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Hybr id chaos optim ization algor ithm for fuzzy neural network
model and itsapplications
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Abstract: Based on the idea of chaosoptimization, an optimization algorithm for the fuzzy model ispresented The
fuzzy model can be represented as a fuzzy RBF neutral network model The structure of the model is detem ined
using the FOM algorithm and the clustering validity criteria The initial parameter of clustering centers is obtained
using synthetical chaos series and is further optimized using the FOM algorithm. The proposed goproach is used
successfully for the prediction of end phogphorus content in converter.
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