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Abstract: In this paper we proposed Adaptive Intuitionistic Fuzzy NgWNetwork (AIFNN) based washing machine. Our system
consists of five layers, just like adaptive neuro-fuzzy iefeee system. The proposed decision making system havenpusij i.e.
type of dirt and degree of dirt, and determines clothe wagtime. We use intuitionistic fuzzy inference system forresggnting, and
selecting rule. The intuitionistic fuzzy Takagi-Sugenaonfiala used for defuzzification.
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1 Introduction networks. There are several applications of neuro-fuzzy
controller, the readers are referred 107} [18], [19], [20]

. . and 1].

In 1965, Zadeh introduced the notion of fuzzy sets as rhis paper presents Adaptive Intuitionistic Fuzzy Neural

method of representing uncertainty, and vaguenesg . .
etwork (AIFNN) based washing machine controller that
[[LI-[3]]. After that, the theory of fuzzy sets has become A makes elgficient <)1ecision of wasgh time. Instead of using

robust area of research in several fields. Till now, MaNYzzy set theory we used intuitionistic fuzzy set theory in
applications belonging to different disciplines have beenartifi)éial neuralynetworks The svstem tak)(/as o in {Jts_
developed using fuzzy logic control systems, some Oft e-of-dirt and de ree-df-dirt a¥1d calculate wash fime.
them are [f]-[8]]. There are several extensions of basic KIFIJZNN it f%. | ' L ts ori '
fuzzy set theory. In 1983, Atanasso¥] introduced the consists ot Tive 1ayers. Layer one Converts crisp

concept of intuitionistic fuzzy sets as a generalization Ofllllll?'t'j;evr?lsl{[itgr]rt'loer:ggglr?éllCdevtzlrun?i?els_%?erst}?lrci)n CC;I:[]::[I_]I’ISth
fuzzy sets {]. It consists of four basic components: y 9 gth.

intuitionistic fuzzifier, intuitionistic fuzzy rule base, Lgilfirrr:;rzgfggzrm;:tzigr? L?;!nf'r?gk;trieggtgshofggé E‘our
intuitionistic fuzzy inference engine, and intuitiongsti P g gl sug '

defuzzifier. Intuitionic fuzzifier converts crisp input it Laygr f'Vle takesl SE”& of all valt;.es codmlln_g fLom Its
linguistic values. Rules may be provided by experts, orPrevious fayer. Block diagram of this model is shown in

can be extracted from numerical data. The inference '9U"® 1

engine of the intuitionistic fuzzy logic system determines
how rules will combine. The intuitionistic defuzzifier
maps output sets into crisp numbers2 There are
several applications of intuitionistic fuzzy logic
controller, the readers are referred 18] [14] and [15].
Neuro-fuzzy system was proposed by Jah ps a field

of artificial intelligence. It is combination of neural
networks, and fuzzy logic, that combines two techniquess Basic structure of our controller
i.e. human like reasoning with learning that finds the

parameters of a fuzzy system (i.e. fuzzy sets, fuzzy rules)

by exploiting approximation techniques from neural Generic algorithm of our system

Rest of the paper is organizes as follow, in section 2 basic
structure of our controller is discussed, in section 3
working of our controller is explained and section 4

describe conclusion.
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Fig. 1: Block diagram
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Fig. 2. Proposed controller structure

Algorithm for implementing the AIFNN to control
washing machine consists of the following stages:

1. Begin

2. Define intuitionistic neuro-fuzzy inference system

error
12.End

3 The proposed controller of washing
machine using AIFNN

There are five major processing units of our controller
using AIFNN.

1. Fuzzification (Layer 1)

2. Rules fire strength (Layer 2)

3. Normalizing fire strength (Layer 3)

4. Defuzzification (Layer 4)

5. Training network

O, is the output of the ith node of thiayer |, where
i=1,2,...

First component of AIFNN is fuzzifier that converts crisp
values into linguistic values. The inputs are type-of-dirt
and degree-of-dirt, and their ranges are 0-100. The output
is wash time, and its range is 0-60. Figure 3 and Figure 4
shows memberships, and non-membership plot of
type-of-dirt and degree-of-dirt. The membership and
non-membership  functions for type-of-dirt and
degree-of-dirt are given mathematically as below:

Hnot—greasy(X) = Hsmall (X) = {(;%—BX’ gl;(ee [0,50),
=B 12800
Hareasy(X) = Harge(X) = {;?807 iefI;(eE 50,100,
Vnot—greasy(X) = Vsmall (X) = {%’ ZI;(ee [0,58),
Rt

Vreasy(X) = Varge(X) = { %  1xesi00

Figure 5 and Figure 6 shows memberships, and
non-membership plot of wash time. The membership and
non-membership functions of wash time are given
mathematically as below:

3. Define training data 3 if x € [0,8],
4. Define linguistic values of input and output variables Huery—short(x) = 12X jfxe (8,12,
5. Read sensor reading to determine type-of-dirt and 04 else
degree-of-dirt ’

6. Find degrees of membership and non-membership of X8 jfxe 8,12
type-of-dirt and degree-of-dirt F IV o
7. Compute firing strength of all rules Henort(x) = | Tg» 1f x€ (12,20,
8. Normalize rules firing strength 0, else

9. Perform defuzzification for wash time using TS Kang x-12 i 12 20
10. Determine error between desired output and actual e : x€[12,20],
output (coming from forward pass). Hrrediumx) = § “20°, If X € [20,40],
11.Start learning using back-propagation to minimize 0, else
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Fig. 3: Membership functions for type-of-dirt and degree-of-dirt

Degree of Non—-membership
© © © o o o o o o
- N w » o [} ~ ee] © =

o

Fig. 4. Non-Membership functions for type-of-dirt and degree-

of-dirt

40 50 60
type-of-dirt and degree-of-dirt

L L L
70 80 %

medium greasy/ not-greasy/ medium
large small
0 20 40 60 80 100

type—of-dirt and degree—of-dirt

x—20
20 >

60—x
20 >

0,

Hiong(x) =

UVeryflong(x) = {0—

o—X

8
_ ) x=8
Vvery—short(x) =Y 9
1,

12—x

9

V. _ ) x=12
short(x) — 12 >

if x € [20,40],
if x € [40,60],
else

if x € [40,60],
else

if xe€ [0,8],
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else

if xe[3,12],
if x € [12,25),
else

Fig. 5: Membership functions for wash time
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Fig. 6. Non-membership functions for wash time

2% ifxe (7,20,
Vmedium(x) = %), if x c [20,45],
1, else
40X if xe [15,40],
Viong = 4 %582, if x € 40,60,
1, else

802X, if x € [35,60),
Y/ =
very—long(x) 1, else

To better understand working of proposed controller;
consider a hypothetical value and execute all stages. Let
type-of-dirt is 80, and degree-of-dirt is 90, then the first
layer output is as follows:

Hnot—greasy(X) = 0, Umedium(X) = 0.4, Ugreasy(X) = 0.6

Vnot—greasy(X) = 1, Vedium(X) = 0.6, Vgreasy(X) = 0.36
Hsmall (X) = O, Hmedium(X) = 0.2, Hiarge(X) = 0.8
Vemall (X) = 1, Vinedium(X) = 0.8, Vjarge(X) = 0.18

Second layer deals with rules firing strength. Take
min in case of membership, and max in case of
non-membershipZ3]. There are total nine rules. These
rules are same as describe 24
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R1:if type-of-dirtis not-greasy and degree-of-Dirtis dina
then wash time is very-short

R2:if type-of-dirt is not-greasy and degree-of-dirt is
medium then wash time is short

R3:if type-of-dirt is not-greasy and degree-of-dirt isgar
then wash time is medium

R4:if type-of-dirt is medium and degree-of-dirt is small
wash time is medium

R5:if type-of-dirtis medium and degree-of-dirtis medium
then wash time is medium

R6:if type-of-dirt is medium and degree-of-dirt is large
then wash time is long

R7:if type-of-dirtis greasy and degree-of-dirtis sma#th
wash time is long

R8:if type-of-dirt is greasy and degree-of-dirt is medium
then wash time is long

R9:if type-of-dirtis greasy and degree-of-dirtis largerth
wash time is very-long

0.3125

0.1:

.
/ ‘\ S| X-axis= wash time
H .
/

.
\ / ‘\ J Y-axis= Degree of membership (---) & non-membership (....)

Fig. 7: R5:wash time will be medium with degree of truth 0.14
and degree of falsify 0.3125

0.36
O3

9~ 081065085036 O

Fourth layer performs defuzzification. Figure 7,8,9 and 10

Against our input values, rule 5,6,8 and 9 gives someshows the combined profile of membership, and
membership, and non-membership values, remainingion-membership against R5, R6, R8 and R9 respectively.
rules gives "0” contribution in case of membership, and According to rule 5 wash time will be medium.

"1” in case of non-membership that means there is no
chance of triggering rule 1,2,3 and 4. Therefore, layer 2
output is:

mediumA medium= 0.4A0.2=0.2
mediumAlarge=0.470.8=0.4

greasy Amedium= 0.6 A0.2=0.2

greasy Alarge= 0.6 A0.8=0.6

In case of non-membership:

mediumV medium= 0.6V 0.8=0.8

mediumV large= 0.6\ 0.18= 0.6

greasy vV medium= 0.36v0.8=0.8

greasyVlarge=0.36Vv 0.18=0.36

According to ANFIS layer 3 normalizes memberships
firing strength on each node. Now in case of AIFNN layer
3 also normalizes memberships firing strength, and
non-memberships firing strength. Hef@;; denotes the
output of the ith node of théayer 3, wherei=1,2,... For
membership layer 3 output is:

0.2
Os5= 52704102708 Ot
0.4
O26= 52704102706 28
0.2
Os8= 527104102708 O
0.6
— —04
O29= 52704102708 04
For non-membership layer 3 output is:
0.8
O35= 587067087036 Cor%
0.6
- —02
O36= 587061081036 2
0.8 —0.3125

O38= 587061081036

x—12
Hrredium(x) = 8

x—12
8
x=1312
40—x
20
40—x
20
x=372
20—x
13
20—x
13
x=15.6
x—20
25
x—20
25
X=27.8125

0.14=

Hmedium(x) =

0.14=

Vimedium(x) =

0.3125=

Vimedium(x) =

0.3125=

According to rule 6 wash time will be long.

x—20
20
x—20
20
x=256
60— Xx
20

Hiong(x) =

0.28=

Hiong(x) =
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Fig. 8: R6:wash time will be long with degree of truth 0.28 and
degree of falsify 0.23

60— x
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X=544
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x=34.25
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According to rule 8 wash time will be long.

x—20
Hiong(x) = 2—0
x—20
0.14= >0
X=228
60—x
Hiong(x) = 2—0
60— x
14=
0 20
X=57.2
40—x
Viong(x) = o5
40—X
.3125=
0.3125 5
x=32.1875
x—40
Viong(x) = 20
x—40
0.3125= 0
X=46.25

X-axis= wash time

/' N y-axis= Degree of membership (—) & non-membership (....)

Fig. 9: R8:wash time will be long with degree of truth 0.14 and
degree of falsify 0.3125

/
.
.
/ X-axis= wash time

“‘ /' Y-axis= Degree of membership (---) & non-membership (....)

Fig. 10: R9:wash time will be very long with degree of truth 0.43
and degree of falsify 0.14

According to rule 9 wash time will be verylong.

x—40
UVeronng(x) = W
x—40
A43=
0.43 >0
x=486
60— x
Vverylong(x) = ?
60— x
A4 =
0 25
x=565

We apply Takagi Sugani formul&#9] for defuzzification.

Let x be an element in intuitionistic fuzzy set A, apgd
andva are degree of membership, and non-membership
of x in A. If M are few sample spaces in X! represents
the jth sample space in M. If a number of rules (i.e. n)
give same output membership function, then we take
minimum out of all membership value, and maximum out
of all non-membership values. Takagi Sugani’'s formula
is:

X (A )+ P )
zIJVI::L((:I' - nAj)IJAj + Hai 7TAj) ’
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[25). Following formula used to calculate error of output
neuron.
where, Output errord= (target-output) (1-output)output
The "output (1-output) term is necessary in the equation
Hpi = /\i”:l,u/*j (x) because of the sigmoid function; if we were only using a
threshold neuron it would just be (targeaiutput)
[[25]-[27]]. Output neuron errod=0.23-0.24=-0.01
Va = VI, VA{' %) New weights for output layer:

Whet = Wold -+ 1 (target — out put)x

wi,Wo =0
Thj = 1— lpj — Vpi ’

According to Takagi Sugeno Kang's formula take w3 =0.26784
minimum of memberships, and maximum of wy = 0.3974
non-memberships from table 1 and table 2.

ws = 0.52784
Now we calculate error for hidden layers:
Table 1: Membership and Non-membership values of long 5.8 =0
(according to rule 6) e
sample space (x) L Vx B =0xwz=-0.01x0.2678= —0.002678
15 0 |0.23 8 = & x Wy = —0.01x 0.3974= —0.003974
20 0 0.23
25 0251 023 O =0 xwWg=-0.01x0.52789= —0.0052789
30 0.28 | 0.23 New weights for hidden layer 1-2 for membership:
35 0.28 | 0.2
40 0.28 0 ;
w; = w;(old x (&) x (input
45 0.28] 0.23 - 1 /)+('7/) ( ) ( p/ )
50 0.28 ] 0.23 W1, Wy, Wao, Wy, W3, Wy, Wa, Wy, W7, W, = 0
55 0.25| 0.23
80 0 023 w5 =0.398
Ws = 0.198
wg = 0.397
W = 0.797
Table 2. Membership and Non-membership values of long Wa — 0.597
(according to rule 8) 8=
sample space (X} L Vx W/S =0.197
15 0 | 0.3125 B
20 0 [ 03125 Wo = 0.596
25 0.14 | 0.3125 Wy = 0.796
30 0.14 | 0.3125 . . .
35 014 02 New weights for hidden layer 1-2 for non-membership:
40 0.14 0 / / / / /
45 0.14| 023 Wi, W, W, Wa, W3, W3, Wa, Wyg, W7, W7 = 0
50 0.14 | 0.3125 ws = 0.598
55 0.14 | 0.3125 ,
60 0 | 0.3125 ws = 0.798
wg = 0.597
Result of long is3228=40, result of medium Ws = 0.177
1«—19.305_
is=5515 =27, and result of very long Wg = 0.357
is=2573=53.37345478. The resultant wash time is 24 )
minutes, which is average of all incoming values from wg = 0.797
layer 4.Let us assume according to training data output Wo — 0.356
against input value wash time should be 23. In order to )
reduce this error, we use back-propagation technique wg = 0.176
(@© 2015 NSP
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Table 3: Defuzzification of long using TS formula

sample space (x) Lx Vx T A=(1-m)ux | B=mpux | A+B | xx(A+B)
15 0 0.3125| 0.6875 0 0 0 0
20 0 0.3125| 0.6875 0 0 0 0
25 0.14 | 0.3125| 0.5455 0.064539 0.077461| 0.142 3.55
30 0.14 | 0.3125| 0.5455 0.064539 0.077461| 0.142 4.26
35 0.14 0.2 0.658 0.048564 0.093436| 0.142 4.97
40 0.14 0 0.858 0.020164 0.121836| 0.142 5.68
45 0.14 | 0.23 0.628 0.052824 0.089176| 0.142 6.39
50 0.14 | 0.3125| 0.5455 0.064539 0.077461| 0.142 7.1
55 0.14 | 0.3125| 0.5455 0.064539 0.077461| 0.142 7.81
60 0 0.3125| 0.6875 0 0 0 0
0.994 39.76

Table 4: Defuzzification of medium using TS formula

sample space (X) px Vx T A=(1-m)ux | B=mpux | A+B | x*(A+B)

7 0 0.313 | 0.687 0 0 0 0

12 0 0.313 | 0.687 0 0 0 0

17 0.143 | 0.23 | 0.627 0.053339 0.089661| 0.143 2.431

22 0.143| 0.08 | 0.777 0.031889 0.111111| 0.143 3.146

27 0.143| 0.28 | 0.577 0.060489 0.082511| 0.143 3.861

32 0.143 | 0.313 | 0.544 0.065208 0.077792| 0.143 4.576

37 0.143 | 0.313 | 0.544 0.065208 0.077792| 0.143 5.291

42 0 0.313 | 0.687 0 0 0 0

45 0 0.313 | 0.687 0 0 0 0
0.715 19.305

Table 5: Defuzzification of very long using TS formula

sample space (X) pix Vx T A=(1-m)ux | B=mpux | A+B | xx(A+B)

35 0 0.139| 0.861 0 0 0 0

40 0 0.139| 0.861 0 0 0 0

45 0.25 | 0.139| 0.611 0.09725 0.15275 | 0.25 11.25

50 0.429 | 0.139 | 0.432 0.243672 0.185328| 0.429 21.45

55 0.429 | 0.139 | 0.432 0.243672 0.185328| 0.429 23.595

60 0.429 | 0.139 | 0.432 0.243672 0.185328| 0.429 25.74

1.35 69.25

Figure 11 shows the updated weight of our system. 0,8 =0.357v0.797=0.797
Again we pass through forward pass in order to determine
new output and error; the layer 2 output is: 029 =0.356v0.176= 0.356

Layer 3 output for membership:
021,022,023,024,027=0 y P P

Oz5 = 0.398/10.198=0.198 O31,032,033,034,037 =0
0,6 =0.39770.797=0.397 0.198
Oz =0.597A0.197=0.197 O35 = 516810397+ 0197+ 0506 4
Oz = 0.596/ 0.796= 0.596 o 0.397 0.08

3,6 — = 0.

For non-membership layer 2 output is: 0.198+0.397+0.197+0.596
0.197
021,022,023,024,027 =0 O38= 519810397+ 01971 0596 _
Oz5 = 0.598v0.798=0.798 0.596 \
Oz6 = 0.597v0.177= 0.597 O30 = 516810397+ 0197+ 0506 >+
(@© 2015 NSP
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