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Abstract

This project has developed a nove
method to fine-tune the membership functions
of a fuzzy neural network (FNN) system to
Improve approximation accuracy. This method
bases on the result: any continuous function
can be represented by a linear combination of
Gaussian function with any standard deviation.
By this way, the proposed FNN’s membership
function can be replaced by several Gaussian
functions with small standard deviation. We
predict that this modification will adapt proper
membership functions for any linear/nonlinear

mapping to achieve highly accurate
approximation.  Besides, the universa
approximation theorem, convergence

theorems, and fuzzy reasoning properties can
be remained. Finally, for illustrating the
effectiveness of this approach, it will be
applied to tune the PI controller based on

robustness specifications.
Keywords. Fuzzy neural network, Function
Approximation, PID Control
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