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Nonlinear Prediction using Gamma Multilayered Neural Network
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Abstract

Dynamic neural networks have been applied to diverse fields requiring temporal signal processing such as system
identification and signal prediction. This paper proposes the gamma neural network(GAM), which uses gamma memory
kernel in the hidden layer of feedforward multilayered network, to improve dynamics of networks and then describes
nonlinear adaptive prediction using the proposed network as an adaptive filter. The proposed network is evaluated in
nonlinear signal prediction and compared with feedforword(FNN) and recurrent neural networks(RNN) for the relative
comparison of prediction performance. Simulation results show that the GAM network performs better with respect to
the convergence speed and prediction accuracy, indicating that it can be a more effective prediction model than
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conventional multilayered networks in nonlinear prediction for nonstationary signals.
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