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Compressed Sensing Based Magnetic Resonance Image Reconstruction
with Reference Gradient Orientation Priors

ZHU Qingyong PENG Xi WANG Shanshan LIANG Dong

( Shenzhen Institutes of Advanced Technology, Chinese Academy of Sciences, Shenzhen 518055, China)

Abstract The theory of compressed sensing (CS) provides a systematic framework for magnetic resonance
(MR) image reconstruction from incoherently under-sampled k-space data. However, severe aliasing artifacts
may still occur in cases of high acceleration and noisy measurements. Thereupon, an extensive body of work
investigates exploiting additional prior information extracted from a reference image which can be acquired
with relative ease in many MR applications. In this work, a CS-based MR image reconstruction method using
reference gradient orientation priors was proposed. Specifically, the tangent vector in the target image was

regularized to be perpendicular to the corresponding normal vector in the reference image over all spatial
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locations to make the gradient orientations in the reference and the target image consistent. The proposed method is

validated using multi-scan experiment data and is shown to provide high speed and high quality imaging.

Keywords compressed sensing; reference image; gradient orientation priors; constrained reconstruction
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Fig. 1 Multi-contrast experimental dataset
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Fig.2 Top: reconstruction results with variable density
random undersampling along one phase encoding dimension
(R=2, 3, 4) ; Bottom: Corresponding zoomed-in regions of

various reconstructions
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Table1 Computer running time (sec) of different methods

- — YRR IR (s) —YEJCRAE R (s)
R=2 R=3 R=4 R=4 R=6 R=8

CS-TV 82 93 8.9 8.9 8.7 8.7
CS-wL1 11.1 11.3 11.5 12.3 12.1 12.8
CS-GOP 119 12.0 11.8 12.1 11.8 12.0
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Fig. 4 Reconstruction errors of different methods with respect to various acceleration factors and SNRs
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