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Abstract Cardiac Magnetic Resonance (CMR) has several shortcomings in practical application,such as slow imaging
speed and inevitable artifacts. Compressed Sensing (CS) is applied to CMR to make full use of the redundancy of K
space information,and the images are reconstructed from partial K space data to reduce artifacts and ensure image accu-
racy. This paper summarized a review according to the domestic and foreign literatures published in recent three years.
Firstly, this paper described the current situation of CMR, the commonly used sequences, sampling mask and the com-
pressed sensing theory,respectively. Then,it provided the latest fruits and applications of CMR with an introduction to
objective quantitative indices and research progress of the authors in the CS-CMR field. Finally,it concluded the short-
comings of current researches and analyzed the further research trends.
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3 EHERMIEIRIER

JE 45 B2 — T 5 055 [ P A0 A 255 AR G A 428 R A
B 4G 3 A% 0 2P BT g R L WL AR R B R
5 HEARMELRNIE 3 BTN . EAR AR WK A 2 B Y,
TSI A - 78 58 A 380N B A A R TR 4 R Y ST R A A
SERORURIIF N LR ER=E e KN ey IR MR- IRy =R R uS
SRS 2 AT A 1) IR i 54 JRUAR 1T R

min|| #m||,

y=F,m=F,  ©

=)@ || Fym- 3
B4 M e s.tl|[Fum-y|[x=¢

P& tm
il &Y

£
B tgm

LI EE [,

3 s 4 % e HE 2

Fig. 3 Framework of compressed sensing theory
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Fig. 4 Classification diagram of reconstruction algorithms
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Fig. 5 Classification and flowchart of CMR reconstruction algorithms
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