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A ROBUST BP ALGORITHM AND ITS APPLICATION ON THE
IDENTIFICATION OF NONLINEAR DYNAMIC SYSTEM

GUO Chuangxin JING Lei LIANG Niansheng YE Luqing ZENG Jie
(H uazhong University of Science and Technologys Wuh an 430074)

Abstract The paper presents a high robust BP algorithm using the nonlinear of multilayer feedforw ard
neural networks and based on the series—parallel model of the dynamic BP network. In contrast to the conven-—
tional BP algorithm , five advantages of the robust BP algorithm are: ( 1) fitting to the dynamic identification of
nonlinear system;(2) the identifical accuracy is very high; (3) not interpolating all the training points;(4) it
is robust against gross errors and measuring errors; (5) its rate of convergence is improved since the influence
of incorrect sample is gracefully suppressed. The algorithm is applied to the dynamic identification of nonlin—
ear system and the simulation result shows the new method is efficient.

Key words  nonlinear system, dynamic identification, robust BP algorithm, maximum likelihood

method
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