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Abstract: The superiority of magnetic resonance (MR) images in soft tissue imaging makes them indispensable for medical
diagnosis and radiotherapy, but factors such as acquisition cost and contraindications limit their widespread application. In
contrast, computed tomography (CT) scanning has the advantages of fast imaging speed and low cost. Herein, this review
summarizes the research progress of generative deep learning models in the field of medical CT to MR image synthesis, and
especially analyzes the technical characteristics, performance advantages, and challenges of various MR image synthesis
methods from clinical scenarios such as spinal lesions, acute ischemic stroke, and tumor segmentation. Furthermore, the
application value and future research prospects of medical image synthesis are discussed.
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Figure 1 Workflow diagram based on the generative model
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Table 1 Studies on spinal magnetic resonance image synthesis based on deep learning

(=5 WFFTAEA FEAS B F5iA ERES

MAE: 28.819+7.655

PSNR: 64.553+1.890
Jin, et al.t'3! 2019 641 DC?Anet

SSIM: 0.248+0.072

R: 0.453+0.146

MAE: 21.193+5.814
Lee, et al.l!4] 2020 280 GANs

PSNR: 64.922+1.857

PSNR: 15.987+1.039
Hong, et al.'’s) 2022 285 U-GAT-IT

SSIM: 0.518+0.042

() R W7 2 2O T 255 MR R, CT 4
] S P i 1 v R D PR AR BE T, S B
A e 2 AR A 0 ) R kT 4R, CT 78
o 0 FR S ke i s A8 T TRILAEZE SR BR o 1T MR IS 4
) J& R BN AL K 1% (Diffusion-Weighted Imaging,
DWI) , 78 K I FL 0 e o 143 28y 1T 2L A 3 fE 3
DWI REAZ 75 55050 B P 1H 51 H 30 e ot 1 -, 542
HEEE RN ) F AL SO AR B S, N ITT7E ALS 9
B2l R OCHE DY . AR R W], DWITE
TR0 G A v A8 Ty T P SRR R S M i s T
g CT

VLA, R DL 22 B CT 4 i MR B4, 7] DL
HEE E B IS WS B 0 ALS B R ANA T A
FEIE X . Rubin &0 5542 BT M 2% (CGAN)
T CT #EVE K14 3 DWI BG40 4T 55, JR I 1
A L MR G A SR 1 96 22 43 BT 55 v i A R .
HARMIF , CGAN I 2E BUAR #4252 5 B A, £
1o 2 U 2 4 B 5 2B R L 3 A MR S . £
B B AL H5 CT F-41 81 4 Rl VE K112 (CBF .CBV .
MTT 1 Tmax) , B 3 & (Y FRAEE S AT B T3 & A
R AR DX ) AR SRR T o AR s R
DSC,HD95 7353k % T 0.54+0.23 £127.88+21.00 mm.,
FIHA MR B WF5E N 538 T e T e i A i 2 v
W AB ERAL I o BB S . AR R W] BT 2R A
ZYHR Y CGAN FIr AR Ji i MR B4 585 32 5 T FCN |
43 EAE BE A — B0k RS 28 =0.56+0.25 , 7 [ =063+
0.25) , 458 T A8 X AY RN BE /1. Feng 552V 4
T —Fh & A U 4 2E R AR A GAN B 7 5 B MR ]
1%, AT DAt ATS S 728 IX 3 ) R 1R o 3 3t ) i
SR 2R 2EREAEAE R A B e P 286 1) vl i) WY i vk
P TR R AR, BFSE T SEAE CT
A5 RS TN 9 A8 46 2 DX, 8 B 22 P s S 20 2 s AR
ik, 38 2 5 B3 £ 0 2 Hh de H AR M 1 R AE I AT
AL AR . B ARAE 5 CT R AE Ry A A M

A, S CT 2 MR [ 85 B 245 % A i
IR AR FEIE AR ARLRE 453 5% RS, 8 O 26 1) MR 7375
ARERIE 5 S MR & — 80 AR IE 22 R . SR
g5 R, A R MR 7E AL 5E 5 B S MR (5 A
B, A5 S A kb DX v S R T TR W
T X e 8 3% (pix2pix. CycleGAN, RegGAN #
MedGAN) ., Hu%§ 24 T —M%F 3D GAN CT
FI MR G A BB - PEAL AR AN SE 1L ATS R
WA P T AT M . BFSE AR T 193 44 BE L ALS fE 3%
13k 30 AE % H CT FR 7 FLAIR BIZ , BEAL 3 e 3031
Y4 (n=140) FIA4E (n=53) . 3l 4 FANBEPE 5
PSNR ., SSIM $§ 4 DL J N T H) 13235 A 2 B, 46 W] 1EAk
A MR EMG TG PRI2 B 0 A st . A i i
7N, 92.5% (49/53) (A i MR BG4 T 2~4 9l
AR (S5 SHR ALy ZE2ES) A E 3R
iz ; PSNR 1 SSIM 4351l ik %] 24.3 dB 1 0.857, AT
PR AR R R, CT UG JC T ULEE 21 (105 A2 e
FEA B MRI_EBEAG I 2], 5 CT A HE A B MR B3 S
S50 R ) A SR DA 38% N F] 82% ; HE 5
PEM 67% T 1% 2 33%. SR 7, 5 T A8 iU i
2K (1045 i MR F AR AE ATS £ BRI b ELAG A
R AP SRR NG B2 AT 55 i — 25 A Ak DA 7E S B
Il PR 2 W B AR B P 5 1 S Rp . 38 2 X AR R MR
EUZR A BUTE AIS 2 W07 T B A T A
2.3 &R MR B4 B BhiE B 3043 2

Jif 8 750 J 7 ( Tumor Radiotherapy )& — 1] F i g
B S 44 B S A 477 e TR A R R YT T, TR B R R
il 4 R0 DA A IR e ) R R A 40 o
iy 50 57 RN 430 B 9 % f S 4 B (OARSs) Xif T #ff £ 5
SR 00 B A 7 55 I R R FR AL 2 A G R B
CT A MR 7E USRI T b 433 5 B, 4% A
AT AR e R R BR M . 2 7 CT KSR % T2
I 57 A XA O AR, {H HE A A ZH 206 B JE T A AN
AL S MR BN B E AN TR R F B . MR BRI



10 . MR S 1277 -

#F2 ETDLHIMRBEBGERA T AIS2ET

Table 2 Deep learning—based magnetic resonance image synthesis for diagnosis of acute ischemic stroke
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Table 3 Deep learning—based magnetic resonance image synthesis for automatic tumor segmentation
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