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Abstract: Objective This paper focuses on the survey of compressed sensing in magnetic resonance imaging(CSMRI ). Meth-
ods Magnetic resonance imaging is one of the most crucial non-invasive diagnostic implements in routine clinical examination.
However, it is often limited by long scan time. Compressed sensing is a novel theory of signal acquisition and processing. It
capitalizes on the signal's sparseness or compressibility in specific domain, allowing the entire original signal to be reconstruct-
ed from relatively few measurements. CSMRI is proposed by integrating compressed sensing into MRI, providing more precise
spatial tissue structure than normal technique in the same scan time, and accelerating imaging in the same spatia resolution.
Results In this study we discussed in depth three components as sparse transform, incoherent subsampling, and nonlinear re-
construction. We conclude the paper by discussing the research prospects and applications of CSMRI. Conclusion CSMRI has
good development potential, and has increasing values for medical and commercial applications.
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Fig.1 Diagram of CSMRI: (a) k-domain; (b) Image Domain; (c) Sparse Transform; (d) Artifacts;

(e) Random Subsampling; (f) Reconstruction Image
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