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Abstract—A Type-2 Fuzzy logic controller adapted
with genetic algorithm, called type-2 genetic fuzzy
logic controller (T2GFLC), is presented in this paper
to handle uncertainty with dynamic optimal learning.
Genetic algorithm is employed to simultaneous design
of type-2 membership functions and rule sets for type-
2 fuzzy logic controllers. Traditional fuzzy logic
controllers (FLCs), often termed as type-1 fuzzy logic
systems using type-1 fuzzy sets, cannot handle large
amount of uncertainties present in many real
environments. Therefore, recently type-2 FLC has
been proposed. The type-2 FLC can be considered as
a collection of different embedded type-1 FLCs.
However, the current design process of type-2 FLC is
not automatic and relies on human experts. The
purpose of our study is to make the design process
automatic. Moreover, to reduce the computation time
of T2GFLC an efficient type-reduction strategy for
interval type-2 fuzzy set is also introduced. The
evolved type-2 FLCs can deal with large amount of
uncertainties and exhibit better performance for the
mobile robot. Furthermore, it has outperformed their
type-1 counterparts as well as the adaptive type-1
FLCs.

Index Terms—Interval Type-2 FLC, Interval Type-2
Fuzzy  Sets, Genetic-Algorithms,  Mobile  Robot,
Optimization.

I. INTRODUCTION

uzzy systems are fundamental

methodologies to represent and process

linguistic information, with mechanisms to
deal with uncertainty and imprecision. With such
remarkable attributes, fuzzy systems have been
widely and successfully applied to control,
classification and modeling problem and in a
considerable number of applications. A fuzzy model
is a set of fuzzy rules and the associated membership
functions (MFs) that maps inputs to outputs. Fuzzy
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rules and MFs are either provided by human experts
or learned from sample data. Many decision-making
and problem-solving tasks are too complex to be
understood quantitatively. People however succeed by
using knowledge that is imprecise rather than precise.
The construction of fuzzy logic controllers (FLCs)
based on the appropriate expert knowledge base (KB)
can be quick and effective. On the other hand, without
such an expert KB the design of FLCs can be
frustrating as it relies on trial and error rather than a
guided approach.

To surmount this shortcoming, genetic algorithms
(GAs) can be considered as a powerful tool to
perform tasks such as generation of fuzzy rule base
(RB), optimization of fuzzy RB, generation of MFs,
and tuning of MFs types. These algorithms mimics
the natural evolution and provide an effective way for
searching a large and complex solution space to
give close to optimal solutions in much faster
times than random trial-and-error.

For most fuzzy logic control problems, the most
important issue is to determine the parameters that
define the type-2 MFs. Because of this, the type-2
MFs optimization problems can be converted to
parameter optimization problems. These parameters
are generally based on the expert KB that is derived
from heuristic knowledge of experienced control
engineers and/or generated automatically. A variety of
methods such as GAs, neural networks (NNs) have
been used to improve the behavior of parameter
optimization problem as well as selection and
definition of fuzzy rules.

Mendel [1] and Hagras [2] have shown that the
type-1 fuzzy logic systems (FLSs) may be unable to
model and minimize the effect of uncertainties that
prevails’ in the real world applications. One
restriction is that a type-1 fuzzy set is certain in the
logic where the membership grade for each input is a
crisp value. On the other hand, interval type-2 FLCs
(that use interval type-2 fuzzy sets, characterized by
fuzzy MFs) can handle the uncertainties.

GA was used by Martinez [3] in optimization of
type-2 FLC. He applied GA to design FLC for the
control of the perturbed autonomous wheeled mobile
robot. Melin and Castillo [4] proposed a method
based on type-2 fuzzy sets and neural networks called
neuro-fuzzy to learn the parameters of the fuzzy
system for intelligent control of nonlinear dynamic
plants. Tan [5] used GA to optimize the parameters of
FLCs. His proposed approach used mixed (type-1 and
type-2) fuzzy sets for real time control.
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Type-1 fuzzy logic controllers (FLCs) are known
for their ability to compensate for structured and
unstructured uncertainties, to a certain degree.
However, type-2 fuzzy engines have been credited to
be more powerful in compensating for even higher
degrees of uncertainties [6]-[8]. They are particularly
suitable for time-variant systems with unknown time-
varying dynamics. They also allow for more
flexibility to alleviate the problems associated to the
uncertainties pertaining to the choice of the system’s
fuzzy control rules and fuzzy membership functions.

This paper highlights a contribution to the
development of type-2 fuzzy logic controller with
GA.GA is employed to the simultaneous design of
type-2 MFs and rule sets for type-2 fuzzy logic
controllers. It is found that our proposed integrated
architecture is able to generate comprehensible and
reliable fuzzy rules and tuning the optimal MFs
parameters by a self-learning adaptive method. We
simulated type-1 and type-2 fuzzy logic controllers to
perform a comparative analysis of the systems'
response, in the presence of uncertainty.

The rest of the paper is organized as follows:
Section Il presents an introductory explanation of
type-2 fuzzy sets and FLC. In Section Il presents the
problem statement and the kinematic and dynamic
models of the mobile robot. Section 1V we introduce
the key ideas of our approach called the type-2
genetic fuzzy logic controller (T2GFLC), Section V
provides a simulation study of the mobile robot using
the controller described in Section IV. Section VI
describes the sensitivity of T2GLC with respect to the
type reduction strategy. Finally, Section VII presents
some concluding remarks and some future directions.

Il. TYPE-2 FUzzY SETS AND FLC

A. Interval Type-2 Fuzzy sets

The concept of a type-2 fuzzy set was introduced
by Prof. Zadeh [9] in 1975. A type-2 fuzzy set is
defined by membership function. The fuzzy grade of
that is a fuzzy set in the closed interval [0,1] rather
than a point in [0,1].

Lower
Membership

Foot print of Function (LMF)

Uncertainty(FOU
Upper
Membership
Function (UMF)

m

0 2 4 6 8 10
Fig. 1 An Interval type-2 fuzzy set.

A type-2 fuzzy set, denoted as A , is characterized
by a type-2 membership function . (x,u) [10],
A

where xe X and ueJ, c[0]],ie,

;\={((x,u),,uA(x,u))|vX eX V,elyc[04]} in which
OS,uA(x,u)sl. A can also be expressed as follows

[10]:

AZIXEXIUQJX#A(XIU) /(X’u) JX 6[0,1] Where

J.J. denotes union over all admissible x and u. J, is
called primary membership of x, where J,<[0,] for

v, € X [10]. The uncertainty in the primary

memberships of a type-2 fuzzy set A, consists of a
bounded region that is called the footprint of
uncertainty (FOU)[10]. It is the union of all primary
memberships [10].

B. Type-2FLC

A type-2 FLC comprises five components, which
are fuzzifier, knowledge base (KB) consisting of rule
base (RB) and database (DB), fuzzy inference engine,
type- reducer and defuzzifier as depicted in Fig. 2.

Output Processing

Knowledge : "
Base i| Defuzzifier :_Erisp
RB DB : A 10utputs
! [Type-0)
Crisp Inputs : I
e 1 - S
»| Fuzzifier i| Type-Reducer m&
L____ A _ _ _ _ireduced
set (Type-
Fuzzy Inference Engine &)
Type-2 Output
Type-2 Input fuzzy sets
fuzzy sets
Fig. 2 A type-2 FLC.
B.1 Fuzzifier

Since the input is in crisp normalized values, a
fuzzification operator fuzz is used to fuzzify it in
fuzzy form. The fuzzifier maps a crisp input vector
with p inputs
X= (X, Xp) ' € Xy x Xpxox Xy = X into

input fuzzy sets, Ax [11-12]. However, we will use
most frequently used singleton fuzzification method
as it is fast to compute and thus it is suitable for
mobile real time operation. In the singleton fuzzifier,

fuzzy set A has only a single point of non-zero
membership with support x; , where gz (x,u) =1for
A

x=X and u-(x,u)=0 for x=X; which input
A

measurement x is perfect crisp.

Green University Press



SHILL ET AL: ADAPTIVE INTERVAL TYPE-2 FUZZY LOGIC CONTROLLER FOR AUTONOMOUS MOBILE ROBOT

B.2 Rule base

The rules will remain the same as in type-1 FLC
but the antecedents and consequents will be
represented by interval type-2 fuzzy sets [12]. Like
most FLCs [13], the FLC discussed here applies the
concepts of fuzzy implication and the compositional
rules of inference for approximate reasoning. Suppose
that we need to design a multiple-input-multiple-
output (MIMO) mobile robot type-2 FLC having p

inputs % € Xq,.oenne. Xp € X, and ¢ outputs

Vi €Yi,..... ¥ €Y, with ith fuzzy rule of the form:

Rumo = IF X is K ...... andx, is F;, THEN

and Gj,.....G. are the

antecedent and consequent MFs associated with the
linguistic p input variables and ¢ output variables,
respectively, and M is the number of rules in the rule
base.

B.3 Fuzzy Inference Engine

The fuzzy inference engine combines rules and
gives a mapping from type-2 fuzzy sets in the input

universe of discourse U e R"to type-2 fuzzy sets in
the output universe of discourse V € R based on the
fuzzy logic principle. The structure of ith type-2 rule
is having one output y, Y, :

P~

R':FixFjx...xF) -Gy and the type-2 fuzzy
relation can be expressed by membership function as:

denotes meet operation.

,where H The

membership grades in the input type-2 fuzzy sets are
combined with those in the output type-2 fuzzy sets
using the extended sup-star composition; multiple
rules are combined using the Join operation. They are
defined and explained in a greater detail in [14]-[15].

B.4 Type- reduction

Type-reduction is that when an interval type-2
fuzzy sets is reduced to an interval-valued type-1
fuzzy set and then these type reduced sets are
defuzzified to obtain crisp outputs. In this paper we
will use centroid type reduction due to its reasonable
computational complexity. For the centroid type
reduction process, firstly combines the output type-2
fuzzy sets using union [4] (minimum t-norm),

S Mo .
B=(J_B' as
M
us=1om 0 vy ey
,where £ (y) is the secondary membership function
B

for the Ith rule and it depends on join and meet
operation. The centroid type reduction calculates the

centroid of B . The type reduced set using the
centroid type reduction can be expressed as:

Yo (X)= [
- Hle‘]yl
I If @)% ... xf (O )]/M
y1 (@)% WO R
N S i=1"

,where i=1,....,N. To compute this process, at first y
domain is discretized into N points and then Jy, is

discretized into T; (i=0,1,...N) points. Total number of
. . N
computations is HHTi .

B.5 Defuzzification
After the type-reduction stage, Defuzzify the type
reduced interval set y.(x), determined by its left
-

most y, and right most point y, using the average of
of y, and y, . Hence the defuzzified crisp output is

Y(X): yl +yl‘
- 2

I1l.  MATHEMATICAL FORMULATION OF THE
PROBLEM

A mobile robot has to move from an initial position
to the target (dock) by avoiding collisions with a
single stationary obstacle in optimal path. It may have
to move along a straight path or take a turn depending
on the current situations in order to generate a
collision-free path. The problem is taken from [16].
Figure 3 depicts the simulated geometry for the robot
and loading dock schematically, in which mobile
robot is moving among single stationary obstacles, in
the same workspace. The control system must find
incrementally a path to the loading dock,
independently of the initial position of the robot.

The path planning of the mobile robot is
determined by the three input variables x, y and ¢ ,

(considered as a point mass), where x and y are the

TABLE |
DEFINITION OF LINGUISTIC VARIABLE.

X @ [

NL-Negative Large NB-Negative Large

LE-Left End NM-Negative Medium NM-Negative Medium
LC-Left Center NS-Negative Small NS-Negative Small
CE-Center ZE-Zero ZE-Zero
RC-Right Center PS-Positive Small PS-Positive Small
RE-Right End PM-positive Medium PM-positive Medium

PL-Positive Large PB-Positive Large

Cartesian co-ordinates of the mobile robot and ¢ is

the robot direction angle relative to the horizontal axis
x. The output variable is the control steering signal 6.
As a first investigation, let us assume that there exists
enough clearance between the robot, the walls and the
obstacle in the workspace so that we can ignore the y-
position co-ordinate of the robot. The co-ordinate y

_ Green University Press



GUB JOURNAL OF SCIENCE AND ENGINEERING, VOLUME 1, ISSUE 1, JULY 2014

will be re-introduced into the discussion shortly. The
state spaces of two inputs are -115°<¢$<2950 &
0<x<100, and one output & within [-40°, 40°]. At
every stage, the simulated mobile robot only moved
forward until it hits the border of the loading dock.
The final states (x;,#; ) will be equal or close to (10,

90°%. The robot kinematics model is described by the
following dynamic equations.

@ Destination

M
@ Obstacle

Workspace

Fig. 3 Mobile Robot and loading dock illustration.

Xty = X; +C0S(¢ + 6, ) +sin(g,)sin(6,),

Yesa = Yi +sin(g +6,) —sin(g; ) sin(6;)
o =y —sin ()
where | is the length of the robot, we assume 1=4.
Egs. (1) will be used to derive the next state when
present state and control are given. This experiment
should be considered as an example of highly
nonlinear complex problems. In this application we
compare the performances of two differences i.e.,
type-1 FLCs called type-1 genetic fuzzy logic
controller (TLGFLC) and T2GFLC.

V. HYBRID GENETIC-FUZZY OPTIMIZATION OF
THE TYPE-2 FLCS

A genetic-type-2 fuzzy system depict in Fig.4 is a
fuzzy system that uses a learning algorithm derived
from genetic algorithm theory to determine its
parameters (type- 2 fuzzy sets and fuzzy control
rules). One of the most important factors for

we consider using Gaussian Interval Type-2 MFs to
each one of our three variables. At the same time, we
also employed GA for the selection and definition of
RB of type-2 FLC.

A Encoding

Often one of the main challenges in designing a
genetic algorithm to find a solution to a problem
is finding a suitable way to encode the parameters. A
chromosome is an encoded string of possible
values for the parameters to be optimized. In this
case, a chromosome is encodedby the defining
parameters of interval type-2 MFs to each one of our
three variables: x, ¢ (input variables) and control
action ¢(output variable) and the parameters of fuzzy
control rules.

Inputs and their ranges Outputs and their ranges

R v

Divide input ranges in Divide output ranges
different regions in different regions

Self-Learning Mechanism

GA Knowledge Base -
Generator Block o

v

Knowledge Base
v

Type-2 FLC !
Evaluator Block

_________

Fig. 4 Integration of type-2 FLCs and GA.

For this study, the domains for x, ¢ and 6 are
divided into 5, 7 and 7 interval type-2 fuzzy sets
respectively. The linguistic terms (MFs) for each of
the input and output variables are used to describe

l......5 1.7 1....... 10 1....... 14 1 2, 14 1 35
R(Control R, (Control
My1 ..Mys Mgy ..Mg7 | Ox1 ... Ox10041 ...0¢p14 001002 -- .o Ob14 parameter) parameter)

Standardeeviation

MeYans
\ (Inputs: X, @)

(Inputs: x, @)

Standardeeviation

A RuIYe set

(Output:0) Parameters

Token defining the MFs

|

Token defining the Rule-set

Fig. 5 GA coding schema of type-2 FLC (Chromosome).

designing an effective type-2 FLC is to determine the
optimal type-2 FLC parameters quickly and
efficiently. In this paper, we employed GA to
optimize the parameters of the MFs of Type-2 FLC;

them, as in the following Table I. Here, each input
and output type-2 MF is characterized by three
parameters, one mean and two standard deviations.
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Thus, 57 genes are used to represent the type-2 MFs
FLC inputs and outputs.

An important characteristic of fuzzy models, FM, is
the partitioning of the input and output space of
system variables (input, output) into fuzzy regions
using fuzzy sets [17]. The range of x is divided into
five non-uniform intervals [0, 32.5], [32.5, 47.5],
[47.5, 52.5], [52.5, 67.5], and [67.5, 100] and they are
represented by five linguistic variables LE, LC, CE,
RC and RE respectively. The range of ¢ is divided
into seven non-uniform regions [-115, -27.5], [-27.5,
46], [46, 86.5],[86.5, 98.5] , [98.5, 146], [146, 216],
[216, 295] and then they are represented by seven
linguistic variables NL, NM, NS, ZE, PS, PM, and PL
respectively. Similarly seven divided regions of the
range of 9, [-40, -28], [-28, -12.5], [-12.5, -2.5], [-2.5,
2.5], [2.5, 12.5], [12.5, 28], [28, 40Q] are represented
by variables NB, NM, NS, ZE, PS, PM and PB.

In this study five and seven gaussian type-2 fuzzy
sets were used to partition the input spaces x and ¢

respectively and seven gaussian type-2 fuzzy sets for
output spaces. The rule base, then, contains thirty-five
(7 x 5) rules to account for every possible
combination of input fuzzy sets. The fuzzy control if
then rules are of the form: If x is ({LE, LC, CE, RC,
RE}) andgis ({NL, NM, NS, ZE, PS,PM, PL}) then
6 is ({NB, NM, NS, ZE, PS, PM, PB}), output is one
of the type-2 fuzzy sets used to partition the output
space. 35 genes are used to represent the rule set.
Therefore, we need to encode a total of (57+35)
parameters for each individual of our population. In
order to make this encoding schema we design a
chromosome of 92 consecutive real genes. Figure 5
show a schematic of the chromosome structure to our
genetic-type-2 FLS optimization approach.

B. Decoding Schema

In order to improving the accuracy of the type-2
FLC, we propose a genetic fuzzy model depending on
the cooperation of the linguistic fuzzy rule base and
type-2 fuzzy sets. Two tokens, parameters of MFs and
rule base parameters, are included in the GA-
chromosome, which are decoded to the knowledge
base to evaluate each controller. Figure 6 shows the
decoding schema of GA chromosome.

application. The FLC generates a fitness value
according to the following evaluation function:

Length of robot trajectory
Distance (Initail position, Desired final position)
D. GA procedure

The GA based approach uses real value encoding
schema to encode each parameter (gene) in the
chromosome.

For the integrated architecture, the GA based
system works in the following ways (Fig.7):

Stepl: Initialization: 60 strings (chromosomes),
each string representing a potential solution, are
generated by randomly chosen real numbers.
Initialization of every chromosome followed by the
grammatical correctness, the inner standard deviation

O, is less than the outer standard deviation o, .

Initialize the chromosome counter=1 and generation
counter=1.

Step2: Decode and Evaluation: Decode the every
chromosome into RB and MFs for the construction of
type-2 FLC and FLC is executed on the mobile robot
until it reaches the goal position or near to the goal
position. Each potential solution (FLC) is evaluated
and assigned a fitness value according to its

| Select RB and MFs |

Initialize population

Trajectory error/fitness =

| %
Evaluation T2GFLC

i

Yes

Solution
Yes [End]

g=g+

G

Sort Individuals

v

Optimal GA Chrorrjcdsome/String Performance GA
[ ( \ Crossover and Mutation
MFs Parameters| MFs Parameters Rule-Set Best-fitness -
(Input) (Output) Parameters Reproduction

Y

Decoded into RB and MFs

Fig. 6. GA Decoding schema of type-2 FLC

C. Measure of FIS performance-Objective function
The convergence of the GA to a feasible solution

depends upon some objective measure of each

potential FLC,s performance, when applied to the

N v

Evaluation T2GFLC

A ]

N=no. of Chromosome
G=Generation Number

No

eé

Yes
Fig. 7.Combined Type-2 FLC and GA algorithm
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TABLE Il (A) OPTIMAL MEANS AND STANDARD DEVIATION OF INTERVAL T2GFLC ANTECEDENTS MFS OF X AND ¢

MFs OF x
LE LC CE RC RE
m [ (73 m [ m o1 (73 m o1 [+7] m o1 G2
15.2148 | 32.6131 | 19.118 | 40.365 | 39.863 | 20.92 | 50.8752 | 21.8461 | 14.9546 | 63.59 | 43.8689 | 27.3946 | 95.51 | 55.38 | 63.63
m | 92917
NL 1 2 3 4 5
o1 | 104.2758 ZE PM NM PB PB
(73 74.114
m 4.861
NM 6 7 8 9 10
o1 | 196372 NS PS PM NS PB
o, | 170.334
m 77.545
NS 11 12 13 14 15
o1 | 134909 NM NS PS PM PB
) | 91.6082
= m | 89.8335
& ZE 16 17 18 19 20
£ o | 120334 NM ZE ZE PM PM
= 6y | 97.334
m | 143.303
PS 21 22 23 24 25
o | 71484 NB NM NS PS PM
(3 50.114
m | 185.3798
PM 26 27 28 29 30
o | 820035 PS NB PS NS PS
(73 42.18
m | 256.759
PL a1 32 33 34 35
o1 | 140079 NB NB NM NM NS
(3 97.44
TABLE Il (B) OPTIMAL MEANS AND STANDARD DEVIATION OF INTERVAL T2GFLC CONSEQUENTS MFS OF6.
MFs of 6
NB NM NS ZE PS PM PB
m O] 02 m O] 02 m O] 02 m [e3} 02 m O] 02 m O] 02 m [e7] 02
-35.14 20.35 14.23 -26.27 22.76 10.56 -9.15 26.53 20.75 1.45 16.47 12.44 11.18 14.45 6.76 25.96 26.74 15.79 38.97 18.63 7.96
performance to the problem. Sort the individuals TABLE I11. FIVE INITIAL POSITIONS (X, Y,¢) AND THEIR STEPS OF
according to their fitness value. A potential solution RESULT.
(controller) that would have caused collision with the Case 1 2 3 4 5
obstacle is automatically assigned a disastrous fitness X ‘ y | 10 ‘ 15 | 80 ‘ 50 | 10 ‘ 30 | 40 ‘ 50 | 75 | 25
Step3: Recombination: Apply crossover and
mutation operator to chromosomes and generate new ¢ 180 -60 45 90 -44
_chromosomes as well ~as new generation i.e., TIGFLC 12 57 37 32 8
increment the generation counter. Check the E—— ” " -~ oL p
termination condition (generation counter<number of

maximum generations). Reset the chromosome
counter to 1 and go to step 2 otherwise go to step 4.

Step4: Stop: The best fitted chromosome is kept
and solution has been achieved.

V. SIMULATION RESULTS AND COMPARATIVE
ANALYSIS

To evaluate the accuracy of the proposed system,
we have carried out a series of experiments which the
controller were evolved in our simulated arena. The
optimal means and standard deviations of MFs for X,
¢, and ¢ are shown in table ll(a-b). The generated
optimal rule base (after the conversion from optimal
parameter to linguistic form) also shown in Table II

@).

Figures 8(a), (b), and (c) show the two antecedents
and one consequents type-2 MFs of T2GFLC. Figure
9(b) shows the performance comparison with
T1GFLC (type-1) and T2GFLC. Figure 9 shows the
times for the mobile robot to reach the goal position in
5 different initial conditions and their trajectories are
plotted in Fig.10. Table Il shows the five initial
conditions for (x,y,¢) with their steps. From Figure

9, 10 and table 111, it is obvious that the performances
of T2GFLC are better than those in TLGFLC. It not
only takes less steps to arrive the goal position using
interval T2FLC, but also it shows the smoother
trajectories (shown in Fig.10).

It has been found that the GA based system evolves
to optimal type-2 MFs and RB after some generations.
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NL

Ps PM

-—— - -

-115

NB NM NS ZE PSPM PB

-40 -20

|
i
1
I
I
i
4

20 30

(c)

Fig. 8 Fuzzy type-2 MFs Gaussian shape for each linguistic fuzzy set value of the optimal solution (a) Input x (b) Input ¢ and (c) Output 6

An example of the genetic progress is presented in

Fig. 9 (a) which demonstrations the performance of

the best chromosome found so far against the number
of generations.

V1. SENSITIVITY ANALYSIS AND EVALUATING OUR
WORK

In order to improve the overall performance of
T2GFLC, we presented the modified type reduction
strategy and used it as a type reducer. Then the
simulation results are compared to the existing
approach for evaluating our work.

A. Modified Type reduction method

The computation complexity of doing of type
reduction strategy is very high. This has urged
researchers to search for ways to alleviate this high
computational burden if type-2 FLCs are to find their
way to real-world applications. In order to reduce the
computational complexity, in our study we introduced
a type reduction strategy based on the vertical slice
representation of interval type-2 fuzzy set. A type-2

fuzzy set Acan be represented as a collection of its
vertical slices for the discrete case,

A=Y [z —yn (x,u)/u}/x
A

= Z?L[Z vedy; M- (Xi!u)/u:|/ X =2 - (%) 1%
A A

The vertical slice is embedded type-1 fuzzy set that
can be easily reduced. The centroid of each vertical slice
can be computed as follows:

I DR AU
u; = Zizjlulj *1/;11:n—2i:11u'j
= j

For an interval type-2 fuzzy set, the average of n
point’s discrete vertical slice is the mean of upper and
lower MFs.

1, i 1 -
Uy =—>Xluj =—(u; +u;)
] i=1¥] ] ]
n; 2 _
,where u and u are upper and lower grades of the type

reduced set. The centroid of the interval type-2 set can
be expressed as follows:

N * N
Xe = 2jaX; u,-/jZﬂUj

= 3, *[05%(u, +u,)]/ £05*(T, +u,)
j=1 - j=1 _
N *17 N *
(glxj U, +j§:jlxj u;)

_

N N
(0 +X uj)
=1 =
It has been shown that the crisp value (x_) of interval

type -2 fuzzy set can be depends on lower and upper
bounds on the foot print of uncertainty. The overall
computation cost of our proposed approach has been
reduced by using this modified type reduction strategy
and compared with the other existing approach, our
proposed algorithm much more efficient.
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Fig. 9 (a) Shows the results of trajectory errors in TLGFLC and
T2GFLC, and (b) Show the total steps to reach goal position by 5
different initial cases.

A. Evaluating the work

The mobile robot is a typical problem in nonlinear
motion control of nonholonomic systems. It is a
notable example that is generally used as benchmark
problem for the evaluation of new control algorithms
and as such it has been well analyzed [16].

Recently Mohammadian and Stonier in [16] have
presented the fuzzy control system based on a genetic
algorithm for trajectory tracking of a mobile robot in
the presence of obstacle. In their work, binary coded
GA used to tune the consequent of fuzzy rules. They
define a mapping from the input space to the output
space based on the combined fuzzy rule base using
the defuzzifying procedure. According to the robot
kinematics equations, the work of Mohammadian and
Stonier has been used for comparison. Figure 11
shows simulated results of Mohammadian and
Stonier.

Simulated results using the present proposed
approach with enhanced type reduction strategy for
the different initial positions are shown in Fig. 12. We
compare our approach with existing approaches [16];
the comparison results show that the proposed
approach outperforms in terms of shorter trajectories,
trajectories smoothness and the processing time.
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Fig. 10 (a) Show truck trajectories avoiding stationary obstacle
(cross-hatched circle) via TLGFLC, and (b) Show via interval
T2GFLC, all from 5 different initial conditions.
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Fig. 11 Trajectories from the fuzzy controller for initial
positions: (a) (62, 35, 135% and (b) (62, 10, 200°).
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Fig. 12Trajectories from the type-2 fuzzy controller for initial
positions: (a) (62, 35, 135%) and (b) (62, 10, 200°).

VII. CONCLUSIONS

This paper has revealed the possibility of using GA
based architecture to evolve the type-2 MFs and Rule
set parameters of interval type-2 FLCs. We have
shown that an integrated FLCs and hybrid GAs
architecture is a self-learning adaptive method were
able to generate optimal MFs parameters and establish
a reliable fuzzy control rules without any priori
knowledge aimed at mobile robot control in real
world environments. The ability of evolved type-2
FLCs is to provide control problems where no priori
knowledge is available such as in mobile robots
domain. The type-2 FLCs which were genetically
evolved achieved a superior control performance in
comparison to the type-1 FLCs (T1GFLC) and
adaptive approach [16].

Suggestions for follow-up works that may come
after this paper are as follows: This research work is
to be extended for intelligent control of a mobile
robot, control of a robotic arm in the presence of
moving obstacle, the path planning problem for
multiple mobile robots with more than one obstacles
either moving or fixed in the workspace.
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