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Abstract ; Aiming at the problem that total variation (TV) regularities in compressed sensing (CS) nuclear magnetic resonance imaging
(MRI) reconstruction algorithm can lead to the loss of image details, we propose a CS-MRI reconstruction algorithm based on wavelet
tree and complementary decomposition by introducing the complementary decomposition model and combining the sparse wavelet tree
structure ( referred to as wavelet tree). By using complementary decomposition, the image is divided into smooth component and residual
component ,and the smooth component is used for TV regular term, and the residual component for £, norm, which can avoid the TV reg-
ular term from filtering out too much details while removing noise. By using the sparse wavelet tree structure, the prior information such
as the sparse wavelet can be further supplemented to reduce the measured value or improve the signal-to-noise ratio. The objective func-
tion is decomposed into the corresponding subproblems and minimized aliernately to solve the unknown components of smooth and resid-
ual in it. Experiment demonstrates that compared with WaTMRI based on wavelet tree and TYCMRI and FCSA based on TV, the pro-
posed algorithm can effectively improve the details of MRI images while filtering out noise.
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