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Abstract - In this paper, we design the 2.2 g
Multi-FNN{(Fuzzy-Neural Networks) using HCM

Method. The proposed Multi-FNN  uses 2.1 Hard C-Means &%
simplified inference as fuzzy inference method 71%& Yamakawa©] &8 A¢dE AA-5E HERR
and Error Back Propagation Algorithm as o) Pz FojA dvolele EAule F4Rglel dEHL
learning rules. Also, We wuse HCM(Hard 2 2us r2gozd Hed AN 9HE =8
C-Means) method of clustering technique for Wl oA dlolele] A Wi 2dE F&Es A
improvement of output performance from o] Rdo Aeg FYANIE FoF Hyelst T F 4
pre~processing of input data. The parameters Ak, By dneEold deled BHFE A8
such as apexes of membership function, Ap£8)= 3&.9& dlolelel st W&y HE, -4-"3
learning rates and momentum coefficients are HeFe N1EE B3 dolHE EFsd YR F2
adjusted using genetic algorithms. ol Aoltk, ® =FdqAE HCM WEE °§%5’r
We use the training and testing data set to o 9= dojge EA4L Hd3}. HCM HE e do]
obtain a balance between the approximation HEZS ARE Ve 2% } %Et 238, o
and the generalization of our model. Several & H}moi <! OlEié‘ Eddg RHFEu. HCM €2
numerical examples are used to evaluate the &9 FPUHE ey go.
performance of the our model. From the
results, we can obtain higher accuracy and (@A 1] ZFH2869 M 2<c<n)E ARz 54
feasibility than any other works presented cili=1, .08 AGsA Hdestd F71380),
previously. (A 2) 2&94d s 239},
{1 iflx—cil s hn—cl? for k1
1.4 B =10 “ ot“herwzse} ' (D
(kA 3] ofglf 212 ALbsich 4 ZAH o 53] oot
X8 Alxmlel Rdg TEHE7] deiMde A 2w A Belsn
EAQ g A EE veotdle 7‘103 g F8% Bajolnt, A .
2de) 242 setels Wye A2 s PHel Y J= Bh= BB du-c) (2
H HA3 FHANE 2 F 4E9 doley AL B = L hnse

5 AS9T AN dolde Sia Haad o (2 4) A28 2h28 24 % AYHT (WA 2)2 2
g U4 Nade) vde Bgdoln Ades i

7] S B =EdMe oF Ha-vE EQaE * .

Aggtt, 7129 Yamakawall,2])0l «13}] Aetd w) ==t T (3)
A-% VEYIE WA 22 wEoz 718 222 A} TG v £Ra

%?3}‘! g THoRE oF AT GnFS AHEE

A ge umﬁg v H#A EEEwrt mx} 2 4 2.2 c}E Fuzzy-Neural Networks 3=
EMo] 24avdE AYS six wy e do)w e £ =gdA Agg 0 #x-w5d JELA 7B
A7 7 oM 2ule Lasez gyl Ag‘-;—oﬂ 2L nye :N/‘ 1o Vel sle Yamakawao] ofsf A<t
FEFE FA UG gy 2 =Edde 7129 g AA-7E MBS Zot.

Yamakawa 411 -wd WELAE /2 gz 3y
@3d& Bl 40}&3 d&d diolee] E4& websl
¥ HCM(Hard C-Means) ¥ & ﬂ%ﬂ"ﬂ °“%"‘“ 2
olH o] EMS 24 J1® Rg e avE §X53n, 4&
g dolElte A E4E A= el B A
9 FFe 2 Uro mdg F&se dF JA-%E 4
EQaE FE9Y. 13 49 rd g F&3l7] 9
o), HAl-wd dedas g4 299 A 29
1 Wy o] FEE FAX ¢nES ALY
3t gt

1'1101”51 2de 7l~2 F3(3)% Sugenod FA o
°lEl (4, 5]"* ol g3l AE & Mﬂcﬂ*t’i & o
vjsmatal ¢ ‘2} 2d-g TEE $ AEE BT

2% 1. Yamakawa? HA|-78 JEHN=R

- 797 -



AA & WPhele 4 (s o) 2 FEL ALS
sgom, A7%e Fae oF JA% YnIEE A
g3l The 2do] e He SEst Wen £ Y
o) $59%, HA-d vEALY FFBAL 4 (5)
s 2o mAVY.

R IF X;is Ay Then yy=w;
R:IF X, is A; Then yy=wy "
R":IF X,isA, Then y,=ws

= A+ FAXD) +o (X ) = 2 S(X) (B

i

2 =FdMe 71 2de AHE& Hud ¥Lin
whdo] Gd-g Hesly] 98 HCM WS F& do)
HE 4 SAd 94 22 oS 2 23€ dolHe
ARL gHeg e a9 29 2L ox #HA-7E
YEYIAZ 7230 =23 2do] HAHLE YA &
Az duglEer HAX-F2 WMEYAY g4 2l
o Ad 22z 9y #4e F3HE AFEE ST

¥ 2. 3 HA-7E HEYAY F2

27 Mee A28 AA-7E MENA) 72
A2 gov), Ux 4o M2 FAIE E4E 71
£ dolEEe] Yo o|F4A B4 Bt mde
F5¥ 7 ek

2

3 REX gDAF

A5 g3 U AANYH AdA] FAA
WAYZe) vBE A gnAFoz HA A
A 598 45 BASHE 4Ax FaFe A2
Py 9 vl W@ Ado] flu, AIazt &
AFdGE BAge] A4 sbsshy) wEel b Pof
o MoE AT fol 48 + Athe FHE Y
(6.7). 38 3 FuA Yadzel FYSAE e

¥ 3. 37 2nFd FYEA

e 29 HAHE Astel ALY AA% Tae
+% 27 3Ysel 3PE EALE shbel A
2]

A

=

I AR MEE fFAAME Ak, AA
AL gt Ao| ofd FAM o AAHE FA3)
v B3 2o 37 dile] old A ARRE
g2 FPP. a2hn AFAY Yol oid
Q1 WS ALg-3he)

EAM e Agd 2de HAsE ¢3te] W4y
AR AA-%E dEYI] F&EI ¥dH
#Az ¢nEE Bt AF5ER I

fu rlo

il
1
2
3

ot ) 102 ol

4y <y e
fhr

fijn to,

3. AlEg3olM

3.1 7l2233d
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Brlsted @8] AleHe 7IA2 AAIE dolEE ol &
89t Box$} Jenkins(3)e] &) AH2-E JtAE AlA
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1. F2H g wE AeAF

2828 AF PI E_PI
2 0.020 0.317
3 0.018 0.349
4 0.017 0.309
5 0.015 0.338
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2 g PI E_PI
Oh’s Fuzzy model(8) 0.022 0.335
(Complex)
Oh’s Fuzzy model(9)]
(GA) 0.022 0.338
Yamakawa's FNN model 0.022 0.338
Our model 0.017 0.309

3.2 % Hlolg|
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2 0.8%0 1.489
3 0.700 1.304
4 0.698 5.910
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25
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Azt #3
R 4. 71€ »ddo 53 o8] vm(%)
=24 PI E_PI
GMDH 4.7 5.7
Sugeno’s model 1 1.5 2.1
method(4,5) model II 1.1 3.6
Shin-ichi’s T I 0.84
model(10) ype : 1.22
Our model 0.700 | 1.304
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