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Design of RBF Neural Network Controller Based on
Fuzzy Control Rules
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Abstract - This paper describes RBF network
controller based on fuzzy control rules for intelligent
control of nonlinear systems. The proposed scheme is
derived from the functional equivalence between RBF
networks and fuzzy inference systems. The design
procedure of the proposed scheme is realized by first
transforming the fuzzy control rules into the
parameters of RBF networks. The optimized RBF
network controller is then performed through the
gradient descegt learning mechanism to an error
function. The proposed method is rigorously tested
using a nonlinear and unstable nonlinear system.
Simulation is performed to demonstrate the feasibility
and effectiveness of the proposed scheme.
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