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Fuzzy Rule Identification System using
Artificial Neural Networks
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ABSTRACT

It is very hard to identify the fuzzy rules and tune the membership functions of the fuzzy reasoning in
fuzzy systems modeling We propose a method which canautomatically identify the fuzzy rules and tune
the membership functions of fuzzy reasoning simultaneously using artificial neural networks In this model,
fuzzy rules are identified by backpropagation algorithm The feasihility of the method is simulated by a

.M 8

19433 McCulloch®} Pittse] A17 =<l), 19493
Hebbe] 417 A]A=, 19503t Rosenblatt®] =41
E2(perceptron) olF2 2l 417" artificial
neural network)el #{ <A77} zlgs|o] g}
3, 19643 Zadeh?} H# g o|&L LEY
o)lx 2 olel] U AFE 3| Y= o] g}
o) alFAIAYR HA| AlAge A2 g *
ofell 4] £33 o2 W *tHo] glgich

QAFAAYL AT HE AZEY| = 8
Edolz 2dgy Aigeny WAy, g
53, AxA(robustness), Z3sE(fault toler-
ance)52 ez qlal, A, 4 A=,
2tedo} Ae], FAE Alo], HF7} AlLd Fo
de] g4 gl ¢4, #H3A o]& 3
Abae} Zre B84 XY HRE Helsin

F8Y 7 e FHes A, HE7F AaH,

P A SHAGE WA BT pEs
oA s A el 25, FeutE dddtuy
= 019949 114 108, AApskE - 19954 34 10d

A=) AdA, gAAA, AFAe), A4 B2dY,
Al a4 Fol de] S4=3 9o

AFANALH {2 Al2" 5 7pA] 2F7} Q
b Az 3 A #AE WSS 243
A 7Y £Foln, w§F AdFAHE} A
Alage] Yy FRI} vixsted Agrbsdiche
Holl zatsle[1], HIele FEHA| A2
(neurofuzzy system) %t H=A| Al 79 fuzzy
neural network)eh= 80171 @ AE7)el o2
), ol AFANAYI A=A A2 BHS
< At 9 72 A29E s se
Aretxn & 4 9l

olF F Al2dlg Agslec dFEe AdE
9, dFAEEE {2 J{ge 258 (mem
bership function)2] 5ol AMg-3h= A2, 3],
AFAZAYGe] AdFriYES HAA F8 FA4]
e HA Ao} F29[5] sl A3t o
T, A4 7] A=) (associative memory )ell A 3 2]
24L& #5317 948 12 A4 W(fuzy cogni-
tive map)oll #§ AF[6], HA] =& AFTA
7ol Fatoll gt ZHA] Y o]l g8l A



210 BRAYDHM2IYS =2X M2 25 (% 3)

H7L, #A w9 dAe /¢ A8, 9] Fol
et

VFARLE ol 5z F3& YAz
245¢7E 2Y3eie dvE Takagl{10] 5 o
2 A7 "X A= A 2AYF Folo
445 %ch 2 o Horikawa[11] 5& #H#A| 3
Holl g a5 AAFH 2434459 24Y& $4
o +9% 5 sle HA ARLE ALHHed),
°] FNN& z=7¥-¢ ZAEy§ AFA4Ye=
T Sl Ee) 45, AYPS, A
Tzt we} B 2dg AW Fulel4
© AEd[12] Fo] o] AY§5al A48
NG 78 dxsUct.

2 sddAe, AFAAYE o83t AFo
2 974 #3& °"4*LT’- Al #HA 89 &
878 2AY £ e AFANAY 2d4E Al
Algtict. o 3K back-propagation) ¥i2lE&
71E22 ste e WS AHdte ZHE o
HEAolHE Tl ebAdE A3

€ =19 2Zed A HA A2dE s,
3Fede HA AAY 38 Al2ee] nds g
F YLYFL 71EHD, 430X A gl 2
A& ARt

2 HXx| Al

A2 $34e] o= A= o4 Frbad

z) 4 vl o] &
[—{nn'm41 EEEEE
> & ¥
3 | ¥ =|

. o
Leres gay Aeie

(38 1) HX| Ala®le) 37X
(Fg. 1) A structure of fuzzy system

A Aoz A2qe] AFl s Pat
Bz oejr} e vlEe]l ErFsdA Heul,
Zadehe ©]& At Y2)(principle of incompatibi-
lity)et $cH13]). 57 F8& Al2Be) E4o)
B3t 7)1&e] AP ez AM4Y 5
A, 3RS AAA, 2y, BRUY Ay
of 7|22 38 AU} iy ¢ 5 9l
c}. .

HA Al2ge b ee (29 1)3 3Ro] H
2| 2Hi( fuzzifier), A 4wl o)~ (knowledge base),
FE(inference engine), 12T w|H AR
(defuzzfier)2 T4 %}

HASH = P8 crisp) Y dHez 4
olel 4-&3h= AM g universe of discourse)
29 A ez At Aol
¥z dolelg 233t 73L& Hsisle) o
8 AEE Aol dloleluo)2s}, HE}
o Az AL Jebd FRE FHEg 32
& ¥z #A(relation)e} FE FHo2HE
H2| Ye F2¢ 22z wHANYE 2
2% M7 @& P8 gtog HPgA U,

H2| F3e HE7EY 2AS dojHql Ao
2 vehd Aoz, g e HA 2AEE
g o]fofxlc}

If (Rh&3sjo} & A3 =A)
then (81 Udle) 2AE)

If o]&& =7%(antecedent), then °|3}3 Z
&% (consequent )2} 83, Zzhe Bse x|
Wyl =919 4 don, YubHew A
e oy Ao HApqly-84ad HA) 2AF
T2 TAEY B9qly-dday Y49 Ay
Aol #H23tY dle o2 3

R:Ifxis Aiand y is Bi then 2z is Ci

A7) A x9t y= Y1, ye £ Mgl A
Bi 22)n Cie A Y U, V, WellA AHox
x, 3 29 HA| gh& epbdich =3, AEAQ
A 27FEL R #H3A #A2 dgivid 5 9l
oo, o]go] RejX 2| 73 3§E ojFr}



3 wREHX £R A2H
31 Al=We 4

et o2 A Axsej HEZ}7} Al
Ay A o2 FL YA} AE o
$ 7o) dAolnj, A AAY F& WA
Wate] 334 4 qloke EAHo] slcth

ol2idt TAHE A7 AN, £ =FlA
£ AFAALE olfetd HA FAUE Y43z
HA F29 2458445 2YY F Ue BAS
A A st gof. YbH o AFAAYS B3
A st s Aol daAde B AEE 5
AR EAe AL duisA) 7 7)de olHE
FAFe) gt 53 e Aol ko|=7t 2@
so] ae Atele LA A ¢ AYANE
S48 wed 2gsg 245 dE s
T A= ojo} P}

2 A)2wlejA] 4% mle (27 2)9 7ol
ZAY([A] ~ [D]2)s} 2E% ([El~ [H3)
2 A9 4 o ze QA backpro-
pagtion)& 71&oz ¥ 4nFL A
[14]. 28l2 HAEE £°]7] A8 £ 242
e w2H2| ZdEq v F7 FUES F
& Foln AL ¥4t

(28 2) F2HX =2 29
(Fg. 2) A naurofuzzy inference modd

oAZAAUE 0|88 WX T AN AIAH”H 211

32 ot Y2

B A2 dig g qAvE vjees
g dn)Ee AHER (29 2)dA, [A]lSH
g D137l 2A%2A4 FA9 44 a3
27t slth wel, we2, we3, wed, 23|32 1€ o
A 71FAE 9v)sn, Agole 12 Fo3d

[(B]2= [C]29 31y R &¥L z27 o5
zr}.

15T L Wik

2 on=§J~ (1)

f:{ iJZZWqu( ’ (2)
o; = f(ij)

[Cl29 24L& 953 FL A2Ro|=(sig
moid) $52 F¥Y 5 9l

1
f(x) =

) 1 + exp(-x)

(G]29 48 o 242 247 &3 Zrt

(3)

i3 =M1 Wikox 4)
i

oj = 5)
:

gl¥e} T sholn ¥ o AYYal
Z$- 22 o3 o] 7o)
B = If x1 is A1 and x2 is Aiz then
y=filxi,x2) (i=1,2 ...n)

fi(x1,x2) = @10 *+ @111 + 8i1X2

(7
aij (j =0, 1,2): &

Y= ¥ wfilx, xe) (8)
i=1



212 BRY2H2IYUE =2X R2H 28 (% 3)

ol W, Re A A F2elz, Agt At
H2A Wgoli, y'e 2 gholh
that 2L 23} el oal,

1
E=§§(td-oj)2 (9)

Wizt det FAol ohel, WA S W
& o3 oo,

Bws1 = méjo; o =U4E (10)

22 AsE b Fe) T 5 ok

29A: 85 = (t; - o5)fF'(ij) (11)

A 85

£(i5)% bk (12)

depd, Al A HEAE e o) 5
LES

Awji(n+l) = ndjo; + awji(n) (13)

ac= Arols, aw(n)= 29" #(momen
tum term)e]c}.

4 NEHolM

£ w292 2de elgAg 757 A4,
Y AAE 238 2R E ojEdole]ol o
& AlEHo)dstgeh (2 3)2 A 53
A2 A, AAe dsle AAolz, AL B2x
E9 23 #HRolgh (H 1) 27 753 E Y
eliic)

(8 3) AWM o5 Fof A
(Fig. 3) The resut after the frst leeming

(B 1) 2LE oiL{§2 069 x7| 7152
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(a) Initial weights of joint 1

WCl wC2 WwC3 WC4
1.600| ©6.088 -0.883 8.0a7
1.608 | -0.906 0.608 8.904
1.608, ©.808 8.885 8.8a2
1.008 | -0.689 | -0.886 0.088
1.608 | 0.985 0.000 | -0.068
1.008| 6.683 0.088 | -9.0688
1,000 0.010 8.083 0.089
1.000 | -0.906 0.8086 0.008
1.080| 0.0682 9.089 8.068

(b) Initial weights of joint 2

wCl we? we3 wey
1.008 | 6.082| -8.084 | 0.068
10086 | ©.067| 0.001| 0.847

1.600 | -8.081; -0.606 | -
10680 ©.861: 0.805 | -
1008 | ©.080| -0.807
1.0608 | -0.002 | -0.004
1.0686 | -6.061 | -0.082
10086 | 0.003| -8.081
1.000 | -9.005 | -6.0684

T

.81

A 9 Ade wi$ 2 227 Jehde
v (23 4)8F (23 5)ell A R whet zhe) 8
wol WEgel wel 237t FA3) Foige]
1074 FPAdle Yshe AHES A 2x 9
ol S & 5 ok (& 2)+= 104 g
¥ 7HeA) Wtz A, 3 2o YA=q

&% % % ok

(T8 4) Fn &g Rof AR}
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(Fig. 5) The resut after the 10th lerning

(B 2) 108 85 %o 7152 H
(Teble 2) Identified weights after 10th leeming.

(a) Jdentified weights of joint 1

wCl wC2 wC3 wC4

1.873| -8.318| 9.122 0.215
1.339| -8.839| 0.319| 08.817
1.830| 8.207| 0.882| -8.116
1.118| -8.371| 0.268| 0.254
1.324) -8.157| 6.829] 0.127
1.826 -0.843| B.251| -0.647
1.0687| 8.187| 6.832| -0.847
1.113] 8.471]| 0.146| 0.827
1.018| 0.159| 0.968| 0.897

(b) ldentified weights of joint 2

wCl WwC2 wC3 WwC4
1315 | -0.668 | B8.342 | 0.427
2259 | -1.819 | 8.916 | 0.883
1.159 | -8.462 | 8.219 | -8.386
1.157 | -8.269 | 6.538 | 0.128
1813 | 68.288 | 1.528 | 8.145
1.116 | 8.630 | 0.514 | 0.886
1.17S | 6.482 | 08.248 | -8.322
2292 | 1.827 | 8.985| 0.640
| 1.363 | 0.688 | 8.384 | 06.516
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