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Abstract - In this study. we propose a fuzzy
polynomial neural networks(FPNN) and a
genetically optimized fuzzy polynomial neural
networks(GoFPNN) for identification of non-
linear system. GoFPNN architecture is designed
by a FPNN based on fuzzy set and its
structure and parameters are optimized by
genetic algorithms. A fuzzy neural networks
(FNN) based on fuzzy set divide into two
structures that is simplified inference structure
and linear inference structure. The proposed
FPNN is resulted from integration and
extension of simplified and linear inference
structure of FNN. The consequence structure of
the FPNN consist of polynomials represented by
networks using connection weights for rules.
The networks comprehend simplified{Type 0),
linear (Type 1). and quadratic(Type 3)
inferences, The proposed FPNN can select
polynomial type of consequence part for each
rule. Therefore, proposed scheme can offer
flexible structure design capability for a system
characteristics. Moreover, GAs is applied to
networks structure and parameters tuning of
proposed FPNN, and its efficient application
method is discussed. these subjects are result
in GoFPNN that is optimal FPNN. To evaluate
proposed model performance, a numerical
experiment is carried out.
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Fig. 1 The topology of FPNN with the
polynomial inference

R': If Xx is Aki (1)
Then Cy= Wi+ wly - X+ W2y * xE

4 ()9 HAFE Ty F2E 4¥Ed FNNY
AGEE F26)4d Ax F& Fgezy IAGY
Noz iy F2Z A3, £ 1 14 2o
e R Zeo] AAAFTH 93 3AIE o] #AH
o, o] YIEHA FZ2E FFE(Type 0), MEFE
(Type 1), SAAGGYFE(Type 2)§ BEHF XgaA
"oy, whelA vighy Age(Type)d Megto g ztzt
o] F&FZE REY £ JdA 9o 94714 ie f9A

-2633 -



749 #, ke 4895y £& Ui
Algtd FPNN Tz 7 38 AAARZL 71&9
FNN 7% AA#AAR 23, 93 dA7FA4 9@
IR 29 Cyue 2 739 Ay A4 (Type)d w
gt o3 o] ¥EEY.
Type 0: Cy=wli
Type 1: Cyx=wli+wly * X (2)
Type 2: Cyk,-=w0ki+w1k,--xk+w2ki-xi
5%cA Z 739 28 FAFHYA o7 HAF
€94 243Q Wuigddse d45Fd o8 4 (3)T
Zo] FaR}
fy(x,) = 28 Cynit tii+1- Cyuier
gt (3)

=35+ Cyii+ tiiv1* Cyiir1=agitagin
5%dlx 28" 4SS (4} Zol BF HFHez
Fai4 FPNN9 29 y8 HFHoz AMsA €.
T= 1000+l 4 Hnlxa) = i) (@)

9714 me HAFY F(fi wHY F)olrh

FPNN9 6304 Aid JF29L 9 2839 ¢
218 Fatz, FI 245 gdugoez AGAA A
A7FA wik, wlk, w2us 2HIY. olAe] ¢
Aoln, NAZ 2R g 7 dutaez AlgHe
L #9439 (Back-propagation: BP) @ng]&o] A&
L4 8

2.2 A2 HE HXclHY FHHEHI

Foizl ¥y Alxdld U FA md & AA )
AN E A F kA &d9el o F, 72 39
gulg otk 72 FAHL dF¥vsy Ad, 3T
B8, 39 4, 5 2d9g 72 BASHY, gy
3L Wugddee geive, o ey A
5% Zo] 2d9 MY FEL e FAoltt. adY
F= EA9 A% malsotd AlgEe] B Wi F
ARARol BFstn THAHE AHE AA Eioh. o
A B EY AS FTZE Hstn, F2d BF s
HE ZAste Whid dal 2L ¥ d3xd3 o,
zdo] HgenHE F5r] A% WHUE F GAst B
& ol A453 UrH(6.8,9).

7180 dFolAE GAsE ol 4% A3} EAe o
B2 gaugd @3 dFoln], dFdA F= AP S
A8 GAsE di3 JIAT AP gs o 2H, 3¢
g 3 98 Ed Z@Hn g, £ F2E d2da
= wevg e g4z gfoc gA DI, 9A
F28 Astn FHA Fxd dH Fr YRES
GAsdl 9& 3@ ¥ g HelneE FF s Oy
€ oj&3tm ok, aY Betm ¥R FoRle
H A8 4] S o] e Y HE 2R £z A
o o WA ¢ gle HPe deoy, Fx9 Heivy
o] ARE VA, FIA A 2"E 1A ¥ YEH
A F=xo HE 9 EASc) . wgy B =
BdMe olglg EAMSE #Fs] ds GAsE ol %
st} Fzo getole] EAE ttRnz @t

GAs9) 28} HA3}E GoFPNN F2& HA7IY F
g9l ohghy b LAY HEeeE GAsol 9@
Adgozn HAY rd AAY &+ At} £3 HA
THe Zutn pzg 3y 29 (5)9 o9} go] B
g& oy 24 72z Jed £ e, 4839
B 2E Wolu Fold Alx=le EAd ul
A FZE YNY F UEE . )AL 2d9 4
& AMeEA, £Z2E e A2 ¢ 9z, o)
9 & ZolAE. EF HA TN &Y #A

o} Zo| FFE v HXFLA did] gy
o oi}"?:% 43, 238 god A5E BHAFE 5

3e 7.

o 10 iy T

R!: If x,is Ay Then Cyy=wly
R*: If x,is A, Then Cyp=wlp+wlp-x,
R¥: If x,is Ay Then Cyy=wly (5)
R‘ I Xx is Akz
Then Cyk2=W0k2+Wlk2'Xk+W2k2'X|2(

19 2 IRy 24 HRIFEA g G224 FA|
GoFPNN +&
Fig. 2. A GoFPNN architecture: polynomials of
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fuzzy rules
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Table 1. Performance index of GoFPNN
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Fig. 3. The topology of GoFPNN
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Table 2. Comparison of performance with other
modeling methods

No.of
Model PI. | E_PI siiles
Lin and Cunningham’s
odel(10) 0.071 | 0.261 4
GAs+  |Simplified] 0.024 | 0.329| 4(2x2)
Complex{9) | Linear | 0.017 10.289| 4(2x2)
Simplified| 0.755 | 1.439| 6(3x2)
o HCMI8] 15 ear 10.01810.286] 6(3%2)
4 Simolifiea | 0:035 10289 4(2x2)
HCM+GAs P 0.022 | 0.333] 6(3%2)
(8) Lincar |0:02610.272] 4(2x2)
T [0.020]0.264| 6(3x2)
Neural Networks(8) 0.034 | 4.997
. Simplified| 0.043 | 0.264 | 6(3+3)
FRN(6) Linear |0.037]0.273] 6(3+3)

0.022810.13616(2+2+2)
0.033710.3061 4(2+2)

Our model{GeFS: FPNN)
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