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An efficient learning algorithm of nonlinear PCA neural
networks using momentum
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< Abstract >

This paper proposes an efficient feature extraction of the image data
using nonlinear principal component analysis neural networks of a new
learning algorithm. The proposed method is a learning algorithm with
momentum for reflecting the past trends. [t 1s to get the better
performance by restraining an oscillation due to converge the global
optimum. The proposed algorithm has been applied to the cancer image of
256 X256 pixels and the coin image of 128X 128 pixels respectively. The
simulation results show that the proposed algorithm has better
performances of the convergence and the nonlinear feature extraction, in
comparison with those using the backpropagation and the conventional
nonlinear PCA neural networks.

Key Words - Nonlinear principal component analysis(NLPCA) neural networks,
Fealure exiraction, Momentum, Backpropagation neural network
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