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Image Denoising Based on the Gaussian Scale Mixtures Model of
Dual-tree Complex Wavelet Domain
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Abstract In this paper, a new algorithm based on a statistical model of the coefficients of the Dual-tree Complex Wavelet
Transform (DT-CWT) is proposed for image denoising. The DT-CWT is approximately shift invariance and has good
directionality, which are properties suitable for image de-noising. Neighborhoods of coefficients at adjacent positions and
scales are modeled as Gaussian Scale Mixture. Under this model, subband coefficients are estimated by Bayesian Least
Square estimator. Experimental results show an improved de-noising performance of PSNR and human vision in comparison
with other methods.
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Fig. 1 The filter-bank structure of the 1D dual-tree complex wavelet transform
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Lena(20. 226 5dB) 27.8247  0.716  28.2935  275.6 29.941 7.468  30.0073  5.844  30.7187  18.390
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Mandrill (20. 206dB) 23.2797  0.828  24.2459  278.6 23.611 7.910  25.2372  6.264  25.5031  18.760
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Fig. 2 The different denoising results of Lena image
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Fig. 3 Lena noisy image and the result of the

denoised image using the proposed method
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