PSO and ACO. Also CO-based IT2FLC outperformed

the CO-based T1FLC. Astudillo et al. [25, 117] applied the

chemical reaction optimization (CRO) method for optimal

design of IT2FLC for tracking control of unicycle auton-

omous mobile robot. CRO was used to search for the gain

constants and MFs parameters involved in the tracking

controller. ISE was used as an OF. Both experimental and

simulation results show that the best error obtained by

CRO was similar with the one obtained with GA with less

running time.

Li et al. [118] proposed IT2FLS-based data-driven

strategy for modeling and optimization of thermal com-

fort words and energy consumption. The multi-objective

optimization was used to optimize the temperature range

through energy consumption and balancing the thermal

comfort including MFs of the FLS. The results found in

the simulation indicated that the specific room showed the

robustness and effectiveness of the proposed method.

Cortes-Rios et al. [119] propose the parallel model

implementation of simple tuning algorithm (STA) for

IT2FLC. The effect of AND/OR operators combinations

on fuzzy rules, new integral criteria parameters, and

mechanism to calculate the feedback gain are included to

improve the algorithm applicability and performance.

ISE, IAE, ITSE and ITAE were considering as perfor-

mance criteria. The STA-based IT2FLC was tested using

Hagglund and Astrom benchmark systems, and their

performance was compared with that of PID controllers.

Good performance of the proposed method was achieved

compared to PID controller based on simulation and

experimental results.

Table 4 Optimization of T2FLC using PSO

References Algorithm(s)

comparison with

Controller(s) compared with Results

Hamza et al. [108] GA Energy based controller T2FLC better than energy based controller,

PSO better than GA

Shahsadeghi et al. [92] Not compared PID T2FLC better than PID

Niknam et al. [109] Not compared Not compared Not compared

Khooban et al. [110] Not compared PID, ANF and STFPIC T2FLC better than PID, ANF and STFPIC

Allawi and Abdallah [111] Not compared Unoptimized T2FLC Optimal T2FLC better than unoptimized T2FLC

Maldonado et al. [93] GA Not compared PSO better than GA

Baklouti and Alimi [14] Not compared T1FLC T2FLC better than T1FLC

Panda et al. [112] Not compared T1FLC and lead lag controller T2FLC better than T1FLC and lead lag controller
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Liu et al. [29] presented an optimal solution to a solid

transportation problem (STP) with Tabu search algorithm

(TSA)-based type-2 fuzzy variables. ISE was used as an

OF. Three types of new defuzzification criteria for type-2

fuzzy variables were proposed such as expected value,

optimistic value and pessimistic value. The multi fold

fuzzy STP is formulated as the chance-constrained pro-

gramming model with minimum cost of expected trans-

portation. The application and effectiveness of the

proposed method was illustrated using numerical experi-

ments, and it was found to advance performance over state-

of-the-art methods.

A summary of presented publications in which other

optimization methods that have been used to optimize the

T2FLC is presented in Table 5.

6 Future trend and general overview
of the research area

The general summary of the area of this research, i.e., the

applications of meta-heuristic optimization algorithms in

the design of T2FLCs is presented in this section. Based on

the review of this area, the possible future trends that can

be visualized were discussed. The complex problems of

different kind of control (robotic, power systems, motor

systems, mechanical systems etc.) with high level of noise

and/or uncertainties can be handled properly by type-2

fuzzy systems. In recent years, the applications of type-2

fuzzy systems in intelligent control have become a com-

mon practice. It is widely known that the FLS design is not

a simple task, particularly the design of T2FLS (IT2FLS

and GT2FLS). This is due to the fact that IT2FLS has more

design parameters than the T1FLS and the GT2FLS has

more design parameters than IT2FLS. GAs, PSO, ACO

have been used in automatic design of type-1 as well as

type-2 systems that made it to become a standard practice

[11]. Now the trend has been extended to the use of the

combination of more than one optimization algorithms in

solving a problem. This method is referred to as HO.

The summary of total publications per year from 2012 to

date in the area of T2FLC optimization is shown in Fig. 7a.

It can be noted that the total number of publications for

2012 to date is increasing per year (although, at this

moment the information of 2015 is not yet complete). It

can be stated that the trend in the area of design of T2FLC

using optimization method is increasing yearly and this

trend is expected to continue in the future because T2FLSs

have been used more frequently in this area of research.

Based on this review, it is noteworthy to state that, to the

best of our knowledge, most of the applications in the area

of T2FLS use the IT2FLS and only few applications con-

sidered the use of GT2FLS like [27, 33, 34]. For example,

Kumbasar and Hagras [35] presented the novel zSlices-

based general type-2 fuzzy proportional integral controller

(zGT2FPIC). The propose zGT2FPIC combine the advan-

tages of interval type-2 fuzzy PI controller (IT2FPIC) (i.e.,

robust control performance) and type-1 fuzzy PI controller

(T1FPIC) (i.e., acceptable transient and disturbance rejec-

tion performance). The secondary MF of the antecedent

GT2FS are adjusted in an online manner. The effect of the

secondary MF on the closed system control performance

improvement was examined. PIONEER 3-DX mobile

robot was used as a benchmark. It was concluded that

based on the simulation and real-world experiment results

obtained, self-tuning zGT2FPIC is more robust to noise,

disturbances, and uncertainties when compared with the

IT2FPIC and T1FPIC. Sanchez et al. [33] compares the

performance of GT2FLC, IT2FLC and T1FLC for control

of mobile robot. It was observed that based on the simu-

lation results and in the presence of external noise (band-

limited white noise, pulse noise and uniform random

number noise), GT2FLC outperforms their IT2FLC and

T1FLC counterparts. ITAE, ITSE, IAE and ISE were used

as the performance indexes. The low application of

GT2GLS in literature is due to the difficulty in processing

and managing the GT2FS, but with the invaluable work

presented in [10, 40–47], it is expected that GT2FLS will

become more standard in the area of T2FLS, which will

eventually need more powerful optimization techniques. It

is worth mentioning that based on this review, only few

papers used the optimization based design to employ

T2FLC in real-world environment. The following literature

implements the IT2FLC in real-world environment [12–14,

22, 25, 26, 96, 98, 103, 108, 111, 116, 119], while only [35]

implements the GT2FLC in real-world environment.

The distribution of the published papers in optimization

based design of T2FLC according to the different opti-

mization methods mentioned previously is shown in

Fig. 7b. It can be noted that, to this moment GA and PSO

are in the front line in optimization of T2FLS. However,

the application of HO in T2FLC is increasing. This is due

to the fact that recently in more complex works, the HO is

able to outperform (in terms of less running time, less

computation and better in multi-objective task) the tradi-

tional optimization methods (such as GA, PSO, FA) in

different applications.

It is hard to declare one of these techniques as the best

for optimization of T2FLS at the moment. This is because

all of the reviewed methods have a record as successful

methods of optimization of T2FLS in some applications.

Although the HO method has outperformed some con-

ventional optimization methods (such as genetic algo-

rithms, PSO and firefly algorithm) in different applications,

it cannot be declared as the best since it is not compared

with all of the methods. In any case, the need of application
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of optimization method in design of type-2 fuzzy systems

was justified. This is due to the complexity in the design.

Furthermore, it is advisable not to use gradient-based

algorithms in optimizing T2FLS because the computations

for MFs parameters will become much more complicated

[10] Therefore, researchers in this area should use the

derivative free algorithms such as QPSO, SA, PSO, GA

ACO etc. or their combination to form hybrid. We suggest

the use recurrent neural networks with hybrid meta-

heuristic cuckoo search [120] for the optimization of

T2FLS.

To the best of our knowledge, there are many types of

optimization techniques that have not yet been applied to

the optimization of T2FLC. These techniques include grid

Table 5 Optimization of type-2 fuzzy systems using other optimization algorithms

References Algorithm proposed Algorithm(s)

compared with

Controller(s) compared with Results

Castillo et al. [113] Ant colony

optimization

PSO and GA T1FLC T2FLC better than T1FLC and

ACO

better than PSO and GA

Yesil [114] Big bang–big crunch Not compared T1FLC and PID T2FLC better than T1FLC and PID

Kumbasar and

Hagras [22]

Big bang–big crunch PSO Self-tuning T1FPIDC, BB–BC-based

T1FPIDC and PID

T2FPID better than Self-tuning

T1FPIDC,

BB–BC-based T1FPIDC and PID

El-Nagar et al. [26] Back propagation

algorithm

Not compared Adaptive IT2FLC and T1FLC T2FLC better than adaptive

IT2FLC and T1FLC

Kiani et al. [23] Bacterial foraging

optimization

EDARLA Not compared BFO better than EDARLA

Sayed et al. [24] Biogeography

optimization

Not compared PD T2FLC better than PD

Sayed et al. [115] Biogeography

optimization

PSO Not compared MBBO better than PSO

Melin et al. [116] Chemical optimization GA, PSO and

ACO

T1FLC T2FLC better than T1FLC and CO

better than GA, PSO and ACO

Astudillo et al. [25,

117]

Chemical optimization GA Not compared CO better than GA

Li et al. [118] Multi-objective

optimization

Not compared Not compared Not compared

Cortes-Rios et al.

[119]

Simple tuning

optimization

Not compared PID T2FLC better than PID

Liu et al. [29] Tabu search

optimization

Not compared Not compared Not compared
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search, genetic programming, harmony computing, mem-

brane computing, cuckoo search optimization, bat algo-

rithm, bee colony optimization, simulated annealing, firefly

algorithm (although some of these optimization methods

have been applied to the design of type-2 fuzzy, common

applications are for time series prediction, classification,

clustering and pattern recognition as in literatures [27,

121]). Also, we recommend the optimization of T2FLC

using flower pollination algorithm in view of the fact that it

shows performance improvement over many meta-heuristic

algorithms [122]. It is expected that these optimization

methods as well as those that will be proposed in the future

will be applied in further studies in order to determine their

effectiveness in the area designing of T2FLS.

7 Conclusions

Evaluating the best values of parameters and structure in

design of T2FLSs is a difficult task. Meta-heuristic

optimization algorithms have been used in order to solve

this problem. Recently, the use of HO is attracting

tremendous attention in this area of research. A review

on optimizing the design of T2FLCs was presented in

this paper. This review is to justify the need of opti-

mization of parameters associated with type-2 fuzzy

systems for different applications. The application of HO,

genetic algorithms and PSO is considered as the three

algorithms that assist in optimal design of type-2 fuzzy

controllers. To date, the most frequently used optimiza-

tion methods in this area of research are genetic algo-

rithms, particle swarm optimization and HO. The purpose

of this review paper is to expose various optimization

techniques for type-2 fuzzy controller to the researchers

and use this as a guide for further advancement of

research and explore other techniques that have received

little or no attention.
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