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Abstract: Variable splitting,a m 1s often used to solve the problem of under-sampled dynamic MRI (Magnetic

Resonance Imaging) reconst low rank and sparse matrix decomposition model. Aiming at the complex iterative
calculation of conjugate ethod in quadratic term updating, in order to speed up the reconstruction, this paper
proposes an efficient litting scheme considering the form of the data acquisition operator. The data acquisition
operator is divided according to the under-sampled mask code matrix, the Fourier transform operator and the coil sensitivity
matrix, which simplifies the matrix inverse operation involved in the update of the quadratic term in the algorithm sub-
problem, and achieves the purpose of accelerating the convergence speed the algorithm. Simulation results show that
compared with the iterative soft threshold method and the conjugate gradient method, the convergence speed of the proposed
algorithm in the cardiac cine dataset has increased by 57.9% and 83.0% respectively, and the structural similarity has
increased by 3.3% and 1.4% respectively. In the cardiac perfusion dataset, the convergence speed has increased by 55.5%
and 79.6% respectively, and the structural similarity has increased by 1.5% and 0.4% respectively.
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