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Image Denoising Wsing Laplacian Model in Dual Tree Complex Wavelet Domain

CHEN Ming-ju,YANG Ping-xian
(School of Automation and Electronic Information, Sichuan University of Science & Engineering, Zigong 643000, China)

Abstract: Through discussing the characteristics of the image’s complex wavelet coefficients , which keeps to the Lapla-

cian distribution, the maximum posterio probability estimate is adopted and a kind of complex wavelet soft threshold denoising

method is derived. In this experiment,the method compares to the gaussian distribution model in the wavelet domain and in

the complex wavelet domain respectively. The experiment results show that the proposed model can remove the noise, preserve

more image details and gain higher peak signal-noise ratio. It is of good performance in image denoising.
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