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Structurally Adaptive Fuzzy Radial Bésis Function Networks

Jong-Soo Choi*, Gi-Bum Lee*, Oh-Shin Kwon**
*RIST, ** Kunsan National University

Abstract - This paper describes fuzzy radial
basis function networks(FRBFN) extracting
fuzzy rules through the learning from training
data set. The proposed FRBFN is derived from
the functional equivalence between RBF
networks and fuzzy inference systems. The
FRBFN learn by assigning new fuzzy rules and
updating the parameters of existing fuzzy rules.
The parameters of the FRBFN are adjusted

using the standard LMS algorithm. The
performance of the FRBFN is illustrated with
function approximation and system
identification.
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