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Abstract: Traditional algorithms perform poorly on reconstructing compressed sensing under-sampled Magnetic
Resonance (MR) images in accelerated Magnetic Resonance Imaging (MRI). In order to solve this problem, taking
under-sampled MR Image reconstruction algorithm based on deep learning as the research object, this paper proposes to
systematically summarize the working principles of model-driven and data-driven methods in image reconstruction
algorithms, and analyze their characteristics, advantages and disadvantages. The reconstruction methods are compared
and discussed, and performance of some algorithms on the dataset is listed. The results show that most algorithms have
a Structure Similarity Index Measure (SSIM) of 0.87-0.96 on the dataset. The future development directions of the three
MR image reconstruction algorithms are proposed based on the existing shortcomings of the reconstruction methods
and current research trends.

Keywords: MRI; under-sampled image reconstruction; deep learning; model-driven; data-driven

1 5| & (Introduction) SRR, BT R T R 2 ﬂsﬁrh B 2R A B
HEILYR 1 15 (Magnetic Resonance Imaging, MRD BE %42 MRI 48 [ PR 0 i Fyoma . P
BB R MR G, I LA, BREE s pis. O ﬁEf%(Parallel Image. PD™. £ 4l



2 BT AR

20234F6H

2 B R B ok £ 5 55 © e 48 )& A1 (Compressed Sensing,
COM, FURSEHS A O 5, T A RAE B[], 33, PI
TEATEHUR G EIER T, mEFE TR 2 883, 1 CS
fil LA B R A9 e R R k s (Al L 23 1D 195 5. R,
BT CS FERAER MRICCS-MRD 8 £ A A I 47 4 i 3 g
(Magnetic Resonance, MR) F5 5 4t 7 1k 453 18 #1553 9
Bz—.

Wil 25 R 3 2 S B AR A BB A B U R 5+ % . 4 MR &
AR TR LR, R ERERE S NP, BAIKE)
(Model-Driven) 5 %45 3% 3l (Data-Driven) , 45 #Y 3K Bl J& DL 4%
EMA T R R, 0 B S, ATOR ey B AR T il
B UIRE MG RIE, IFES G N T2 (Artificial Neural
Network, ANNJE A —JS T 71, HeHi ok sl ) 2 58 418
ANN, U % F2 #f 4 ™ 4% (Convolutional Neural Network,
CNNEPDY L %t #1042 % M 48 ( Generative  Adversarial Network.,
GAN""D b AT g — ik, A SC R B A 5L TR K 3)
SHAEIE SN SRR IR UG AR, R EANS B
FRE L BB A5, JEX MR BURE# B AR KRR
RIETT AT IR,

2 EHEIRBh ) E 3 77 7% (Data-driven reconstru-
ction method)

Rl TR BE S 20 425 ANN 1A MR ALY, 2 T 0l
YR, B E35 (End-to-End, E2E)" ) 5 )5 ¥ 1 iz
AL BARERS sk EE R NE 1 PR B, W w &
PEATHAL B, QR EERRAEARAE s LUk, M S AR g
g, i FHYIGREE AT I 45 1 45 ﬁﬁﬁ%ﬂ&'ﬁ?ﬂjﬁ
WAL R ERE s R, X4 0% Hh 2R A7 5 A SR 7145
RGP,

L 4
AN

e )

(3]
H1 ATHEEHG MR AR ETEZAEZR

Fig. 1 Flowchart of data-driven-based MR image reconstruction
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Fig. 2 Flowchart of model-driven-based MR image reconstruction
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