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Abstract

In this paper, we could analyze and compare with
the generalized Recurrent neural networks and the
Recurrent neural networks applying the fuzzy.
The total system is digitalized in order to be filtering
the image, and the fuzzy is applied to the generalized
Recurrent in order to be fast the operation speed. So
the fuzzified Recurrent neural networks are completely
removed to the included noise in the image, and could
converge on a certain value as controlling the weight
and iteration frequency corresponding to the desired
target value. Also, that values are compared and
analysed using MSE and PSNR. When applying to
the image which is included to the noise in the
generalized Recurrent and the Recurrent applying the
fuzzy, the Recwrrent applying the fuzzy is shown the
superiority at the noise and the fixed convergence
part through MSE and PSNR in the computer

simulations.
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Fig. 1 The #th hidden layer structure of
the generalized neural networks
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Fig. 2 The hybrid fuzzy membership function
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Fig.4 The images after filtering in the image which
is included the 10% noise to lena image
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Fig.5 The images after filtering in the image which
is included the 30% noise to lena image
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Table 1. MSE and PSNR of the fuzzy Recurrent
filter and the generalized Recurrent filter

MSE | PSNR | MSE | PSNR

70.6688 | 18.6876 | 903.7251 | 185784

1'869.3728 | 18.7387 | 924.5792 | 184714

18239971 | 189715 |950.0735 | 18.3532

1782.9864 | 19.1933 |997.7896 | 18.1404
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(a) Each noise MSE (b) Each noise PSNR
for each image for each image
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Fig. 6 MSE and PSNR graph for each images
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