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Abstract: A new distance metric based on a classification function of the set of input vectors is ad-

vanced Combining the nev measurew ith the forw ard regression orthogonal least square (OL S), not
only the parametersof the classification hyperplane, but alo the mportant input nodes can be obtaind

The mproved RBFNN s are suitable to identifying (modelling) or controlling nonlinear dynamic sys-
teans Expermental results show that the mproved RBFNN has successfully modelled the polymeric re-

action process in the chamical industry.

Key words radial basis function neural nework (RBFNN); classification hyperplang orthogonal least
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