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Abstract

It is essential to know the information about the prior model for wavelet coefficients, the probability distribution of
noise, and the variance of wavelet coefficients for noise reduction using Bayesian estimation in wavelet domain. In general
denoising methods, the signal variance is estimated from the proper prior model for wavelet coefficients. In this paper, we
propose a variable window size decision algorithm to estimate signal variance according to image region. Simulation
results shows the proposed method have better PSNRs than those of the state of art denoising methods.
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Table 1. PSNR values of denoised Lena image for
difference denoising methods and noise levels.

10 -15 20 25
PSNR/C,
2813dB | 24.61dB | 22.11dB | 20.17dB
LAWMLI[1] 34.18 32.11 30.65 2950
LAWMAP(1] 34.32 32.33 3090 2980
Bivariate[12] 34.23 32.32 31.04 | 29.92
Cail14] 3422 32.23 308 | 2919
A bury 34.41 32.38 3095 29.83
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Table 2. PSNR values of denoised Barbara image for

difference denaising methods and noise levels.

10 15 20 25
PSNR/O,
28.13dB | 24.60dB | 22.11dB |20.17dB
LAWMLI1] 3250 30.10 2850 21.26
LAWMAP[1] 32.60 30.19 2853 21.24
Bivariate[8] 32.36 2994 28.30 2107
Caif9] - - - -
Ay 3264 | 3025 | 2864 | 2741
Barbara 94€ H34d oA 2 HaH 48 gol ¥
Foha ok 2o G B4¢ weh Ausos
o Al NFE A4 A el 27l BAY
of Bxol AAALEE & + Ak

» I% 5E 0,= 204 d] Barbara
Aspolr}, TN E 5 3

EX N4 HSPHSEE

115

(c) (d)
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o2 HAH Z= (@ LAWML (2850dB), (b)
LAWMAP (2853dB), (d) Bivariate (28.30dB), (d)
X orer (28.640B).

Fig. 5. Denoising results of conventional methods and
the proposed method when o, = 20 [(a)LAWML
{28.500B), (b) LAWMAP (28.53dB), (d) Bivariate

(28.30dB). (d) the proposed method (28.64dB).
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