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(Optimal Design of Radial Basis Function Network Using
Time-Frequency Localization)
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Abstract

In this paper,

we propose the initial optimized structure of the Radial Basis Function

Network(RBFN) which is more simple in the part of the structure and converges more faster than

Neural Network. For this, we use the analysis method using time-frequency localization and we can
decide the initial structure of the RBFN suitable for the given problem. When we compose the
hidden nodes with the radial basis functions whose localization are similar with the target function
in the plane of the time and frequency, we can make a good decision of the initial structure having

an ability of approximation.
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