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A Convergent Algorithm for PCA Neural Network

HUANG Ke-Jun YE Mao WANG Yan-Dong LI Yi-Chao
(School of Computer Science and Engineering,University of Electronic Science and Technology of China,Chengdu 610054)

Abstract  Principal component analysis (PCA)is one of the most general-purpose feature extraction methods. For
processing the huge data sets, a variety of learning algorithm for PCA has been proposed- However, traditional
algorithms will either divergence or convergence very slowly. Based on the CRLS neural network,a novel convergence
algorithm is proposed and the fact that the weight vector will converge to the largest eigenvector is also

proved. Finally,simulation results are also included to illustrate the accuracy of this new algorithm.
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