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The Single Step Prediction of Multi-Input Multi-Output System
using Chaotic Neural Networks
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Abstract — In this paper, we investigated the single
step prediction for output responses of chaotic system
with multi Input multi output using chaotic neural
networks. Since the systems with chaotic characteristics
are coupled between internal parameters, the chaotic
neural networks is very suitable for output response
prediction of chaotic system. To evaluate the
performance of the proposed neural network predictor,
we adopt for Lorenz attractor with chaotic responses and
compare the results with recurrent neural networks. The
demonstrated performance  on
convergence and computation time than the predictor
using recurrent neural networks. And we could also see
good predictive capability of chaotic neural network
predictor.
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