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Tab. 1 Denoising effect of different denoising methods for various test images
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Image Denoising by Thresholding and Wiener Filtering in Image Domain

ZHOU Kai-ting, ZHENG Li-xin

(College of Information Science and Engineering, Huaqiao University, Xiamen 361021, China)

Abstract: Each subband image of image domain for every scale and orientation with the same size as the noisy image is
obtained by using wavelet transform and each detail subband image is thresholded, then each denoised detail subband
image and the approximation image are added together to output the first stage denoised image. at last Wiener filter of
image domain is applied to the first stage denoised image for further removal of noisy specks. The method of estimating
threshold of image domain is discussed, and a method of estimating BayesShrink threshold of image domain which corre-
sponds to that of wavelet domain is proposed. Experiment results show that, compared to the method of thresholding in
wavelet domain or the method of combining thresholding in wavelet domain and Wiener filtering in image domain, for ima-
ges which are not highly detailed, exclude the case of image with relatively more details and low noise strength, combina-
tion of thesholding in image domain and Wiener filtering keeps edge and texture details better while eliminating most of
the noise in smooth regions, it yields superior image quality and higher peak signal to noise ratio.

Keywords: image domain; image denoising; threshold estimation; BayesShrink; wavelet transform; Wiener filtering
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