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Image de-nosing based on Contourlet transform and improved NeighShink
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Abstract; In order to eliminate the noise in the image effectively and to protect the image detail better, this paper proposed a
new method for image denosing based on Contourlet transform and improved NeighShink. It used the stein unbiased risk estima-
ting in the directional subband of each scale for heuristic estimating after Contourlet transform of image, then according to neigh-
boring window energy, set the low energy coefficient to 0. It used approximate maximum likelihood estimation method to estimate
the variance of the high energy coefficient, after then used a minimum mean square error criterion to get real coefficient esti-
mates. Finally it carried on the neighboring coefficient shrinkage. Experiment on image denoising shows that the method can
eliminate the noise in image effectively and get a higher peak signal to noise ratio, and the image detail can be well protected.
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