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ABSTRACT

We propose an approach to integrating fuzzy logic control with RBF(Radial Basis Function) networks
and show how the integrated network can be applied to multivariable self-organizing and self-learning
fuzzy controller. Using the hybrid learning algorithm. To investigate its usefulness and performance,

this controller is applied to a

time-delayed process system. Simulation results show good control

performance and fast convergency in hybrid learning method.

Key words : fuzzy logic controller(3 %] #|o]), Radial basis function network(RBF 217 4),
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