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A Study of Wavelet Theory for Syste.m ldentifications
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Abstract - Based on wavelet theory. the new
notion of wavelet networks 1is proposed as
alternative to feedforward neural networks for
approximating arbitrary nonlinear functions. An
algorithm presented in this paper trains
coefficients of wavelet. i.e.. translations and
scaling.. and then learns weights with the
wavelet coefficients. And experimental results
are reported.
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