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Image Denoising Based Bayesian Neural Network Prior Statistical Modeling

LONG Xing-ming
College of Physics and Information Technology Chongqing Normal University Chongging 400047 China

Abstract Image processing based wavelet coefficients prior statistical models plays one of great improtant roles in modern image pro-
cessing techniques. Owing to the defaults of fitting of Gaussian or Laplace functions a Bayesian model of neural network BMNN to
study the statistical dependency of wavelet coefficients is firstly presented. Secondly its parameters are estimated by modern particle
samplers Monte Carlo methods—Gibbs algorithm according to the characteristics of the suggested BMNN model. Then the relation-
ship of wavelet coefficients is discussed in detail. Finally a practical application of denoising image by using the BMUNN model is dem-
onstrated and the result shows that on one hand the suggested method can express wavelet coefficients dependency efficiently on the
other high quality visual effects and peak signal- to-noise ratio PSNR are achieved.
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