HERZ T WS Gk

H16% H69E, 2011 6. 2011-16-6-2-1

A study on the Fuzzy Recurrent Neural Networks for the
image noise elimination filter
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Abstract

In this paper, it is realized an image filter for a noise elimination using a recurrent neural
networks with fuzzy. The proposed fuzzy neural networks structure is to converge weights and the
number of iteration for a certain value by using basically recurrent neural networks structure and
is simplified computation and complexity of mathematics by applying the hybrid fuzzy membership
function operator.

In this paper, the proposed method, the recurrent neural networks applying fuzzy which is
collected a certain value, has been proved improving average 038dB than the conventional
method, the generalied recurrent neural networks, by using PSNR. Also, a result image of the
proposed method was similar to the original image than a result image of the conventional method

by comparing to visual images.
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