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net. trainParam. show =25
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net = init( net) ;

[ net,tr] =train(net,p,t,[ ],[ ],val);

yl =sim(net,p) ;

figure;
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title (" YR IE BRI 5 ) 5
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ylabel (* FARpREL ).
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Improve the generalization capability of artificial neural network

ZHAO Yuandong'

HU Weiyao'
1 School of Information & Cybernetics,, Nanjing University of Information Science & Technology,Nanjing 210044

Abstract The generalization capability is one most important performance of Artificial Neural Network ( ANN).

This paper discusses several methods on enhancement of ANN generalization capability ,and analyzes their advanta-

ges and disadvantages. Functions provided by Matlab were employed to approximate the non-linear function , simula-

tion and fitting with original fuction were carried out to verify the improvement of generalization capability.

Key words artificial neural networks ; generalization capability ; Matlab



