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Abstract

In this paper, we describe the development of an intuitionistic fuzzy logic controller for washing machine on the basis of
intuitionistic fuzzy systems. Intuitionistic fuzzy inference systems and defuzzification techniques are used to obtain crisp
output (i.e., wash time of the washing machine) from an intuitionistic fuzzy input (i.e., type of dirt and degree of dirt). The
wash time is calculated using intuitionistic fuzzy rules applied to an inference engine using defuzzification methods.
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1. Introduction

The purpose of control is to influence the behavior of
a system by changing one or more inputs to the system
according to a set of rules that model the operation of the
system. The system may be mechanical, electrical, chemi-
cal or any combination of these. Classic control theory
uses a mathematical model to define a relationship that
transforms the desired (requested) state and the observed
(measured) state of the system into one or more inputs
that alter the future state of the system. Fuzzy controllers
are used to control consumer products, including wash-
ing machines, video cameras, and rice cookers, as well as
industrial processes, including cement kilns, underground
trains, and robots. Fuzzy control is a control method based
on fuzzylogic. Justas fuzzylogic can be described simply as
computing with words rather than numbers, fuzzy control
can be described simply as control with sentences rather
than equations. A fuzzy controller can include empirical
rules, and that is especially useful in operator-controlled
plants. Most frequently used fuzzy logic controllers are:
Mamdani (linguistic) controller usually used as a direct
closed-loop controller and Takagi-Sugeno controller typi-
cally used as a supervisory controller.

*Author for correspondence

Presently, science and technology are featured with
complex processes and phenomena for which complete
and precise information is not always available. For such
cases, mathematical models are developed to handle the
type of systems containing elements of uncertainty. A
large number of these models are based on an extension of
the ordinary set theory, namely, fuzzy set theory. Zadeh'®
introduced the notion of fuzzy sets as a method of repre-
senting uncertainty and vagueness. Since then, the theory
of fuzzy sets has become a vigorous area of research in
different disciplines, including medical and life sciences,
management sciences, social sciences, engineering, statis-
tics, graph theory, artificial intelligence, signal processing,
multi-agent systems, pattern recognition, robotics, com-
puter networks, expert systems, decision making and
automata theory.

In 1983, Atanassov® introduced the concept of intu-
itionistic fuzzy sets as a generalization of fuzzy sets. He
added in the definition of fuzzy set a new component that
determines the degree of non-membership. Fuzzy sets
give the degree of membership of an element in a given
set; the non-membership of degree equals one minus the
degree of membership. Intuitionistic fuzzy sets, which are
higher order fuzzy sets, give both a degree of membership
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and a degree of nonmembership, which are more-or-less
independent of each other; the only requirement is that the
sum of these two degrees is not greater than 1. Application
of higher order fuzzy sets makes the solution-procedure
more complex, but if the complexity of computation-
time, computation volume and memory-space are not of
concern then we can achieve better results. Agarwal et al.2
presented the design of a probabilistic intuitionistic fuzzy
rule based controller. Akram et al.* describes intuitionis-
tic fuzzy logic control for heater fans. Agarwal' describes
the development of a fuzzy logic controller for washing
machines. In this paper, we present the design of an intu-
itionistic fuzzy logic controller for washing machines on
the basis of intuitionistic fuzzy systems. Intuitionistic
fuzzy inference systems and defuzzification techniques
are used to obtain crisp output (i.e., wash time) from an
intuitionistic fuzzy input (i.e., type of dirt and degree of
dirt). The wash time is calculated using intuitionistic fuzzy
rules applied in an inference engine using defuzzification
methods. We use standard definitions and terminologies
in this paper. For notations, terminologies and applica-

tions that are not mentioned in the paper, the readers can
refer3, 5,7,10,11, 12, 14-24

2. Preliminaries

In this section, we review some elementary concepts
whose understanding is necessary fully benefit from this

paper.

DEFINITION 2.1:* An Intuitionistic Fuzzy Set A in X is
defined as an object of the form A = {< x, p,(x), v,(x)>:
x € X} where the functions p, : X > [0, 1] and v, : X >
[0, 1] define the degree of membership and the degree of
non-membership of the element x € X, respectively, and
for every x € Xin A, 0 <y, (x) + v,(x) < 1 holds.

DEFINITION 2.2:¢ For every common fuzzy subset A on
X, intuitionistic fuzzy index of x in A is defined as 7, (x) =
1 -y, (%) = v,(x). It is also known as degree of hesitancy
or degree of uncertainty of the element x in A. Obviously,
foreveryxe X,0<m,(x) < L.

DEFINITION 2.3:° An intuitionistic fuzzy number (IFN)

A™is

o an intuitionistic fuzzy subset of the real line,
+ normal, that is, there is some x € R such that y,_
(x)=1,v,(x)=0,

Vol 7 (5) | May 2014 | www.indjst.org

« convex for the membership function y,. (x), that is,
w - Ax, + (1 -A)x,) = min(u,, (x), ,., (x,) for every
x,X,€ R, Ae [0,1],

+ concave for the non-membership function v, (x),
that is, v, (\x, + (1 = M)x,) < max(v,. (x)), v, (x,))
for every x,x, € R,A €0, 1].

DEFINITION 2.4:° A triangular intuitionistic fuzzy num-
ber (TrilFN) A" is an intuitionistic fuzzy set in R with
membership function and non-membership function as
follows:
and
whereae R, a,B,a’,p' 20suchthata>a " andp<p'.
The symbolic representation of TrilFN is AL =
[a;a, B; a',p’]. Here a and P are called left and right spreads
of membership function y, . (x), respectively. a" and B’
represent left and right spreads of non-membership func-
tion v,_(x), respectively.

DEFINITION 2.5:* The support of an intuitionistic fuzzy
set A"l on Ris the crisp set of all x € R such that u,_ (x) >
0,v,,(x)>0and yu,  (x) +v, (x)<1L

DEFINITION 2.6: An intuitionistic fuzzy set A = {<x, uA
(x), _A(x)>/x € X} is called intuitionistic fuzzy normal if
there exist at least two points x , x, € X such thatp, (x)) =1,
v,(x,) = 1. Therefore, a given intuitionistic fuzzy set A is
intuitionistic fuzzy normal if there is at least one point
that surely belongs to A and at least one point which do
not belong to A.

For each proposition (in the classical sense), one can
assign its truth value: truth - denoted by, or falsity - 0. In
the case of fuzzy logics this truth value is a real number
in the interval [0, 1] and can be called “truth degree” of
a particular proposition. In an intuitionistic fuzzy logic,
Atanassov and Gargov® added one more value - “falsity
degree” - which is in the interval [0, 1] as well. Thus, one
assigns to the proposition p two real numbers p_and v,
with the following constraint to hold:

[pp +v < 1].

Letp = (pp, vp) and q = (pq, vq) be two intuitionistic
fuzzy propositions, then

« p=(max(p, p ), min(v, v ))

e p= (min(pp, pq), max(vp, vq))

« p=v,n)

e pP>q= (max(vp, pq),min(pp, vq))
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3. Basic Structure of the
Proposed Model

The basic structure of the intuitionistic fuzzy controller
for washing machine is shown in Figure 1. Intuitionistic
fuzzy inference system takes two inputs that are type-of-
dirt and degree-of-dirt. The input values passed through
proposed controller and wash time determine.

4. General Procedure for
Intuitionistic Fuzzy Controller

We conclude that the procedure for implementing the
intuitionistic fuzzy techniques to control systems consists
of the following stages:

o Linguistic variables: Establishing the controller’s input
variables (type-of-dirt, degree-of-dirt) and output
variable (wash time).

o Defining the fuzzification, inference and defuzzifica-
tion mechanisms.

 Fuzzification: Assigning the precise values to the intu-
itionistic fuzzy input sets and calculating the degree
of membership and non-membership for each of
those sets.

« Inference: Applying the intuitionistic fuzzy logic rules
and calculating the output fuzzy sets inferred from the
input sets

o Defuzzification: Calculating the precise output value
(wash time) from the inferred fuzzy sets. These precise
values will be the controller’s outputs (commands) and
be applied to the system to be controlled.

5. The Proposed Intuitionistic
Fuzzy Inference System

The system consists of the following units:

 intuitionistic fuzzifer
o intuitionistic fuzzy inference engine
 intuitionistic defuzzifer

We proposes intuitionistic fuzzy controller for wash-
ing machine. Controller takes two inputs: type-of-dirt and
degree-of-dirt, and wash time consider as an output of the
controller. To determine type-of-dirt and degree-of-dirt,
sensor used and wash time determine using sensor reading.
To convert crisp values into linguistic values intuitionistic
fuzzifier is used against each input. Rules are manipulated in
intuitionistic fuzzy inference engine. For both inputs range
for membership and non-membership is 0-100. The range
is divided into three membership functions. Membership
functions of type-of-dirt are: not-greasy (0-50), medium
(0-100) and greasy (50-100). Membership functions of
degree-of-dirt are: small (0-50), medium (0-100) and large
(50-100). Non-membership functions of type-of-dirt are:
not-greasy (0-55), medium (0-100) and greasy (45-100).
Non-membership functions of degree-of-dirt are: small
(0-55), medium (0-100) and large (45-100). The functional
definition of these intuitionistic fuzzy sets/profiles as trian-
gular intuitionistic fuzzy numbers is shown in Figures 2, 3,
4, and 5. The membership and non-membership functions
for type-of-dirt and degree-of-dirt are given mathemati-
cally as below:

For wash time five intuitionistic triangular fuzzy mem-
bership functions are used. The range of the wash time

type-of-dirt

degee-of-dirt

wash time

Figure 1. Block diagram of Intuitionistic fuzzy controller of washing machine.
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Figure 2. Membership functions for type-of-dirt.
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Figure 3. Non-Membership functions for type-of-dirt.

is 0-60 minutes. Membership functions of wash time are:
very-short (0-12), short (8-20), medium (12-40), long
(20-60) and very-long (40-60). These profiles are shown
in Figures 6 and 7. We have added a = 5 and f§ = 5 to the
corresponding membership functions. Membership and
non-membership functions for wash time can be express
mathematically. The corresponding membership and
non-membership functions for fan speed are given math-
ematically below:

In order to explain the working of this intuitionistic
controller we take an example value and execute all blocks
of controller. Let sensor reading for type-of-dirt and
degree-of-dirt are 80 and 90 respectively. Now we fuzzify
these values using membership and non-membership
functions of both inputs. We get the following fuzzified
values:

I'lnot—greasy(x) =0
p'medium(X) =04

”’greasy(x) =06

”typefoff dirt = {0’ 04’ 06}
I'lsmall(x) =0

p'medium(X) =02

”’large(x) =0.8
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Figure 4. Membership functions for degree-of-dirt.
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Figure 5. Non-Membership functions for degree-of-dirt.

Maegree - of - dirt — {0,0.2,0.8}.
Vot - greasy () = 1

edium (X) = 0.6

() =036

oo ot an = 11,0.6,0.36}
x)=1

medium(X) = 0-8

(x)=0.18

= {1,0.8,0.18)

small

large

< 2R <2 <

degree — of — dirt

6. Intuitionistic Fuzzy Inference
Engine

Intuitionistic fuzzy inference engine gives human like
reasoning which are express by rules. Rules are IF-Then
statements. We use same rules of old fuzzy logic control-
ler of washing machine which are as follows:

Rule 1: if type-of-dirt is greasy and degree-of-dirt is large
then wash time is very-long

Rule 2: if type-of-dirt is greasy and degree-of-dirt is
medium then wash time is long

Rule 3: if type-of-dirt is greasy and degree-of-dirt is small
then wash time is long

Indian Journal of Science and Technology | 657 -
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Figure 7. Combined profile of membership of medium,

long and very long.

Rule 4:

Rule 5:

Rule 6:

Rule 7:

Rule 8:

Rule 9:

if type-of-dirt is medium and degree-of-dirt is
large then wash time is long

if type-of-dirt is medium and degree-of-dirt is
medium then wash time is medium

if type-of-dirt is medium and degree-of-dirt is
small wash time is medium

if type-of-dirt is not-greasy and degree-of-dirt is
large then wash time is medium

if type-of-dirt is not-greasy and degree-of-dirt is
medium then wash time is short

if type-of-dirt is not-greasy and degree-of-Dirt is
small then wash time is very-short

Now we actually go through the actual working of the
inference process. In case of membership:

medium = 0.4 = 0.2

medium = 0.4 = 0.4

greasy = 0.6 = 0.2

greasy = 0.6 = 0.6

Membership fires rule 5, 4, 2 and 1 respectively.
In case of non-membership:

medium = 0.6 = 0.8

medium = 0.6 = 0.6
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greasy =0.36 =0.8
greasy = 0.36 = 0.36

Non-membership also fires rule 5, 4, 2 and 1 respec-
tively. Now we move towards defuzzification process.

According to rule 5 wash time will be medium.
(x) =
0.2=
x=13.6
(x) =
0.2=
X =36
(x) =
0.8=
x=9.6

medmm

medlum

medlum

Vmedium (X) =

0.8=
x =40
According to rule 4 wash time will be long.

P'long(x) =
0.4=

x=28
plong(x) =
0.4=

x =60

x=52
According to rule 2 wash times will be long.
|'l1ong(x) =
0.2=
X=24
Hiong(X) =

x =56
According to rule 1 wash time will be very long.

()

very 10ng

X—52
(x) =

very long
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0.36 =
x =51

Combined profile of membership and non-member-

ship of medium, long and very long is shown in Figures

8and9.

30

wash time

40

Figure 8: Non-Membership functions for wash time.

7. Defuzzification

Finally now we defuzzify linguistic value to crisp value.
There are several techniques in the literature through
which we can perform defuzzification. We apply Takagi

mediurm
TR long long

verylong

Degree of non-membership
o
&
T

L
o 10 20 30 40 &0 B0
wash time

Figure 9. Combined profile of non-membership of
medium, long and very long.

Table 1. Defuzzification of medium using TS formula
X '8 v, m A=(1-n)p.  B=mp A+B x(A + B)
7 0 0.8 0.2 0 0 0 0
12 0 0.6 0.4 0 0 0 0
17 0.2 0.23 0.57 0.086 0.114 0.2 3.4
22 0.2 0.08 0.72 0.056 0.144 0.2 4.4
27 0.2 0.28 0.52 0.096 0.104 0.2 54
32 0.2 0.48 0.32 0.136 0.064 0.2 6.4
37 0.15 0.68 0.17 0.1245 0.0255 0.15 5.55
42 0 0.8 0.2 0 0 0 0
45 0 0.8 0.2 0 0 0 0
0.95 25.15
Result for medium is=
Table 2. Membership and Non-
membershipvalues of long (according
to rule 4)
X N \A
15 0 0.6
20 0 0.6
25 0.25 0.6
30 0.4 0.4
35 0.4 0.2
40 0.4 0
45 0.4 0.25
50 0.4 0.5
55 0.25 0.6
60 0 0.6
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Sugani formula® for defuzzification. Takagi Sugani’s This methodology is usually applied in only those cases
formula is: where accuracy is not of high importance. By using intu-
_ itionistic fuzzy logic control, we have been able to obtain
wash time of a washing machine. In other words, the situ-
where ation analysis ability has been incorporated in the washing
= machine that makes the washing machine much more
m=1-p)-v) Table 3.  Membership and
From TS take min of membership and max of Non-membership values of long
non-membership then Table 1 and Table 5 formu- (according to rule 2)
lates defuzzification of medium and very long using TS X B v
formula. Table 2 and 3 determines membership and non- 15 0 0.8
membership values according to rule 4 and 2, respectively. 20 0 0.8
formulate for long. 25 0.2 0.6
Thus we conclude that wash time is 38.99 minutes 30 0.2 0.4
which is average of 26.47, 39.2 and 51.3. 35 0.2 0.2
40 0.2 0
8. Conclusions » 02 025
E———— 50 0.2 0.5
Intuitionistic fuzzy logic control is a methodology bridg- 55 0.2 0.75
ing artificial intelligence and traditional control theory. 60 0 0.8
Table 4. Defuzzification of long using TS formula
X K, v, L8 A=(1-m)p B=mnp A+B x(A +B)
15 0 0.8 0.2 0 0 0 0
20 0 0.8 0.2 0 0 0 0
25 0.2 0.6 0.2 0.16 0.04 0.2 5
30 0.2 0.4 0.4 0.12 0.08 0.2 6
35 0.2 0.2 0.6 0.08 0.12 0.2 7
40 0.2 0 0.8 0.04 0.16 0.2 8
45 0.2 0.25 0.55 0.09 0.11 0.0099 0.405
50 0.2 0.5 0.3 0.14 0.06 0.2 10
55 0.2 0.75 0.05 0.19 0.01 0.2 11
60 0 0.8 0.2 0 0 0 0
1.2099 47.405
Result for long is = 39.2
Table 5. Defuzzification of very long using TS formula
X N v, L8 A=(1-m)p B=mpu A+B x(A +B)
35 0 0.36 0.64 0 0 0 0
40 0 0.36 0.64 0 0 0 0
45 0.25 0.36 0.39 0.1525 0.0975 0.25 11.25
50 0.5 0.36 0.14 0.43 0.07 0.5 25
55 0.6 0.2 0.2 0.48 0.12 0.6 33
60 0 0 0.1 0 0 0 0
1.35 69.25

Result for very long is = 51.3.
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automatic compare to those that use simple fuzzy logic or
the traditional control system design methodology.
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