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(A Self Organization of Wavelet Network Structure by
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Abstract

Previous wavelet network structures are determined by considering the relationship between
wavelet windows and distribution of training patterns that are transformed into time-frequency
space. Because it is separated two algorithms that determines wavelet network structure and that
modifies parameters of network, learning process that minimizes output error of network is executed
after the network structure is determined. But this method has some weaknesses that training
patterns must be transformed into time-frequency space by additional preprocessing and the
network structure should be fixed during learning process.

In this paper, we propose a new constructing method for wavelet network structure by using
differences between the output and the desired response without preprocessing. Because the
algorithm perform network construction and error minimizing process simultaneously, it can
determine the number of hidden nodes adaptively as with the complexity of problems. In addition, the
network structure is optimized by inserting new hidden nodes in the area that has maximum error
and extracting hidden nodes that has no effect to the output of network. This algorithm has no
constraint condition that all training patterns must be known, because it removes preprocessing
procedure for training patterns and it can be applied effectively to systems that has time varving outputs.
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Fig. 1. Wavelet network structure in general case.
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