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Critical review of human cardiac magnetic resonance image super

resolution reconstruction based on deep learning method
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Abstract: Heart diseases diagnosis and treatment has become one of the major public health issues for human beings where

non-invasive cardiac imaging is of great significance. Unfortunately, imaging scan time and cardiac image resolution become

Y5 B H#1:2021-03-24 ; 18 [ B #3:2021-10-25 ; FED 2 B #3:2021-11-01

« BISIEE S HIH  fengchaolu@ cse. neu. edu. cn

EEWE : FEKAARRAEEATH (U1708261,61602101) ; Yo i BEEEARHIN L 55 2 % T 55 4: 70 H (N2016003) ;3L T4 H AR = B4 10 H
(2021-MS-085)

Supported by : National Natural Science Foundation of China ( U1708261,61602101) ; Fundamental Research Funds for the Central Universities
(N2016003) ; Natural Science Foundation of Liaoning Province, China(2021-MS-085)



705
=P, B, FEE, XHE, I=, ¥XE
$27H /5381 /2022F3 8 BEFREFINORREIRTZGESVIERIIAHE

an intensive contradiction due to the characteristics of living heartheat. Super-resolution ( SR) image reconstruction like
low-resolution-images based high-resolution cardiac images reconstruction are obtained based on the determined tolerable
error within a short imaging time. Deep learning methods have revealed great vitality in the field of medical image process-
ing nowadays. In terms of its good learning ability and data-driven factors, deep-learning-based SR reconstruction is quali-
fied based on deep residual networks, generative adversarial networks compared with traditional methods. Our research
analysis reviews the field via analyzing characteristics of representative methods, summing up cardiac image resources and
the scale, summarizing commonly used evaluation indicators, giving performance evaluation and application conclusions of
the methods and discussing methods in other fields that can be adapted for SR reconstructing cardiac magnetic resonance
(CMR) images. Our analysis is derived from 13 opted literature reviews from Google, database systems and logic program-
ming (DBLP), and CNKI taking deep learning, cardiac and SR reconstruction as search keywords. This review first cate-
gorizes all methods by their evaluation datasets, which are open resource or not. Details on the datasets and links to the
open-source datasets are also facilitated. By defining standard evaluation indicators based on the reconstructed SR images
and their ground truth, namely high-resolution (HR) images, the performance of SR reconstruction methods can be evalua-
ted quantitatively. This demonstration summarizes the 8 evaluation indicators in the cardiac SR reconstruction methods,
including structural similarity, cardiovascular diameter measured value, dice coefficient. The evaluation indicators are
divided into three categories with respect to the following aspects, those are evaluation of the quality of SR reconstructed
images, evaluation of cardiac function and evaluation of the effectiveness of cardiac segmentation. Meanwhile, all 13 litera-
ture reviews are only used to increase the spatial resolution of the CMR images. Our research classifies the methods as CMR
2D SR reconstruction, CMR 3D SR reconstruction, and CMR SR reconstruction in other dimensions, depending on the
dimension of the cardiac images processing based on the deep learning methods. In general, most CMR 2D SR reconstruc-
tion methods can reconstruct high resolution cardiac images in a relative short time span to assure SR reconstruction quality.
In contrast, the CMR 3D SR reconstruction methods are involved 3D convolution, which take the spatial structure of the
heart into account. The integrated information is analyzed amongst adjacent slices of CMR. Some of these methods achieve
the SR reconstruction result qualified than CMR 2D SR reconstruction methods. However, a number of CMR data is small
size and most of them are not open. The larger perceptual domain of the methods increases the computation complexity and
reduces the temporal performance to some extent. As for CMR SR reconstruction in higher dimensions, corresponding meth-
ods meet the requirement of high-resolution image generation and image denoising in clinical analysis. All the selected CMR
SR reconstruction methods can also be organized in accordance with network models and high-resolution image degradation
methods, such as U-Net, generative adversarial network and long short-term memory network from the aspect of network
models. Fourier degradation and different interpolation degradation methods are from the aspect of degradation methods. SR
reconstructed high-resolution images can accurately facilitate heart anatomy, blood flow evaluation and heart tissue segmen-
tation level. This research also reviewed the feasibility of adapting other SR reconstruction methods for CMR SR reconstruc-
tion as they are currently proposed and applied to images of other in vivo tissues and structures. Our research also tries to
find some of the SR reconstruction methods from the field of natural images computer vision to discuss the feasibility that
adapting them to CMR SR reconstruction, such as channel attention mechanisms, video SR methods and SR of real scenes.
In summary, SR reconstruction of CMR images has its distinctive features than SR reconstruction of natural images like
more diverse and purposeful evaluation metrics constraint of local reconstruction quality and to the difficulties of getting
training data. It is found that deep-learning-based cardiac SR reconstruction has concerned more in motion artifact suppres-
sion, model simplification, and time performance further. In addition, current methods basically rely on the powerful
expression ability of the CNN ( convolutional neural network) , and little clinical prior knowledge is melted to the network
to guide its learning. Performance comparison between existing models is relatively less, and there is no representative im-
age repository to evaluate performances of different cardiac SR reconstruction methods.

Key words: deep learning; cardiac imaging; super-resolution reconstruction; magnetic resonance imaging; datasets of car-

diac images; convolutional neural networks; high-resolution images
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PO SR HEET A PERE , BE T AT AT AL D e SR
THERE BE, X TR s AR R RS AR w8l
FIOREIMR SR BEHR UL, IR SR AN Fn AT I (i
fRMELL ZERARMIPE ST | X LI bRt )iz T T
OIERZAR SR BRI RIS, BRILZAE, 1RO IR
{4 SR H U, AL EF G A 0 0 B A AR AR T
RESRLA KO T8 JIE S A8 23 ) ORGP AE N B A
W TR SR BB, I, A SCR L IE SR
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T EAEREIT U 48 b 2 AR BUR AR O
HREVEAT LU O I FIRICR PP 3 2K
2.1 EBEXEREITFMHN

SN HSREIR SR BE FEREIEAN a5 .

1) ¥ 75 1% 2% ( mean-square error, MSE) , /7
BRSBTS R A —
JEd, AP0 SR R UL, AL R Al
TR T FLSCH HR 2SO WAl T & 7, LG IE SR
S B HR BB R MSE 52 3

wse = LSS [0 ~ a1 ()

i=1 j=1

K, mon TR DR RST, 1) L J(iL,)) 25
FOREHHG S SE HR AR BRE (i,) LK
JEME ., WK, Y4 MSE BUEE/ N, O IE SR H A
RE/AD JFiElf, Steeden ZE A (2020) .Kobayashi b
A (2020) K H MSE 446 i 19 SR B & 07 kY
PERE.

2) W {H 5 M b ( peak signal-to-noise ratio,
PSNR) , £} SR H £k REPEH Hh B 245 e (9 48
b, W E A M L T i 00 I SR A ARk Bl
M 7KF, 1 MSE X0k SR SR B E Y

n 2
PSNR = 10 x g (.= 1)

MSE (2)
A n MR ZEIKBEAER LLREEL, MSE 2% HR 3%
25 SR AR Z M 7 iR 2 (6, PSNR [ HR
i3 dB, H. PSNR {EGBOR O SR BT RAAR HL
b E AR A, Lin 58 A (2020) ,Basty 1 Grau
(2018) Mahapatra il Bozorgtabar (2019) Zhao % A
(2020) .Oktay % A (2016) ,Zhao % A (2019) . San-
der % A (2020) .Giannakidis % A (2017 ) 3% ] PSNR
PR AY SR R MERE

3) ZEFAHIE (structual similarity, SSIM) , %%
FARAPE T B0 E SR AR 55 % HR %
18 Z [ AR LR , 720 BIE SR 52158 5 8 07 15 1 1 e
W FEEEEZEAE N, 2 u, 5w, 72900 SR
%5 HR R IKEYIAE, o] | o) 5 o, 5391128 SR
RS HR AR IKEE Jr 26 517 22, )

(2upp; +c¢,) (20, +¢,)
(i +py +¢) (0] +07 +¢;)
(3)

A, e, = (kL) , ¢, = (kL) HEHRINT, B

SSIM(1,J) =

M, k5 ok, 22 BIE0.01 50,03, L K BUE VT
Fl. 2" = 1, AUESRIE, SSIM AUl - 1 %
1, H SSIM {EBGE T T 1, SR FAFAR 5 HR &
AL B, B SR B AR R, R 1 P BR
Ferdian 55 A\ (2020) /Y 5 ¥, HAb SCRRES R FH T
SSIM P42 i %) SR T T RE

4) BRI Z (frames per second, FPS) . 5UA
FARFRIICTE SR H A RAR MY BT AN (R, A i
AT VAN SR A7 vk R I ] PERE . FPS HRU{E AL
R AR 1Y SR H 8 5 1k B A% 7 B JL 1Y) 1 1]
PIALERA: R 22 (0 JIE SR A%, ZCR EE , Lin 45
A (2020) K H FPS PEU 48 A SR D7 MERE
2.2 BETHREVEM

B A SR IEIR SR 8 FIRMERETF AN TR AR Z
Hh LD IERZ 18 SR H @ YR A H 12 $2 7t 5 L5
B Re T RE = E AR S HR OER
FRUL K S5 135 56 0 I D) BE 48 45, WOk 36 SR T 4t
WAR 5SS HR RO BN 2 e ) 2
T 0 MESZ AR SR A BE PV Hi (Steeden 5 A
(2020) ,Oktay %5 A (2016) Masutani 5 A (2020) ),

L) ERM G, 058 BRI & AT T 55k
I SR HHSZ M T HR RARE NS B AT
Bl RE, I RALHE T 23k R E Sk | 320
Sk AR A 1l 2l ok A s Ae SR S bk o )
FBOM I R B8 AR B T 22 - i E A B R R AT T 3
i, Xl H SR SR HR S248000 1 i 45 5 )k H
Bland-Altman 7 k3847 — B0 43 Hr . 40 513 5 P 41
D28 Hh O R 0 25 IC 22 H BB R e, 2501
PREZE R S o A P INLAE EAR I 6 (Y 22 (B IR M TE
oA, W 95% 1y 22 fE v A — B R IR I [ -
1.96S , w + 1.96S | N, ## RZHUME 250
LT —ZrE SRR A D) 75 3k A 2 A8 A DU (L
BA B0 — 3, X R SR AR S HR 214
TS BAR A 5 T — B 4F . Steeden 55 A
(2020) HIHFEARPEA 52 1 B9 SR J5 i PERE

2) 20 B A RS A R WL T Y 22 3 2 R BR
B, VRO IR B S o), O DI REPEAN B
B, A0 (left ventricle, LV) ZF 5.0 ML ( myo-
cardium, MYO) 2 1f ¥ 2 4l 11 7] T 45 E.0 BE SR
HEARAET HR AR O IIRETFAG J5 1) L2 A5
FAAEM R 255 . A THEE BRI IR AR 3 5 T 20K
O NI A ARIC R, o0 3B BE SO NI



=Pk, DEAER, FTER, WE, 18], BXE

27 % /E38 /2022 F3 5 EFREFINOBRRY GBI NENDLRE
MANERRIN, SN 2RI O Mg b, |- | BAERACKR KB BT A 1R R G i

LR EE R R, HARM, #7 SR RGP
Rk sENA = {a,,a,,-] ,HR R T
FhLSENB = (b, ,b,, | WS ZRIEEE
Xh

H(A,B) = max[h(A,B) ,h(B,A)] (4)

h(A,B) = maxmin|la - b| (5)
h(B,A) = max min|p - a (6)
beB acA

AR, SR EHFZAR WAL LV AR5 5%
HR S8 Y LV (BT, BN 32 2 5k
FEEG N, R W] SR AR S5 27% HR ARTEL
F ARV 5500 L T R 2 DU )y T — Bk
Oktay 25 A\ (2016) % FH LA L A8 bR DA 32 H 10
SR J5 ik TERE

3) Zi O T 5 I IS B (B A XS ¢ A
55 20201 (left ventricle stroke volume, LV
SV) 5 5F 1143 %X ( ejection fraction, EF) Al F T4 %
SR HAZGAHK T 2% HR s RO UREAG
T A 2 PP Al 22, 0PI 6 ) /) G 4.0 D g 2
B BT RO ¢ RS G A ZH N Y SRR A A
FEREPEZE R, X ¢ IRttty

B By
Bl o (7)

A, w AMAN B2, TR u, =0,
n A ECXTIN R R WAR ST R 1 ER
Hon - 1B A, TR p fE, IR Ik B K
Vo p ME/NT BB W2 R, BEF, SR
A AR E AR AE, %0 UE T 8 DAL 5 /N,
Masutani % A (2020) & F LA _EF8 AR P 32 H % SR
Ji I TERE
2.3 DRESEIRRIEMGD

Dice %, il LA Dice 85507 A I XTIk
SR B S HR G B RE B AP AE 25 57
XF SR H AR S HR SEAREE T [Rl— 4% 15 2401,
B LB A 5T U-Net , 2 B35 A9 0 JIE 23 50 )5 ¥
O3 TSRS T bR o3 H R Y Dice R, )5
RRE Y L NNy N e [SE D, @)
SR 5 HR 4 EIG R M SR ¥, Dice REUE
XN

_2lXNny

§ = — 8
x|+ Y (®)

Dice ZEABUEILEI R 0 ~ 1, Dice Z B
BT 1, WRER B AORS BB . 2% SR 2454331
f) Dice 205 HR 1% Dice ZBUHIEITIT , W21
SR H AR5 HR AR O WE 53 B kS B — 25k
Gy, B SR B A RCR B EF . Mahapatra F1 Bozorg-
tabar (2019) 2k HI LA 48 FR PEAN £ th A9 SR ik 11

Pt
3 DEESRRREFEITTE

SRR b0l FH O 12 W 0 5 S S A
A ML Z 5145 ( computed tomography, CT) HE R
(ultrasound, US) MR “F LM, £ 1 Fral i
13 T IREES  BALOE 1R SR H A SCHk Y
BET MR B AR AN [ A IR 23 A oK, AT DL
THU SR B 18] 73 B 30 025 0] 73 PR A SCR 73
BB S5 09 SCHkH Y CMR SR 2 8y WA AR 42 TH0 i
AR S [ 53 HER B2 E] 52 N B, A SO
TR BE 2 2T AR Aib B I 5 A5 A8 BE R R ] K o)
4 CMR 2 4El 7 B R dd . CMR 3 4 7 B R
LR AR A CMR B/ BRI A 3 26,

3.1 CMR24BHPEER

Mahapatra Fll Bozorgtabar (2019) $& i — /3 F
A HE XTI 4% ( progressive generative adversarial
networks, p-GANs) i) CMR SR & #/77:, p-GANs ¥
wEIE L Fos B 1% 6, 5D, , 6,5 D, X¥hi
PIZH T 2 x 43 BERBETHE 55 10 2B i de 5 %000 2%
A LA 58 0 e 4 45 R N B2 BT s 3% 5 DA

Dl
‘]11Lmn
fros

D:
"Lmﬁ
frs

P)TrIRFER R
G,(LR)

G (LR),G (LR),HR *""Eﬂﬂ*ﬁ%

1 p-GANs P45+
Fig. 1  Architecture of the p-GANs
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Conv,64

LREIA

UpSamp-2x

m;u |
.|

Conv,64

. SRt

Conv,64
|
RB
BT
UB
UB
Conv,64
|

B2
i~
N ~~
< = SR
g 8 | HR

(b) p-GANs ¥ 2 DI 45 254414
B2 p-GANs BYA o 5 55 25 P 46 451

Fig.2 Structure of the generator and discriminator networks of p-GANs( (a) generator; (b) discriminator)

CMR 2 4E2 B AEX R, T =0 L 0k R 2, #s
b By A AR O S B B B AR T AR O
B, BB PRSI 2 A5 R T K IE T4
MR, ZOTEMY TR T CMR #1480
JUEZH SRR 0 N 22 xfE ARSI L K2 X T+ CMR 52453
IR BEA R, S PPAG 4 D7 Y PERE , Maha-
patra F1 Bozorgtabar (2019) & Fi MICCAI 2009 [ i
MR Ze %53 B PR AR B K 4 T Y 150 WL fIE SSFP
REAR A 0 HE HR 218, LR #2800 1 XF HR
AL IR T R FEARTR . B 150 IR AR
PR 75 000 TG TSR, SConai 3R 4
AR 5 AR BAL G B 22 M 2 (cony-
olutional neural network, CNN) J5 ¥ ( Dong 5%,2016)
PSNR fFR$EF 11 dB A4, i85 43.7 dB;SSIM %%
5% 0.83, m TESE CNN SR Jrik#) 0.69,,

Zhao 55 N (2020) £ 45 & hr 8 R 46 35 1Y
H BT 4% ( Laplacian pyramid based on generative
adversarial network, LSRGAN) Z2F CMR 2 4E SR &
#, %I S p-GANs B0, AR I HE AR T R
ST AR A (16 x ) FUOHERAR SR HE

H#, ZTEH SR EAM TR ME 3 i, H
o PR T R TR SRR R mE R
AR B . BRI =2 A, LSRGAN ZE 1 #% 9 4% th 3| At
Kl 4 JIr 7 B 5k 25— % B (residual dense block,
RDB) 5k ZE it 0 28 B, FH - 1 — 25 PR 5 i 5
G, 2T EIE T OO BE AR 2 SR A E F
M hR2 ., N PFAL 3 7 2 1 M BB, Zhao A
(2020) K AT 64 (i B E 1 2 560 1 CMR 24 4F
N HR A%, LR A2 X HR S48 R4 T X = WA
)G F RS, SCRah R E W, 51 A 16 4~ RDB
Jii AR R HE AR PSNR R EGA S 31.3 dB, M T
LA AR 25 B B 25 32 T 0. 2 B, 454 i i il
SRR S B PSNR REGAF] 27. 1 dB, K
AIHETH 0.6 dB, SSIM REGAE] T 0. 74, #27+ 0. 04,
{HIZ, T LSRGAN W 48 245 ¥4 52 2= FE 3 v , % vk
(1) SR HEH B

Kobayashi ¢ A (2020 ) 5k H CNN SE 8420 il 5
ik MR A& 55 2 4k SR B, %5 ko 1740
TSNk MR 5245 Ptk sl k20 2L Ak 53 BERAS 12 11 1]
B R PPAL 5 B B9 MERE , Kobayashi 25 A (2020)



$27E /538 /2022 F3 B

=Pk, DEAER, FTER, WE, 18], BXE
ETFREFINCHEELRZGESYIEMDHE

" ‘ TN
LRI S RIS

HE N A2

[
WE RN R PR
B AR IS

AR

4x SR

13 LSRGAN SR & /R & A
Fig.3 Diagram of LSRGAN SR reconstruction

4 RDB 4514
Fig.4  Structure of RDB

WS VEBE T #HER 80 Il B E AR 7 I ER 43, —
EHWEUNGR 2RI, SCge g R R 46 A
TIVREE R 3 B H R WOR AT, 52 % HR AR A
o, fth s i A AR A MSE {H2R 7. 07, PSNR %
#5 SSIM R 310 39. 41 dB 50.998, {HE 48
HIT RS ORI T 12 D45 B SH AR S
B S L XU

Zhao 5 N (2019 ) 47 i F 7 Jin o 14 T8 B 5% 2 )
#% (enhanced deep residual network , EDSR) ( Lim 2§,
2017 ) WIZRG £ 77 101 4 B33 58 (synthetic multi-ori-
entation resolution enhancement, SMORE) /%, FF
FETHER CMR 2R Z By e, ITEMAHEAZ
P HR S F Y LR/HR SR Gl | DL [ 24
I SB CMR 521400 SR T, 72 A B AR
T BORE A [R5 O ESAR PR ek, ik
T WUREBE .0 E 2 AR O L I 1 320 5 41 A
TG, Zhao 45 A (2019) R FHH k%Y T1 Jin
BOEAR T HN1TAL SMORE J7 ik i tkfg, Lo s i3k
M, SSIM Z %64 0. 514 6 4T sinc HH{E 0. 507 0,
PSNR R UE T sinc i {75 0.5 dB, Jy 28.881 6

dB, {HJ&,SMORE J5 ik [ B8 52 5 A% 2 N 43 BE R
SR, L WP PR3 AR T RO ANEE
Sander 45 A (2020) #2& i 4n &l 5 Fron 956 T 6
Wig=: ) SR Ak B X, | X,,, I CMR #
BHMBAYIFT, Z, | Z,,, 3B HAE 2 i 18 2 1]
WERR, Z(Z,,Z,,,) RXY) R 5 0 R R,
X0 R A R T ) R, PR A S
4% (auto encoder, AE) (175 [B)4fi{ELRE J1 Il 2k 4% In)
SEPER OS2 AR, X AH SR Y R 4 {28 7 2 T 2 [
PR T SR iR SR TR 45 1) [R) PR A9 HR
O AGME LR AL I ), S VAR 48 O ik i 1
fig , Sander %5 A (2020 ) # MICCAI 2017 H gh.0Fi2
WrELHE4E Y 100 S CMR 5248)% 51 70 1511
F A gt Es 2R, 30 FIH TR IGTE, BdEdE b
AR HR AR, W82 LB U1 7 i 2 LR 5%
&, SCEEEREM R R EER SRS HR ¥
517) SSIM ZBGAF] 0. 85, 1 T L P {E )75 0. 02,
PSNR RHGAFI28 dB, & T MEIR(E ) % 4 dB,

22,2, (1-0Z %z, 0<(0.1)

K5 JCWE SR rknEE
Fig.5 Diagram of unsupervised SR method
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Basty Fll Grau (2018 ) # i 3£ F U-Net 5 K 4
HICAZ M 2% (long short-term memory, LSTM ) fY £
RO RZR LR an s 6 BT, B AT T S 0 IR K
BhE B MR #1210 SR E #, 5 Steeden % A
(2020) 1 3 )2 U-Net AN[A], Basty Fl Grau(2018) 1
U-Net 1y 5 JZ22 4E B, Hh AR P 2 o LSTM

FE T AT b P2 I 2 MR 52450 51 A ) [R5 5 DA T
S EARAR R, JTEMY T T 0 B BUN
OHEBRITHI I SR B ARCR AER R, T

LREINJFH1
128 128

@ | I-I

64X64X10

i 7 P E , Basty A1 Grau (2018 ) 4 Kaggle 5 2
Jo A AR 27 e O I Pk 8 A5 4R A R B U 5
BHAE HR 5218, % HR s2 8 B RAE 5 #5147 57 7 4
{HARASXI I ) LR $15% . A ARIERS unzﬁ%rﬁ@
#3000 % LR/HR 1%, &/ 171 X} LR/HR #

5 5 ik #5E R P e, SC 3 3R W, PSNR %%é?ﬁu_éu
26.57 dB,SSIM ZHBGAF] 0. 81,34 F 4 M U-Net
(19 25.23 dB 5 0. 77, {12 % @5 5 25
AN DL B s AR ) K B AN UG I 7] A5 F) 52 1)

128 128 SREmHFH

128x128x10

1
I4

64x64x10

|-l

32

2 =]
X
& 2
1 » = 232 == Conv 3x3, Padding, BatchNrom, ReLU

8x8x10
—
—

I Maxpool 2x2
T Up-sampling 2x2

mm) Copy concat
mm) Conv 1x1,ReLU

Conv LSTM 3x3, Padding, BatchNorm, ReLU

Bl 6 U-Net + LSTM 45 2514
Fig.6  Network structure of U-Net + LSTM

Lin 8 A (2020) #2 AL T H B2 S LSTM 1Y
it 2 R £ AR T CMR AU A% SR L, %%
EEFIEIANEL 7 FIT7R . 7 iREs 60 I JE 1A ) AH OC HE
L PR PR (R B R B B S AR 20Tk
FTHR 2 RGO E 5% 25 , IR A1
SRR LA MR AT 55 X B R A s AR A AL i 3 Y g
F1, JrikfEge TSR AR T AN )
S PEA 4 A5 A PR BE | Lin 25 A (2020) 2% ] MIC-
CAI 2017 H .0 E2 Wik i & s 4 Hh G 150 1] 4 4k
CMR #1455 Kaggle 2 2 Eéﬁﬁﬂ%ﬁﬁwﬂ%k&ﬁ%i&
PEAEHAY 440 IHL 5% CMR E 4 HR #4144, X HR &
BT B AR B | SR 5 U8 25 A B ,ﬁﬁﬁﬁi
AR PR AR LR AR, SCIRZE R I B
P54 45 [ PSNR 5 SSIM 4331l i5 £1] 30. 41 dB/
0.866 8 5 30.91 dB/0.895 6, 31345 T %5 & i FPS

(frames per second ) , SR SPERE LIRS T H4FH T4,

L5 LTk, 240 CMR 2 4 SR & J5 v] LAYE
B (A B P SE RO S 18 SR B, H BEPRIIE SR
BT T ELABUR P AT R S A 0 R S AR B A
JE | JHE 38 T X O IS a1 5’?[‘5’-&/"
3.2 CMR3#@BHHERERE

NP HR 3 48 CMR SSFP 4% ¥ 51 1 4 i 1]
KR, Steeden 25 A (2020 ) $#2 i 3 T5% 22 U-Net
(10 o0 28 A5 80 | FH - S 30 IE SE AR 5 11 SR EE
WL BT 3 dEGFH, A5 Kl 8 i, kAl
ZRPE TR 225> SEBL T SR AR, AT
il 2B AR A PEBE | Steeden 55 A (2020) K G 1ERBE
J5 BRI B ALY 500 15 /N L HJT%‘?ZS'E%‘
O LE BN 87 9I/E ) HR #2458, LR #
G i B AR B vk i HR SEARAEE, SE0As %
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FHH, DM, TR, WE, 18T, BXE
ETFREFINCHEELRZGESYIEMDHE
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RIS L2
HIAILSTM N -
__.____> N E 2
e S S e s e 0 M
<+ <+ <+ o =
© O © s X
o : q = . & =
A Wl P E T E 7% &
O O O
- v o 2 - =
B 3 s - N e
& JIBLST™M — > N &
L= = =) i) P
= 8 8 E =
ik ' 7
| ,’ i < <
[ V=) © |
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| _________________________ 2 O
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Bl 7  ConvLSTM &% 4544 [F
Fig.7 Network structure of ConvLSTM
SRt

—

1 32 32
LREIN |

256x256x96 | |
2l 64 64

= E=

128x128x48
64 l 128

64 32 32 1 1

| 256x256%96

128 64 | K2
— re— — = RelLU(Conv 3x3%3)
B Maxpool 2x2
T ReLU(convt3x3x3)
Convt3x3x3

=1

l ‘128‘

64x64>24

= =

mm Convt
= addition

ReLU

K8 3 ZEsk2E U-Net Z5H
Fig. 8 Network structure of 3D residual U-Net

W] BIR SR H A8 5 HR 2R SSIM R A0S
#]0.96 £0.01,MSE Z%{i5 %] 0. 68 +0.000 45, B&
AN, Steeden %5 A (2020) P+ T 545 1L 4
7 I AR I 2= A — B AR -2.0,2.0],
HILFRA 22887 T UL IX R, 255 %0, SR H
AR5 HR AR A AR5 T — BB ar
HR VIR I8 2% WL 58 RO Wk s B i AR et 52
1%, TRE S EOT G T AR, HARRL G, 32 B,

Oktay 45 A (2016) #& 3 H 70 IE /% Bl MR
FAZIT S SR (1 TR 2 4% 22 W 4% SC-CNN ( single
image channel CNN) ALY 25 549 4n & 9 Frw,

b AETHRAEB Bl R B U2 AR [ 6 1
2, 8 % B T GE ) BHE B OaE N PE, SR
3 x3 x3 ROFPEBU, LR R B 0 7 42 7+ )
YRPERE, TR BT 3 4E CMR S2AZ BUE I ]
BIR) L, A BF Al 9 45 PE i, Oktay %5 A (2016) ¥
1 080 4 3 4 CMR f 42157 5I1Eh HR #4%, #
T HAAR A ( Greenspan , 2009 ) #41% LR $21% ., Ik
LR AR B 20 501 R 930 5 150, ST 4k R R
B, #EH f% 7 J2 SC-CNN 7% PSNR A #| 24. 45 +
1.20 dB,SSIM Z%ik%) 0.88 +0.02, I TIKZE
CNN HuA5 5 b i B I i
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it

Conv
MERRISR 5

A

K9 SC-CNN M4
Fig.9 Network structure of SC-CNN

i 49 L 19 5% 19 CMR (late gadolinium enhance-
ment CMR, LGE-CMR) £ AR W] H] T X 7 1E # 5 05 28
R0 AL ZH 2, DT 3 A s B 23 A, SR T DL I PR
LGE-CMR 52480y 2 44 [} AL R P8 AR 2 ] 53
RS LAY )R8, Ay fiff P 3% () 81| Giannakidis 28 A
(2017 ) ¥ SC-CNN # 7 HF 3 4 LGE-CMR 52121
SR H g 42Tt 7O R AR 1Y 2 ] 43 B ALK
N 6, Giannakidis 5 A (2017 ) $% 28 37 il N\ 56 Kk
OB R B AR HR 5218, LR 5250k
HH Greenspan (2009 ) I Gholipour 5 A (2010) 45 Hi )
JIERERAE HR AR RAT . LI a5 R, St Uy
AEFEE LAY PSNR R E0iA 2 40. 1 dB, SSIM &
HOREN 0. 94, T 2 T 2 EIE R ZHLITELAY SR J7
7% (Shi %5,2013) 1) 36.7 dB 5 0.91,

At — PRI O HER AR B9 SR L A, Oktay
ZEN(2016 ) ¥ SC-CNN [ 28 JE— 9 i oy S 5 2 5
i I B9 5% 22 P 2% ( muti-image channel CNN, MC-
CNN) |, 38 3o {5 2 25 A 4 22 ) 4% ( Bromley % ,1993)
AR RELAEL, SRS [R] 5 - i (KAl 5 %0 ) CMR 281

ZAMIEHIA LIRS 2 (1 BRI S PTAl 2%
BRIMEBE , Oktay 25 A (2016) ¥ 1 233 4o fidt FE A
CMR HL3% 7 9 &7 sk R S22 /E 8 HR 218, LR
G I TR RAL L B RY ( Greenspan, 2009 ) 3R 75,
Y4 SR A AT 143 5 10, SR BT & x%F
LLan2 2 frs, MC-CNN S8 A7 45 T SC-CNN A5 Y
T PSNR 2% A 0.5 dB 2T+, ik % 25. 26 dB;
7E SSIM 2% LA 0.01 AY$E T, 8% 0. 818, MC-
CNN BEBUAT 55 3 0 PR B AR T 28 A I 28 B 7R T
A A (R R B, T B AR B I R
], feJ&, Oktay 25 A (2016) Ml & T 18 {4 SR 2
EHAG AL E(LV) ZERSLIL(MYO) B E
I 52% HR QN E(E R S 2 R,
FHLATEMY SR T #5818 7 O E ) RE DAk O 1 1 3
B, Hr MYO 43 %R £ B3 43 %175 15 (Bai 4%,
2013) 5L, FAMARZ O FEPEM WK 3 FR,
SRR, CNN BRI 5242 5 HR AR TE L IIE
WAL 7RO S 25 5 o H2: AN AR A T8 8] 7
{57 ) J8, v fE- S8 MC-CNN 5 R) SR H i i A8 22

%2 SC-CNN 5 MC-CNN E#Z %#ExTLE
Table 2 Performance comparison of SC-CNN and MC-CNN

. AR R W4 MC-CNN MC-CNN
SC-CNN( fLs ) <i§ﬂa§%££ﬂa) CEEEERE) e PR P )
PSNR/dB 24.76 £0. 48 25.13 £0.48 25.15 £0.47 25.26 £0. 37
SSIM 0. 807 +£0. 009 0.814 +£0.013 0.814 +0.012 0.818 £0.012
p 18 0. 005 0.016 0.017 -

T = ARSI P R AR AR AR

L5 Ay B RYIIR 500 E A el iR R 4R = IR
IITPERERY SCHE , Oktay 258 A (2018) 4 i 5 T —Fif

BT IE U AR DI R SR, 70 JEE S 36 SR A 3]
CNN FR 255 T2 R ) 190 268 iy fige 7] 45 ) 240 o)
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Table 3 Evaluation of cardiac function on SR reconstruction images by CNN and traditional methods

RAEELD RAENRE SR AR CNN % SR B # 4% HR 1%
LV & ht/ml 11.72 +6.96 9.09 £5.36 8.24 +5.36
TFIPE B/ mm 1.49 +0.30 1.38 +0.29 1.38 £0.28
M Z RIEE/mm 7.74 +1.73 6.67 +1.77 6.70 1. 85

25 4% (anatomically constrained neural network, AC- B BN R XTI R M & e B 52 ) . PRl AC-
NN) ., Oktay %5 A (2018) it H gnhhas SN 2545 NN BRI PERE, Oktay 55 A (2018 ) 2R FH 2 = 4065 0
AP T-L ENMEAR BRI ZE R 10 s, B BTl BdE 4R rd kA 2L 1 200 X} CMR 45 %3HF 514E
R2E )L R R R 2 M R RARAR S S R SR 8 HR/ZLR DA%, i1 000 X4 F1I14%,200 Xt
25 (A BRI AR I, fff SR MZ AR Sad B rp g 2 I, SERgs SRR A LT MC-CNN %1 AC-
W B 2R EMA R RBRTRERFEE., NNTESSIM R LA 0.013 BT, K5 0.79, [
ITEARG AN G T B V1R HERAN RN RS B, ACNN AR R PERE & MC-CNN IR 5 4%,

/ T-LIX—XJ%\

e
P(y.: Bp)

2
H X
Yy G EIRRy, Sy ka
i M
L %
L,

10 T-L 1E N f A 7 ey ]

Fig. 10 Structural of the T-L regularization model

Masutani %5 A (2020) 2347 T 4 Flt CMR $4% SR BIZ M4 SSIM RECE S, S G s al i o iy, (HAR 34
TR 2845 Y ( Retson 45,2019 ; Chartrand 45,2017 ; FHARE, BRILZ AN, Masutani 55 A (2020) il & T
Zhu % .,2019) IPERE, P4 ATERF CMR 242 10 (VIR B CMR 220 LV &Z8L LV SV 5 LV
PG Z2 Wb B )2 CNN (k-SRNet 55 ki-SRNet) 5 EF, FFKI R 52 A7 0 22 , I 5165645 51
W2 U-Net (k-UNet 5 kt-UNet) ; Hirfr kt-SRNet 5 40136 5 fin, 450K W] SR A EARTE LV A A
kt-UNet EF 3 258, 3R B A2 R T A8, LV EF %(H 5 HR 2% {H%A BEEER
Masutani 55 A (2020) & 5 VEBE 7 #2411 367 117 i3 Zi b, CMR 3 4t SR LTI A 3 46, il
HHJERD CMR AR FU/E A HR 3248, LR 1808 Sk 8 T O IR 2S R 254, 4545 17 O iE
X HR S8 00 Bt AR 0 J5 BOR PR ARAS . 70% T SEAR AR AR Wi e 5 B 247 o0 M, #4r r Ik AEF
YIZR,30% HTHUE, SCHE KM ,99.2% MEH  CMR 2 4k SR A LS T 34719 SR 5 #30UR
AR R R, T, WZ CNN 582 (B Ao i OS8R > B RZ R AT,
U-Net (1) SR EEMREXT L AN 4 R, Z5RERW, M H B EEREZEH N TiHa &, — e R E -
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Table 4 Performance comparison of deep and shallow networks

Lo A5 5 k-SRNet SSIM k-UNet SSIM kt-SRNet SSIM kt-UNet SSIM
2 x 0. 989 +0. 006 0. 989 +0. 006 0.989 +0. 006 0. 990 +0. 006
4 x 0.969 £0.016 0.971 £0. 015 0.969 +£0.017 0.972 £0.014
8 x 0.940 £0. 026 0.943 £0. 025 0.941 £0. 027 0.945 £0. 025
16 x 0. 895 +0. 036 0.902 +0. 035 0. 897 0. 036 0.900 +0. 035
32 x 0. 839 £0. 045 0. 850 +0. 044 0.842 +0. 045 0. 845 +0. 045
64 x 0. 760 £0. 056 0.776 £0. 056 0.765 +0. 057 0. 780 £0. 056
&5 SREHK.LR K5 HR ZBOIRETMAEXTLL
Table 5 Evaluation of cardiac function on SR and LR images compared with HR images
0] 750 HR 2%l SR ] & SR Xt K25 HY p {H LR g LR BT « K36 p {H
LV EDV/ml 152 +42 152 +42 0.99 151 =43 0.64
LV ESV/ml 56 22 55+23 0.40 56 £22 0.99
LV SV/ml 96 +24 97 +25 0.57 95 +23 0.54
LV EF/% 64 +7 65 +6 0.27 64 +6 0.90
REAR 1 IF I PERE THETH 4D MR ML AAG A Z [B]0 FE R 5 L B e

3.3 HM4%EERN CMR BN HEEE

4D MR I3 B AGE — o 24 0 AR B R g
SRR TR 5 (I 23 3 4 1l o B, A Bt O JJE
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SRR A DA 4 AT () 1 BB Ferdian 56 A
(2020) TR AR B 1 12 ( computational fluid
dynamics, CFD) % (Rispoli 45 ,2015) #4153 4D
MIREBIEAE A HR 1%, LR #1450 i % HR 1%
AR L A g8 S A A A T B2 SR AE I8 v ST e 7
A, PEHYFE bR b AR XS R 1R 25 (relative speed
error, RSE) , SEEGZE ST | $2 A7 ey o 5 1Kk
MR T 1) RSE REU020 7. 05% 5 23. 16% , 1
HREWEE R, Ferdian % A (2020) i 38 1 3
T A B0 0 I 4 AR R (M R I I T A
3T AR E DN 2.6% . 1. 1% 5 4. 8% .,

Ferdian %3 A (2020) SZPLAY 4D 1% B8 9 SR
A E— W W T IR IR M e
OYHEER MR TR, (H AT I SR M AT AL
P AT 2 4k 3 de s d kN, B i TR 4
OE7 A A N ey DIy NI S I 1D e i =B
CMR F44% SR 5 4 (4 BiF 58 A 30 A R (AR IR A
BRI 7w,

4 ETFTREFINEIPEEREARN
v FH

SR H HEH ARy il TR J A5 T 5 18 A A e 1]
Z IR G T — A RastE , SESIL 1L 5
B FIRAE ST, F T IRE 2 1 SR BEAR A X — 40
BURAS TS, = PR AR B TR R 2k
OESAG BT e 0B, X0 R 7 A 512 il %
HEEM,

Steeden %5 A (2020 ) ¥4 3& F 3D U-Net [ SR J5
N T SSFP AR ¥ 8, A G MR R LT
248 SR ARG LR 5415, BE T MER Hu iR O fF
FILILAE AR S5 44, X 58 RAE O IE B 9% A 12 W S5 A
JPA AR K 3% B, Giannakidis 25 A (2017 ) ¥ %&£ T
CNN £ SR J7¥: T LGE-CMR S48 , 4745 & o
i LGE-CMR 5214, BB 5T L 5 b 1 34 00 WL AS) 98 I Ay
I, DATIT BB MRS b X o IV B PE A7 XU, 43 2% AR
THi, Ferdian %5 A (2020 ) K5 4D i I 2% 45 54 iy
F 4D B AL, P vER AR AR A 4D AR,
T 2 M [ st 375 BT S R 1 S AR AR R AR TR] % i
(1122 A N 1RV B i a1 2 1 A N 1 R
T

FETFWRE 22T SR EARA B FHETHO

Sy EREE T LR D IERZAR, 5T SR B AR
AT BRAS T R 0 43 1 45 SR, oo JOE 90 A6 0 5 32 W
FEE R $E T+ B R E L, Mahapatra Fll Bozorgtabar
(2019) 3T SR H & SSFP 1%, R JH U-Net B A
SCELLV Sl S5 EI AT LR AR EI 2
R Dice H1 83.4% T+ % 90. 1% , ik TAr#E HR 5%
B KB ) 2 #1 Dice R%01.2% , Ok-
tay %5 A (2016 ) & F SR HE# )5 198 5l CMR 1%,
K Z 3% 5 3 (Bai 45,2013) , SC P MYO 4%,
g5 IR, i HR #2125 SR H @R 3K 1% MYO 43
FNGE R A S 2 RIE U 4.73 £1.03 mm,
AH#TF LR/HR S22 69 5. 50 + 1. 08 mm 550w,
ZE b BT IR SR BORA B THR IO 4
ZUr NG,

BRAAR L E 4140 CMR SR & 7k LIS, A
HoAth sy B M AN AT R, a0, KR4 D7 YR BT Ak 1
(AT 199 26 B 70 | L8 U-Net , GAN | LSTM , Res-Net
FERRBAITE CMR SR B TERE2E 5 ol LK
TERBEE TN FE R, ATERTE ¥ 5 BXF CMR
SR EAMERERY I, X T HR S 50R 1k Ak 34 i
LR SRR I ik, Al B AL IT VAN ], 23 o B T4 E
PRBSGR A T L R A DA R T 3h i 5 U iR
5%

A W B B2 5T R R T IR o ) A A
AR O NESAAR B @ AR M v X O IR Y SR
EAAMKE L, Fln Peng % A (2020) 42 H 1) —
s (8] JRHT Y 476 18 9 2% ( spatially aware interpolation
network , SAINT) Fl FH& T+ IFHIE | 25 1 5550 00 5 A5 19
JE )Gy UG TR F  EAROR . X T AR
BT RED R LR GO BERZ RIS K SAINT H T8
1% SR FAEA B LM, Sui A (2020) #2415 T —
o ) B B e 9045 B0 146 iR 2 AR 00 & ) ] 1
SR H )7, 1F SR HLHEA [l [A] PERY HR O ERZ (R
I R A T 51 A B B SE 0615 R LA e A A
Chen 55 A (2020) 42 1 1 £55 %5 8] 5 /N 38089 DU
SR [ 4% ( spatial wavelet super-resolution network ,
SWD-Net) I T H& itk L 45 41 U AR 43 HER , al 4
SWD-Net FHF D AERZ 4 SR 58k I 2 7 2
JIrits 9 J2 N BEER AR AE SEAI R ST (2022) $2
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T HEET O 3D W B UK R MR 21809 SR
FEIE, ks h 3D HRAEL S 3D B,
FEARIE SR F 2Tk 110 7] i R AR AR 0 S 00 515
SEIRFE IR T 3 4E SR E iy gt AR R
TR o Zhou 1 Zhou (2020 ) $& Hi 7 X I 15 B 7 &%
(dual domain recurrent network, DuDoRNet) , £ T1
eI LA I 256 MR IR k 25 RS MR P
i, Z LR T O MR SR H A, 7R
Gz sl LA, B AR k2 1R — 2ok DLitE—
AR TE SR HEE T A, W) B E R A o) W G2 i L
[F)

FHMGLEAR IR AR O MR SR HE A
TESEA T AR T B 25218 SR Sy i 35
HLALGE ( computer vision, CV) 2038 HT T SR £ A XJ
T CMR SR # [F FEAT 15 28 50, AN, R Z CNN
TERRAT G 53 B2 (vedio SR, VSR) H #AT 55 £ B
H R RICR SRR Tian 55 A (2020) 42 H 19 B
n] AR Y BC HE X 2% (temporally-deformable alignment
network, TDAN) , LA ) Xiang %5 A (2020) 2 i 3T
LSTM 5 W] AR AEAr R P 2% (1 BB B VSR 3 gl AR A
S5 O NERBE BN R PE AR O BERZAR Y VSR T AT
s RIS WT h R 2 OC E2E RI i) 5 R BRI 45 5
FERH T NERZAR SR FA, Ak, AlRE O I Y 5]
SAPEBR SR R S50 (Lin 55,2020 , i — 5
AR, Y5 SR AR IR (CV)
SR HEERBYBI 5T J5 ) 22—, HXE T U R0 A 2
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(2020) 4 1 1 2 TR A AL AL T 5 M A T AR RS 1
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Tk TEONERR R SR EEE S o HR R4
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B2 P AR A ORISR IR Y IR R IR 45 6
UEAER R S HLH T Z I T4 28 CV AR 55,
Ry ol HE R 25 485 R o S AT BBk (Y ER 4. Cai N
(2020) 3145 | A 3 8 S ALE (Hu %6,2018) , #2
HH STk 22 0 I T A2 T 1Y GAN 3l 1 T 8 I LI
% RPN T8 T (7] P A EL RO G 3 DL AR SR AP SR
BOR . AT (2021) FE 38 38 1 T8I AL (Hu 45,

2018) My FERl 45 A& % s |2 fE R, #tth TIX
b SRIERE =AM NN RO 2 3 Sy A E BT )
b D& AN [R] 3 T AN AN [R] 2% ) DXk 1 i {5 8, 3R A8 T
FHFY SR EAURE . Mei 28 A (2020) #2 H1 4 3E )5
R = I ML (Wang 55,2018 ) H F42 88 K14 5 R
FERFAEAROCHE | BRI e 530 AT B AT Mg
XU AR SR E IR T, o)A W 45 R
SIANERE S T B,

6 & 1i&

D% SR H A Rt ok TG R S5 H
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5 SR A HAEL IR A1) PEM IR bR B 210 E B
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3) YN ZRE AR PRI, H5cal det /0

AR SCH R I PBE T TR B 2% 2 AR S0
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BRI £ AR TR | AR AR LA S AR B 1 A B Rl
43R 3 2 ARIR A AR R R, 45 ISR 25 A 1]
BB A A8 B, DA R A I PERE TN 4518 . B
JEVHE T AL 20 SR T kR ATk
B UUSOGT D ERA% SR A 15 % U I
2% SR HATES CV SR BivRHEIAR

FET IR O ME SR A R BUS T 80R
iR AHAES SRR Y AR B e ) e g
J5 A B2 ] BRIL Z A, B AR AR 5F 44K
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