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Abstract

Orthogonal wavelet transform which is generally used in image and signal processing applications has limited
performance because of lack of shift invariance and low directional selectivity. To overcome these demerits complex
wavelet transform has been proposed. In this paper, we present an efficient image denoising method using dual-tree
complex wavelet transform and Bernoulli-Gauss prior model. In estimating hyper-parameters for Bernoulli~Gaussian model,
we present two simple and non-iterative methods. We use hypothesis—testing technique in order to estimate the mixing
parameter, Bermoulli random variable. Based on the estimated mixing parameter, variance for clean signal is obtained by
using maximum generalized marginal likelihood (MGML) estimator. We simulate our denoising method using dual-tree
complex wavelet and compare our algorithm to well known denoising schemes. Experimental results show that the
proposed method can generate good denoising results for high frequency image with low computational cost.
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Table 2. The PSNR results for several denoising methods with Lena image.
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