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Abstract: The inherent speckle noise in ultrasound(US) images severely degrades the image interpretation and affects the follow—
ing-up image processing tasks.A speckle reduction algorithm is proposed for medical ultrasound images based on Redundant
Wavelet Transform(RWT).At first, logarithmical transform is performed to original speckled US image to transform multiplicative
noise into additive ones.Secondly,redundant wavelet transform is carried out to the transformed image.Under the assumption that
the statistics of wavelet coefficients is Generalized Gaussian Distribution(GGD ), BayesShrink threshold is calculated for each high
frequency subband,and wavelet coefficients in the subband are modified via soft—thresholding rule.Experiment results show that
the presented algorithm yields better despeckling performance than traditional spatial filterings and thresholding denoising algo—
rithms based on Discrete Wavelet Transform(DWT).
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