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Abstract

modal image data analysis can help doctors improve diagnostic efficiency, reduce labor intensity. and break the

YU Miaoru PENG Guijuan

The application of Artificial Intelligence(AI) in the medical field is gradually developing. Multi-

time and space limitations of medical treatment. Machine learning is one of the main technologies of Al, which can
autonomously extract information from large databases. At present, there are many researches and applications in
multimodal images of cardiovascular system. This paper summarizes the current research status. challenges, and

future prospects of Al in multimodality cardiac imaging. including echocardiography, multislice spiral computed
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tomography, cardiac magnetic resonance, and single photon emission computed tomography(SPECT).

Key words cardiovascular system; artificial intelligence; multimodality imaging; machine learning

O L4 IR (cardiovascular diseases, CVD) &
B BRI E S R T FE A (I
oo LA f R 5 A i 2020) R TR B CVD
NEZy R 3.3 4 . HETIG R b T3P Al 0k 45
TR TRE Y B2 2 5 R R B A D B B 2 )2
BRE 11 B ML AR 2 3 R (multislice spiral CT,
MSCT) ., #% 3£ ¥& i 1% (magnetic resonance ima-
ging, MRD F1 B3¢ F & S 11 B AL 2 B AR (single
photon emission computed tomography, SPECT)
S TR LS B 12 9T h R B OCREAE T, SR, A
AR TR K A A 5 2R 32 00 P A0
MR = U Y 2256, T i o B ) i v R BRLE el i PR
% N T % fE (artificial intelligence, AD) ) JT K&
IR FH Ay it e 3xX — ) A ok Ay B . AR SO AT RO
JVE 22 B AS SUAR B AH SC B 58 B AT 1 4534 .
b RE R SR E SRR TARER) R EHO A

FI,518020)
BAEZAEE 2 & % ,E-mail : yingyingliu@ext. jnu. edu. cn

1 Al #fid

AT BEAR B G THRALR 2= Gt 2% B —
FIRT RS 2E R 3 X R A2 L AT SRR A
REPAEYE, AT G P42~ > (machine learn-
ing, ML) \ 38 HLALHE (computer vision, CV) | H #&
% 5 Ab ¥ (natural language processing, NLP)
A2 R 2% 2] (deep learning, DL) J& ML fy—4>
N LHETE A AT BERIF &K . DL B
T NCT] 4y R R 248 ) 4% (deep neural network,
DNN), £ FU# 4 ® 2% (convolutional neural net-
work, CNN) | & 5 4 5 ¥ 2% (recurrent neural net-
work, RNND & s 75 % 27 32 R AUk, H AT CNN O 32
WA, B R T 5% ML (A g 58 B B AL 2 Ak
SR AL THARE 1A R 7R R AR BOE TR
PR AR R R, AT LU 2 0 85080 v 3 3257 2] BIIR
BAERY MEGEHLERF 2] 5 DL M4 1 BB 22 2 1R
B 1 K g AR LI 1

SIS AR SRAEE W 5. N TR RETE O Ik 22 25 52 1 b 9 B2 T LT DLl PR O 1l A5 2% 35+ 202339 (12) £ 922-
929. DOI:10. 13201/j. issn. 1001-1439. 2023. 12. 005.




RSN DR RETE O ME 2 BEAS R AR b B i

YU Miaoru,et al. Advances in the application of artificial intelligence in multimodality cardiac imaging ¢ 923 e

=
i
i

LI HL A

GR A/ L7 /)

_ . - m

T ) 2% 3%

B AR1R A
GR ) gkt / I8 45 #4)

L

N £LAE G ik
(B s0n¥) (i B/ 4 25 A% 4)

1 ESHR[FTE DL M & E 8RR 6 & KA RE

Figure 1 Data example and application process of traditional machine learning and DL network
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Figure 2 Application of Al in echocardiography
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Figure 3 Data flow of automatic segmentation algorithm
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