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Local Adaptive Image Denoising Based on
Bayesian Estimation in Shearlet Domain
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Abstract: Based on the combination of Bayesian estimation and Shearlet transform, an algo-
rithm for image denoising is proposed. In order to get Shearlet coefficients in all scales and
directions, image with additive white Gaussian noise is processed by Shearlet transform.
With the dependencies of the Shearlet coefficients, the new method select a proper neighbo-
ring window by centering the current coefficient within it, and conclude the MAP expression
and sub-band thresholds under Bayesian maximum posterior probability criteria when Shear-
let coefficients is thought to have Laplace prior distribution, then made shrinkage on it by
soft threshold. Inverse Shearlet transform is performed to the processed coefficients and get
the denoised image. The experimental results demonstrate that compared with traditional
wavelet domain denoising algorithms, the proposed method not only improves peak ratio of
signal to noise but also have a remarkable visual effects.
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Fig.1 Tiling of the frequency plane induced by the Shearlets
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Fig. 2 Comparison of the support bases for Shearlet and
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Fig.4 Structure flowchart of the proposed algorithm
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Table 1 PSNR of different algorithms (dB)
W7 b ifi 22 o, noise WT CT ST AR5k
10 28.151 0 29.004 3 30.176 4 31.764 6 32.780 6
15 24.603 2 26.554 6 27.700 8 29.920 7 30.953 3
25 20.177 1 22.523 1 24.495 1 27.547 5 28.030 2
35 17.275 0 19.462 7 22.633 4 25.963 0 26.715 8
45 15.058 7 18.114 3 21.285 1 24.713 3 25.328 7
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