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Abstract

In this paper, new neural network called dynamic multidimensional wavelet neural network
(DMWNN) is proposed. The resulting network from wavelet theory provides a unique and efficient
representation of the given function. Also the proposed DMWNN have ability to store information
for later use. Therefore it can represent dynamic mapping and decreases the dimension of the inputs
needed for network. This feature of DMWNN can compensate for the weakness of diagonal
recurrent neural network(DRNN) and feedforward wavelet neural network(FWNN). The efficacy of

this type of network is demonstrated through experimental results.
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Fig. 1. DRNN's structure.
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