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Abstract

This paper presents a new fuzzy neural network for fuzzy modeling. The fuzzy neural network is
composed of 4 layers and the nodes of each layer represent the each step of the if-then fuzzy inference.
A heuristic based on the back-propagation algorithm is proposed to adjust the parameters of the fuzzy
neural network. We prove the feasibility of the network using the experiments on modeling a nonlinear

mathematical system and the comparison with previous research.
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Yo 18 fw,
Rule 2: IF x; 18 mfy AND x, 1S mfyn, THEN
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The proposed Fuzzy Neural Net-
work(FNN).  This example has two
inputs, one output and two rules. The
premise and consequent of the if-then
fuzzy rule are related to the FNN. mf's
and fw's are the parameters of the
nodes in the first and the third layer
respectively.

g 1.

£ mlo rSL

st

L

ly

Fig. 1.

2. Node &4

FNN2l & AlZ2] IMF(Input
Membership Function)zky #-8u) IMF =S+ 7}
if then ruled®] shte] | dizle] sy Exjs}
e, 232 7h ol diE sl if-then ruleell
Aol W ilgke Alkshe dolr)l. FNNellA pris)
q¥ld el gk IMF == 4= ofg3} 2o}

1 .
e

5] a}]

Z]
T

e = IMF(x,: mf,,), 1)

o71ellA x,3= UH, mf,= TEprlE A
upe IMF =x.08] E3o[u}
a7 WAl e ol 71 sels
Al g Lgo] Aol oRE *Lz]—
B o) woks 1\}~9—5h:}| ”
A geldhn, = Rre WAd B8
7‘}‘%}-6]-7] ) F-olc}k ubH o]Ezlel ode] %ol 7}
2 ghph Sabse) @) el AR, L olh
olelgh ghEel Al B nr} o] of

3)
o,

=

.“,r



1994 48 BFIS®HE

Foleks & 4 qlep'?! B w¥-e nc} AgHe %

E WO L O
Holl 7 248 F vl Alie]® wE piecewise

linear types W4 52 AHSE 13 20 pd
A FE e q‘ﬂ’%}] s1H el i3} piecewise linear type
W s 8700 FHeprlel( 6, -, 0 ) E LEERH
€ Bick

Grade of

membership ®

pa3 ’qu'l

)

pat Bpg2)

i
I
i
1
1
|

Input space ¥,
a8l 2. Hx] w4 & Rl piecewise linear
Jﬁ-l-fﬂ uoLH\:Ji amlo"'ygpqa'io:‘ O] '\ﬂzl T—‘g!ﬂﬁ
£ veills dgebelga g S
Sale] A= ARG
The piecewise linear representation of
fuzzy membership function. &,,,
are parameters to represent this fuzzy
membership function and to be modified
in learning process.
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The COG method in defuzzification.
wW=[0,vy,]) is the coordinate of output
space, z is the grade of membership and
vy 1s COG output.
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