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Abstract In this paper, a new speckle suppression method for SAR image is proposed. By com-
bining Directionlet transform with a version of the hidden Markov model — Gaussian scale mix-
tures (GSM), the marginal distributions of neighbor coefficients in the lifting Directionlet domain
are modeled. For removing the speckle noise, the Bayes least square estimation is adopted to
evaluate each coefficient. Being regarded as a novel multiscale geometrical analysis tool, Direc-
tionlet transform retains the separable filtering, computation simplicity and filter design from the
standard two-dimensional wavelet transform, which can capture anisotropic geometrical struc-
tures efficiently by multi-direction selection. The introduction of lifting scheme reduces computa-
tion amount greatly. Neighborhoods of coefficients at adjacent positions and scales are modeled as
the product of two independent random variables: A Gaussian vector and a hidden positive scalar
multiplier. Under this model, the marginal of neighbor coefficients are well described and the
strong correlation among the amplitudes of neighbor coefficients is also presented adequately. Ex-
periments using plentiful real SAR images indicate that the proposed method outperforms the spa-
tial filters and other methods based on wavelets in terms of speckle reduction as well as image de-

tail preservation.
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Background

In spite of the success of the standard wavelet transform
in image processing in recent years, the efficiency of its rep-
resentation is limited by the spatial isotropy of its basis func-
tions built in the horizontal and vertical directions. Sparse
representation of geometrical features in images, as very im-
portant visual perception elements, has been a topic of high
interest in the last decade. Many multiscale geometric analy-
sis (MGA) methods have been proposed and applied success-
fully in image processing and analysis.

Directionlets is regarded as a new MGA tool which pro-
vides a much wider framework for an efficient description for
multi-dimension signals. The transform remains the separa-
ble filtering and subsampling and the simplicity of computa-
tions and filter design from the standard two-dimension
wavelet transform. During the research on SAR image pro-
cessing, this paper provides a denoising algorithm based on

lifting Directionlet domain GSM model, which achieves a bet-
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ter denoised result compared with the wavelets and some oth-
er conventional approaches.
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This group has been working on the mechanisms and ap-
plications of MGA tools, including image processing (e. g.
image denoising, image fusion, image segmentation and etc).
So far, they have obtained some achievements in this area.
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