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Abstract

Generally, wavelet coefficients can be classified into two categories: large coefficients with much signal information and
small coefficients with little signal component. This statistical characteristic of wavelet coefficient is approximated to
Gaussian mixture model and efficiently applied to noise reduction. In this paper, we propose an image denocising method
using mixture modeling of wavelet coefficients. Binary mask value is generated by proper threshold which classifies
wavelet coefficients into two categories. Information of binary mask value is used to remove image noise. We also
develope an enhancement method of mask value using morphological filter, and apply it to image denocising for
improvement of the proposed method. Simulation results shows the proposed method have better PSNRs than those of the
state of art denoising methods.
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Table 2. PSNR values of denoised Barbara image for

Table 1. PSNR values of dencised Lena image for different denoising methods and noise
different denoising methods and noise levels. levels.
10 15 20 25 10 15 20 25
PSNR/0, . PSNR/ 0,
28.13dB | 24.61dB | 22.11dB | 20.17dB 28.13dB | 24.60dB | 22.11dB | 20.17dB
LA™Y 34.18 | 32.11 | 30.65 | 29.50 LA™ 32.50 | 30.10 | 28.50 | 27.26
~ LAWMAPY 34.32 | 32.33 | 30.90 | 29.80 LAwAp™ 32.60 | 30.19 | 28.53 | 27.24
Bivariate? || 34.23 | 32.32 | 31.04 | 29.92 Bivariate™ || 32.36 | 29.94 | 28.30 | 27.07
Chang'? - 32.36 | 30.85 | 30.04 Chang" - 29.92 | 28.33 | 27.20
Cai™ 34.22 | 32.23 | 30.85 | 29.79 Cait™ - - - -
Mix 34.48 | 32.52 | 31.11 | 30.05 Mix 32.73 | 30.37 | 28.77 | 27.55
MixMorph: 34.57 | 32.56 | 31.12 | 30.00 Mixhorph | 32.86 | 30.48 | 28.88 | 27.65
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