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Joint Adjacent-frame Prediction for Cardiac Cine MR Imaging

DONG Jia-Lin! HONG Ming-Jian® ZHANG Hai-Biao® GE Yong-Xin?

Abstract Dynamic magnetic resonance imaging can be accelerated to reduce the signal acquisition time by under-
sampling k-space data, so the quality of reconstructed images from under-sampled data has become the focus of research.
Currently, the common approaches use sparse representation of dynamic image sequences to improve the reconstruction.
This paper proposes a new method named joint adjacent-frame prediction (JAFP) based on the similarity between adja-
cent frames of dynamic image sequences. The JAFP promotes the quality of the predicted image sequence by jointsing
adjacent frames prediction. Meanwhile, observing the quasi-periodicity of the difference of sequences, it further improves
the sparsity by applying Fourier transform to the difference sequence along the time direction. Then a dynamic imag-
ing model is setup to incorporate the fidelity constraint and joint sparse promotion, and it is solved in the framework
of compressive sensing (CS). Two cardiac cine MR datasets are evaluated to verify the proposed method, and the pro-
posed method is compared with k-t FOCUSS with ME/MC and MASTeR to show the better quality of reconstruction.
Experimental results show that JAFP can improve the quality of reconstructed image and has important application

value.
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