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Abstract: In this paper, the weighted Schatten p-norm minimization ( WSNM) method is proposed to implement
magnetic resonance imaging ( MRI) reconstruction. The nonlocal self-similarity of magnetic resonance images, Schatten p-
norm and the weighting factors of the importance of different rank elements are integrated together as the low rank constraint
to regularize the MRI reconstruction. In addition, the Alternating Direction Method of Multipliers (ADMM) algorithm is
used to solve the non-convex minimization problem of MRI reconstruction based WSNM. Compared with other state-of-the-
art methods in numerical experiments,the proposed method achieves a higher reconstruction quality with higher peak signal
to noise ratio (PSNR) and better structural similarity (SSIM) index.
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