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Removing Noise from Signalsvia Neural Networks

Abstract

The main objective of this paper is to develop a method of removing noise
from signal. This method is based on the radial-basis function networks and
the principle of cross-validation in statistics. In this method, we detect noise by
estimating the magnitude of validation error after training the network. Besides,
this paper applies the concept of predictive coding to select data set from image
when the proposed method used to deal with the noise removal problem of
two-dimensional image signals. Finally, the proposed method has been
employed to deal with noise removal problems of one-dimensional and
two-dimensional signals. From the result of simulation, the proposed

method could remove noise from signals effectively.
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median filter

mean filter

PSNR




3 Zdda

49 Zelda
(PSNR)
Median Median Mean
3x3 5x5
0.5% 26.5992 37.7166 29.7405 27.1265 28.3059
1% 23.9445 36.3699 29.6142 27.0927 27.6343
3% 18.9209 33.9794 29.4349 27.0586 25.4283
5% 16.5321 32.3325 29.2634 26.9548 23.1806
10% 13.4242 30.2735 26.9548 26.5418 19.8677
20% 10.4139 28.1291 19.5904 24.5637 15.682
30% 8.45098 12.3045 13.6173 19.0309 12.7875
40% 6.9897 7.78151 9.0309 11.4613 10.7918
50% 6.0206 6.0206 6.0206 6.0206 9.0309
e
g | \ mean filter
E 20 —
g
0 \ 1 1
' the Percentage of Noise (%) )
429 Zelda
median filter mean filter  PSNR
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4.7.3.4

10%

4.10 Pepper PSNR
PSNR db
256 x 256 25.1851
128 x 128 25.4033
64 x 64 22.0952
32 x 32 16.9897
411 Lena PSNR
PSNR db
256 x 256 26.1066
128 x 128 24.2325
64 x 64 21.33%4
32 x 32 19.3952
412 Zelda PSNR
PSNR db
256 x 256 32.6881
128 x 128 30.2735
64 x 64 27.9588
32 x 32 21.5229
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4.7.4

4.7.3.1
4.1 4.2 4.3
PSNR
4.7.3.2 4.24 4.25 4.26
10%
median
filter mean filter median filter
mean filter median filter
4.7.3.3

RBF
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