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Abstract

In this paper we propose a shift-invariant uHMT
estimation for wavelet-based image denoising. The
proposed estimation have just nine meta-parameter (
independent of the size of the image and the number
of wavelet scales) and requires no kinds of training.
Also it solve visual artifacts resulted in the lack of
DWT. The
results show that the proposed estimation is more

shift-invariance in the experimental

effective than the other wavelet-based denoising by
05-1dB (PSNR) and allows an O(nlog ») in terms
of performance speed.
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2.1 NonGaussianity &85
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Figure 1. (a) Original image (b) Noisy image, ¢,=0.1,
PSNR=20dB (¢} RDWT-Thresh, PSNR=29.4dB
(d)Emp-HMT, PSNR=29dB (¢) uHMT, PSNR=
28.9dB (f) SI-uHMT, PSNR=30.2dB
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Figure 2. Comparison of experimental results
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