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Speckle Reduction Filter Based on Bayesian Wavelet Shrinkage Taking Account of Edge
Enhancement
Teruaki Homma', Kensuke Yamazaki®, Hiroyuki Wakabayashi®?
Abstract : This paper proposed a novel algorithm of noise reduction for image contaminated by speckle noise. The new
algorithm is based on the Bayesian Wavelet Shrinkage method taking account of edge enhancement. The method is

applied to the Lena image with speckle and also to a remote sensing SAR data. The results show fairly good picture in the

sense that original image are restored with less noise.
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