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RBF network identif ier with optimal selection
cluster algor ithm and itsapplication

L IU Tienan, DUAN Yu-bo, L IU Zhi-de, X IE A i-hua, ZHAN G H ang
(D epartment of A utomation and Control Engineering, D aging Petroleum Institute, D aging 163318, China)

Abstract: A model of RBF neural network (RBFNN) isfraned to olve theproblen of identification of
nonlinear systeans Inorder to realize the structure identification of RBFNN, akind of optimal selection
cluster algorithm isproposed By thisalgorithm, it isoptimally gained the hidden layer node number of
RBFNN in temm sof input sanples T he structure and paramn eters identification problen sof RBFNN are
smultaneously olved, 9 that themodeling and prediction precision of RBFNN are notably raised The
goplication example show s the validity of the schane

Key words RBF neural network; Optimal selection; Cluster algorithm; Identification; Second-order
learning algorithm
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