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Adaptive Wavelet Multi-thresholding for Image Denoising

ZHA Yu-fei, BI Du-yan
(Signal & Information Processing Lab, Engineering College of Air Force Engineering University, Xi’ an 710038)

Abstract Image denoising via wavelet transform is one success of wavelet applications, where the most important case is
how to obtain the optimal threshold. This paper proposes an adaptive, data-driven multi-thresholding for image denoising
based on' differe. . subbands and orientations according to visual performance. The thresholding is derived in a Bayesian
framework, ana the prior used on the wavelet coefficients is the generalized Gaussian distribution( GGD) which hass been
widely used in image processing applications. Experiments show that this method is effective to image denoising. Comparing
with Donohe’ s Visu shrink and S. Grace Chang’s Bayes shrink, it not only improves the SNR ( Singal-to-Noise Rate) and
MSE( Minimizes the Mean Squared Error),but also makes denoised image more clear and fits to visual performance.
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Therefore, it have good performance both in objective and subjective.
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F1,R2HHTRHEBEBERME Visu shrink ¥,
Bayes shrink ¥, MultiThr shrink #: 2 /5 B8 05
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£1 SATFARERAN woman” HRENAEERELZREERNB MY HFEMERL
Tab.1 SNR and MSE obtained by different methods on the image “ woman” blurred by various noises

FRHREBR Visu shrink 3 Bayes shrink & MultiThr shrink ¥

SNR(dB) MSE SNR(dB) MSE SNR{dB) MSE SNR(dB)
=35 28.1951 25.2217 28.2035 21.6425 28.844 4 21.1819 28.8778
ao=10 22.2264 99. 688 66 22.2491 82.3000 23.0374 80. 1592 23.0900
o =20 16.2011 399.1775 16.3112 299.4072 17.4078 290. 5850 17.4674
o =25 14. 2670 623.1351 14.433 6 448.3601 15.6418 433.9806 15.7099

R2 2EFAABREREN facets" BRENAFERZZRAERNB/NYTEMERIL
Tab.2 SNR and MSE obtained by different methods on the image “facets” blurred by various noises

RiR A% Visu shrink ¥ Bayes shrink ¥ MultiThr shrink ¥

SNR(dB) MSE SNR(dB) MSE SNR(dB) MSE SNR(dB)
o=5 27.1927 25.0270 27.2002 22.7605 27.6010 22.4356 27.6560
o =10 21.1810 99.9027 21.2114 85.0437 21.8691 83.2953 21.9017
=20 15.1412 400. 662 4 15.2851 298.0353 16.3908 290.9334 16.4536
o =25 13.2207 624.6120 13.4213 436.9803 14.723 8 425.5172 14. 8009
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(¢) Visu shrink ¥ M 5 B§R (d) Bayes shrink ¥ &M 5 B

B 1 “facets” RIAE B M= B R L, KX F A Visu shrink ¥l Bayes shrink B £BENER(J=5,0 =10)

Fig. 1 The original image, noise image and denoised images respectively by

Visu shrink and Bayes shrink for “facets” (J=5,0 =10)
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B2 “woman” R ik E R M7 B R LK KA Visu shrink ££H1 Bayes shrink ¥ 2B /5 R EK (J=5,0.=10)

Fig.2 The origin image, noise image and denoised images respectively by

Visu shrink and Bayes shrink for “woman” (J=5,0 =10)

B3 FF MultiThr shrink %t
BAREBREHARKR=5,0=10)
Fig.3 The denoised images by MultiThr shrink(J=5,0 =10)
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