B0 00 http://www.cqvip.com]

$3FE M it I 8 200845 A
Vol.33 No.9 Computer Engineering May 2008
s ATEEERIRAMFR - XREE: 1000—3428(2008)09—0200—03  WRMFIRE: A HEHHE: TPIS3

B # % RBF #42 M 4 & L 2 K4E14L

ZXRE, FBRE, R A AL &
(R ZROEE R ENURBIATE BT U, A 230031)

W B REERYE RS M R EMES A RBF B9l EEMBE . ORI RBUE TR KFIE A 315k RBEN, % BAAR R 25
JE i, ARSEREAR ST B30T RBF gy OMISERE, R0 RBF B%H - FTA Y M4 2 E0R AR RBEMALAIERMAL . Eid IRIS 55-2iHE
R (E] P BRI VEA B A9 RBEN B9HERE, BESHMILBR. 4R EW, HME RBEN FMEREY A EMA SN, T ERA R
BN R B YTEIERE S - B WS H AR AL, REERBUE T PSR-

Rl REEERY BAERS; 2504 BXRG; BENEFRS

Self-growing RBF Neural Networks and Parameters Optimization
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[Abstract} Construction of Radial Basis Function Neural(RBFN) networks involves computation of centers, widths of each RBF, and number of
RBF.in the middle layer. The modified clustering algorithm is used to construct RBFN automatically. The algorithm considers the class membership
of training samples, can automatically compute RBF centers and widths, and determines the number of Radial Basis Function(RBF) units based on
the distribution of samples. Parameters are optimized with nonlinear optimization technique. The performance of the self-growing RBFN and effects
of the optimization are estimated with IRIS classification problem and chaotic time series prediction. The results confirm that self-growing RBFN

determines networks structure automatically, and has good performance in pattern recognition and function appi*oximation. Better performance can

be observed after nonlinear optimization of networks parameters.
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