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Abstract:In the process of image acquisition, storage and transmission, due to the operation, light and so on, various noises will be
caused. The image filtering and denoising algorithm based on the variable Bayes estimating is to expand the posterior of hidden variables
according to the dimension by the mean field theory, update the estimating results according to the dimension iteratively to the
convergence of the algorithm,and give the posterior distribution of process noise by introducing new hidden variables. The input vector
X(n) and the expected response d(n) are used to calculate the estimation errore(n) ,which is used to construct the performance function
of the adaptive algorithm. With the change of data input, the performance function is updated adaptively and minimized constantly. In
this process, the filter parameters are constantly updated and adjusted, so that they can be optimized under the criterion of minimizing the
performance function,so as to achieve the filtering effect. Firstly,the model of Bayes estimating is defined. Then,the Kullback-Leibler
distance between the real distribution and the approximate distribution is derived and calculated by using the Bayes posterior probability
distribution. Finally,the target state is estimated by iterative recursive method to improve the state estimation accuracy and achieve image
filtering and denoising. A large number of experiments show that the filtering and denoising effect of the algorithm is obvious, and it can
protect image details to the greatest extent.
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