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Abstract

In general, almost information is stored in only a few wavelet coefficients. This sparse characteristic of wavelet
coefficient can be modeled by the mixture of Gaussian probability density function and point mass at zero, and denoising
for this prior model is performed by using Bayesian estimation. In this paper, we propose a method of parameter
estimation for denoising using hypothesis-testing problem. Hypothesis—testing problem is applied to variance of wavelet
coefficient, and y2?-test is used. Simulation results show our method outperforms about 0.3dB higher PSNR(peak

signal-to-noise ratio) gains compared to the states-of-art denoising methods when using orthogonal wavelets.
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Table 3. PNSR results for several dencising methods
with Barbara image.
PSNR
Ip 10 15 20 25
LAWMLI[2Z] 3250 3010 | 2850 2126
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