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ABSTRACT

This research presents a fuzzy-neural approach to the prediction of nonlinear
function and the estimation of stream flow. The fuzzy-neural network is constructed by a
set of Rule-Base control, a modified self-organizing counterpropagation network and a
fuzzy control predictor on the basis of the extracted rules in its predicting part. The
algorithm is investigated on the prediction of two nonlinear functions which are generated
by the Monte Carlo method and it then is applied on the estimation of flow of the Ta-Chia

river in Taiwan. The results demonstrate that the ability of the approach is superior in
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terms of the high prediction accuracy. Two strategies are proposed to enhance the

algorithm, i.e. separated the training sample set and used Gaussian membership function.

Substantial improvements in estimated river flow are obtained.

Keywords: Fuzzy-neural network, Rule-base control, Counterpropagation network,

Fuzzy control, Estimation of flow.
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