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Generalized Fuzzy Inference and
Generalized Fuzzy RBF Networks
B ao H ong, H uang X inhan L i X ixiong
(Huazhong U niversity of Science and Technology) (Guangdong U niversity of Technology)
Abstract A nev concept of generalized fuzzy inference and the generalized fuzzy RBF network model
are presented T he generalized learning algorithm of this network model is derived Simulation results
show that the general fuzzy RBF network has the ability to goproximate arbitrary nonlinear function
w ith an arbitrary degree of accuracy, and the learning algorithm presented is effective and feasible
Key words fuzzy inference, neural networks, fuzzy neural network
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