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Online study method of RBF neural network and its agpplication in
the dan digplacanent monitoring

S22 . 2
WANG De-wen’,L | Zhi-Iu? L U Rui-zhang
(LW atew ay and W ater Conservancy A dm inistration Reservoir M anagenent Station, X i'an, Shaanx i 710048, China;

2 College o W ater Resource and Hydroelectricity Engineering, X i'anU niversity d Technology, X i'an, Shaanxi 710048, China)

Abstract: A ming at the present problen in RBF neural network, an on-line training algorithm ispre-
sented,w hich can smulate the study of human and modify the nodes automatically. The theory on w hich
this algorithm is based has been discussed Results show that the algorithm can study fast and menorize
both nev and old know ledgew ith high simulating precision So the algorithm can overcome the shortcom-
ings of other existing algorithm s and has great practicability.
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