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ABSTRACT
In order to approxXimate a nonlinear function, modular wavelet networks combining wavelet

theory and modular concept based on single layer neural network have been proposed as

an alternative to conventional wavelet neural networks and kind of modular network.

Modular wavelet networks provide better approximating performance than conventional

one. In this paper, we propose an effective method to construct an optimal modualr

wavelet network using genetic algorithm. This is verified through experimental results.
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