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Advances in magnetic resonance imaging based on deep learning technology

LUO Lingli, WANG Yuanjun
Institute of Medical Imaging Engineering, University of Shanghai for Science and Technology, Shanghai 200093, China

Abstract: Magnetic resonance (MR) imaging is one of the most important medical imaging methods currently used in clinical
medical diagnosis. How to shorten the scanning time for accelerated MR imaging has always been a hot research issue in the
field of MR imaging . In recent years, with the rise and rapid development of deep learning, deep learning has been widely
used in medical image processing. At present, deep learning-based MR imaging has emerged as an emerging direction of MR
imaging, and lots of progress has been made in the related researches. Herein several common deep learning-based MR
imaging are summarized and analyzed briefly, and their research prospects are discussed.

Keywords: magnetic resonance imaging; deep learning; image reconstruction; review

BB WS OC FRORTH BRIR S 5 5 O — i 2 T e 4 J
(Compressed Sensing, CS) J& H (1 [E1% i 2250 500, F|
FRAT 5 6 A8 480 35 b (0 i P | i o A ek o R Ak
KBRS

(BN RPN € AN EIE I aa = R VIR R E TS
R AR R AN AR B 22 S AR IR 2
SRS AL 8 1 G AL PR AE SR I R4S T B K
Dio M B2 AR SR 5 T ) K2 M E AR
WA KA 2 2 5 N T 0 28 W 2% (Artificial Neural
Network, ANN) i FH #| MR B#E i G . AR CEEAN
VR E 2% > 7E MR UG A ) JLARAS TR 7 =, X
B T3 VA TR S 2 I X6 LA R R 9 10 FH ikt
R,

| REZ3%EMR K& DR A
[ Y75 H #9]2020-01-18

(BB IEE A AR IS (61201067) 5 1T F AR 3 4 1.1 EFEBISBZEINMR G FE

G 347 (Magnetic Resonace, MRI) il f% & EA =
25 0] 43 B, GG 78 T L B R O A — R JC A 12
Wr T B, FElf R BE 2= AR iz Wb B 8RR, (H
BRI R, X T 75 AR HUBR [A){5 B H 88,
W TR BB ahm > EEshhsg , FIsha MR 84
RS TE] o BERAR 221 BRI, S iz MR B [ 1
XoF k23 )4 T RCRAE  (H. i i s 254 i e 1Y (R )
AR BN X A P A D 5 1 - — R AT R
(Parallel Imaging, P1)"', = 2L F Z 38 18 U 26 1 (1)
R Gt 52 R FE T BUR EGR R Z Y

(& 1;485%14?902& BFSE07 1]« B 2 P 1R 4 3015 43 7 O PITRRUA W MR LS 78 TR )
B 12 A R, R et R 5 1) < B2 5 ,E- . - N N
o ssateeon P 12 5 2 O 2 PR 2 T e 5 FR R R 12

[{E151E% ) L%, E-mail: yjusst@126.com ':F‘ E/‘J ’ﬁ‘] 5 o ,ﬁ\: ':F' iﬁf j‘j ;Hi‘ pidl B@ IEIL: BT g J= !E‘/Q %ﬂ P



- 874 -

] 22

IR 553745

(Multilayer Perceptron, MLP) fi¥) MR it 3% 3147 B %
RS ZBRIEARZER WLEI 1 Golkov 55 T
MLP g5 44 thidi /b 1 Bir s A4 RO AL EHZR 1 £, DA
TE YA MR AR Y q 25 AR AY L Kim 55 500 ek 20>

y 1A

Nz

Qm

HE S

MLP %5 ¥4 T 75 19 AH 057 98 8 UG i Hict , DA R B R
% . Kwon %5 ' NIIFE PIAYJERE_E K5 MLP 254 iF —
o B4 B R T, DAPEAR 1A 72 AN
[ SR A2 38 I

b=

{ ) SRR AR

2 2 R

1 EF MLP £ #IH MR 1§ 7554

Fig.1 Magnetic resonance imaging based on multilayer perceptron structure
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Fig.3 Cascaded convolutional neural network
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