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Fuzzy Division Method to Minimize the Modeling Error
in Neural Network

Byeong-Mook Chung*

ABSTRACT

Multi-layer neural networks with error back—propagation algorithm have a great potential for identifying
nonlinear systems with unknown characteristics, However, because they have a demerit that the speed of
convergence is too slow, various methods for improving the training characteristics of backpropagation net-
works have been proposed. In this paper, a fuzzy division method is proposed to improve the convergence
speed, which can find out an effective fuzzy division by the tuning of membership function and indepen-
dently train each neural network after dividing the network model into several parts. In the simulations,
the proposed method showed that the optimal fuzzy partitions could be found from the arbitrary initial
ones and that the convergence speed wag faster than the traditional method without the fuzzy division.

Key Words : Neural Network Modeling (729 EH T4 %), Fuzzy Division (HA£3), Fuzzy Learning (A 8<5),
Tuning of membership function (A4 g42] 24)
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Fig. 2 Two-layer backpropagation neural network
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Fig. 3 Neural network model by fuzzy division
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Fig. 9.2 Fuzzy division after training(Il)

Hola YA 27] HA ¢} Hlashd A2 Bo] F2RF
& Qo HIehe WHoR Hop v Sre] 22
Z o Agavd 4 39 9A= A9 HSEA vst
¢ Zolztn 48 ¢ Aot Bt o 719 g FEUEY
=g A3 Aede T AsE =T Hue
o]2 H3A e 2o AFFqd i Ay T F
A% d92 o Agste A Toz 44 A4 + 3
. wekd 2 AlEHolde FEUEYS] ZHFdA &
AR oz HALES BHe Ao] BdY e H2
A 4871 A3 S BF1 3len H
B A4 HAG9E 2R EEYSAGE vy o
o 24 #H < HPAHE dF s FEYGS A3
e ¢ Jernz HALEY vt SdFHEe 2HE
e F o= H9FUch

e wle

5.2 E

FEUEYS o] 8% A 2de] Rdae dikzoz 7



ek

ol & THEAT AA Bgef A= B A 293
g AMgEoF &4 TE e 2YEoA w2 ASS
2 72 st Aol 4R sz 59 ddo] 4A gz
i shgatd das A7te] 47) YEe AgFes
A AT 2l Fe A% g0 22 oMY, 2
Yo ALRE UF 22 2uEy 2o 713 Ry
g5& ARE AL, g5t o] Aee AL BB
oli Rle] A} n)k gre] ASA Wike BT Ho
B2 o] B uighAaix] g} weby B wEME ¢
g9 Azgd @ FEUEY 2dE HAETYS o
43l AFle) Frd2 Y o o287 2
7H-2 FFE AHRE A9 EYHAHCR dgdeEd A
Ao g 2dg waA g5d ¢ Sle WEE Akt
At Al EHo)H Ao sl FHUESY A g
& A17ke] ol 2 A date oz Bt F7o]
Z el Bl o9 Zo] Uit 49 o e o
dog oA Bgihe o) ofF ERAYE ¢ F
A} Ee g Hgge e B g
7 Al 228 HFe 99L& Fohlle YL At
Ak, A AL dHWS7L A d ddx ALE
o] AeeteE U4 Jgd da 7H-2 wey Fo
A9 JATE Yo7 AAFE FHFes Y98
T & e FEWMEYY Fen BAY o9 dAE
FRA oM AFe ddoz HAEES & F A
& 23t

1. Gracia, C. E., and Morari, M., “Internal
model control, 1. A unifying review and
some new results , Ind. Eng. Chem. Process
Des. Dev., Vol. 25, pp.403-411, 1982,

2. Psaltis, D., Sideris, A.. and Yamamura, A.
A.. "A multi-layered neural network con-
troller’, IEEE Control System Mag., Vol. 8,
op. 17-21, 1988.

3. Hunt. K. J. and Sharbaro. D., “Neural net-
works for nonlinear internal model contro]”,
IEE Proceedings-D, Vol. 138, pp. 431-438,

118

11.

1991.

Economou, C. G., Morari, M., and Palsson,
B. O., “Internal model control. 5. Extension
to nonlinear systems , Ind. Eng. Chem.
Process Des. Dev., Vol. 25, pp.403-411,
1986.

Hornik, K., “Approximation capabilities of
multi-layer feedforward networks” Neural
Networks, Vol. 4, pp. 251-260, 1991.
Rumelhart, D. E., Hinton, G. E., and
Williams, R. J., “Learning internal repre-
sentations by error propagation’, Parallel
distributed processing, Vol. 1, pp. 318-362,
1986. Cambridge, MA: MIT Press.
Stornetta, W. S.. and Huberman. B. A., "An
improved three-layer backpropagation algo-
rithm”, Proceed. of TEEE 1st Inter. conf. on
Neural Networks, San Diego, CA,1987.
Pineda, F. J., “Generalization of backpropa-
gation to recurrent and higher order net-
works’, Neural information processing sys-
tems, ed. Dana Z. Anderson. pp. 602-611,
1988. New York: American Institute of
Physics

Takagi, T. and Sugeno, M., ‘Fuzzy identifi~
cation of systems and its application to
modeling and control’. IEEE Trans. on Sys-
tems, Man, and Cybernetics, Vol. 15, , No.
1, pp. 116-132, 1985.

. Chung, B. M. and Oh, J. H., “Autotuning

method of membership function in a fuzzy
learning control’, Journal of Intelligent &
Fuzzy Systems, Vol. 1, No. 4, pp. 335-349,
1993.

Lee, 8., and Kil, R. M., “A gaussian poten-
tial function network with hierarchically
self-organizing learning’, Neural Networks,
Vol. 4, pp. 207-224, 1991.



