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Low Rank Decomposition for MRI Denoising
based on Noise-free Image Patch Prior

ZHANG Yuhan', FU Ying', YANG Zhipeng’, ZOU Shurong'
(1. College of Computer Science,Chengdu University of Information Technology , Chengdu 610225, China;2. College of Electronic Engi-
neering, Chengdu University of Information Technology , Chengdu 610225, China)

Abstract ; In this paper, a low-rank matrix decomposition MRI denoising algorithm based on noise free image patch prior
is proposed. Firstly, the algorithm learns the parameters of the Gaussian mixture model (GMM) from the noise-free MR
image patch. The learned GMM with noise-free MR image patches priors is then used to guide the clustering of noisy MR
image patches. Secondly, the image patch of noisy images in same Gaussian class are vectorized as a low-rank matrix.
By a low- rank matrix decomposition process, the correspond denoised image data can be obtained. Thirdly, the clean
image can be reconstructed from these denoised image data. Lastly, compared with the non-local means (NLM) , the
unbiased non-local means (UNLM) ,the anisotropic diffusion filtering ( ADF) and the weighted nuclear norm minimiza-
tion with variance stabilization transformation ( WNNM-VST) , our proposed method can effectively remove the Rician
noise in the magnetic resonance image and has a great improvement in numerical results and visual effects.

Keywords : MRI denoising; Gaussian mixture model ; image patch prior; low-rank matrix decomposition; Rician noise



