el O M BB PP 31 R B S DR R B T I B R S 1 T8
F4ii, FME, Bk

G AL

T, FhE, BhEk. o mE EGF S s s T BRI TR [T]. BRER G R, 2025, 20(4) : 984-
998.

WANG Ru, SUN Zheng, YAO Yue. Unsupervised deep learning method for suppressing motion artifacts in
cardiac vascular image sequences[J]. CAAI Transactions on Intelligent Systems, 2025, 20(4): 984-998.

TELEIAEE View online: https:/dx.doi.org/10.11992/tis.202408014

LT BRI HA S
ST RETT R R MLH DT

Brain mechanism research based on intelligent computing

BHER G 2AR. 2021, 16(5): 850-856  hitps://dx.doi.org/10.11992/tis.202103029
FeF GRS HLHIA L SCR A AR 7

Feedback attention mechanism and context fusion based amodal instance segmentation

BIRER G, 2021, 16(4): 801-810  https://dx.doi.org/10.11992/ti.202007042
B2 4 A M 4 143 SR A2 I 15

Image restoration with residual dense network

BHE RS FAR. 2021, 16(3): 442-448  hitps://dx.doi.org/10.11992/1is.201912002
FETURBE 27 > iIMERIFLAR A H B 2 0 e

Deep learning based automatic multi—classification algorithm for intervertebral foraminal stenosis

BHERG AR, 2019, 14(4): 708-715  hitps:/dx.doi.org/10.11992/tis.201806015
T BT PRI B R 2 X 245 B B

Convolutional neutral network tracking algorithm accelerated by Gaussian kernel function

BRER G2 EHR. 2018, 13(3): 388-394  hitps://dx.doi.org/10.11992/is.201612040
HF PR 2AE GG BN Z 25 (I 2575 CTEMR G A R

Hashing retrieval for CT images of pulmonary nodules based on medical signs and convolutional neural networks

BIBE R G 244]. 2017, 12(6): 857-864  https://dx.doi.org/10.11992/tis.201706035


http://tis.hrbeu.edu.cn/
http://tis.hrbeu.edu.cn/
https://dx.doi.org/10.11992/tis.202408014
https://dx.doi.org/10.11992/tis.202103029
https://dx.doi.org/10.11992/tis.202007042
https://dx.doi.org/10.11992/tis.201912002
https://dx.doi.org/10.11992/tis.201806015
https://dx.doi.org/10.11992/tis.201612040
https://dx.doi.org/10.11992/tis.201706035

5500 B 4 W O R & ¥ i Vol.20 No.4
202547 H CAAI Transactions on Intelligent Systems Jul. 2025

DOI: 10.11992/tis.202408014
%) £& B iR i 31k - https:/link.cnki.net/urlid/23.1538.TP.20250224.1852.014

A O I B SR e B Rz sh A S A
9’3”"_% }#;‘_‘lﬁli

F 3 FpEN &JE%;I
(1. B AXF B FEBEIEZ, T FEZ 071003;2. Lhd A KF TLE L AMBEREREELELTHT,
T4 &% 071003 )

# E: M5 T (intravascular ultrasound, IVUS) FDG24AH T W7 )2 144 (optical coherence tomography, OCT) J&12
W SEE LR 0 Jk e A A A 6 8 1) T B TR B, (ELO RSB S AN ML B i sh & = A iz sh i B2, SRR R B . M ifdeix —
() R, AN SCHRE Y — ol G W B R B 2 ) O i, FH T IVUS/OCT MG F 5 R s shih e . Bt — N IR & ™
2, ALERRIE SR IR . R L IE B Al T RS SR IE A H, S B DA 2 A S 45 SR 4 1 UG T 9 B L D s R OT
S . G R IVUS/OCT EIMGHEAT T M I 2k, 5200 45 S 32 I, 1207 1k RE 0 32 18 i 2 1) ORIl o 4 B 30 2%
PSP 30 B2, b o 22 R IE] 22 55 B R AR A B 10 S8 kst o 5 A 5 R B, AR SO Tk RSP 2 it ] 25 5 R R AR 2
23%, FRiE2ERRARL 24%, T A RUR YL T IVUS/OCT K1E 5 R i 3D 2% 1 i iy & F I 180 B, 14k T &
1Z A BERR

SRR : O I UG AR B IK N AR s EMRIT 91 5 38 B P52 5 32 2l kMEs s 1 22 I 8% 5 JC B 2 2] M of
FESHEE: TP391.41; R445  XHEFFRER: A XEHS: 1673-4785(2025)04—0984—15

s g T8, AhE, st WHOnBERGEINREHARNTRERESEIFE I SEREFR, 2025 204):
984-998.

# 5| A& : WANG Ru, SUN Zheng, YAO Yue. Unsupervised deep learning method for suppressing motion artifacts in cardiac
vascular image sequences[J]. CAAI transactions on intelligent systems, 2025, 20(4): 984-998.

=

Unsupervised deep learning method for suppressing motion artifacts in
cardiac vascular image sequences

WANG Ru', SUN Zheng'?, YAO Yue'
(1. Department of Electronic and Communication Engineering, North China Electric Power University, Baoding 071003, China;
2. Hebei Key Laboratory of Power Internet of Things Technology, North China Electric Power University, Baoding 071003, China)

Abstract: Intravascular ultrasound (IVUS) and optical coherence tomography (OCT) are important tools for diagnosing
coronary atherosclerotic lesions. However, cardiac motion and pulsatile blood flow can cause motion artifacts that af-
fect image quality. To address this issue, an unsupervised deep learning method for suppressing motion artifacts in
IVUS/OCT image sequences is proposed in this paper. A deep neural network consisting of feature extraction, up-
sampling, motion estimation, and motion correction modules is designed, and it can map continuous pullback image se-
quences to artifact-free image sequences. The network is trained in an unsupervised manner using clinical IVUS/OCT
images. Experimental results demonstrate that this method remarkably improves the smoothness of the vessel wall
boundaries in the longitudinal view, with substantial improvements in standard deviation and interframe dissimilarity
metrics. Compared with other methods, the proposed approach reduces average interframe dissimilarity and standard de-
viation by approximately 23% and 24%, respectively. This method effectively solves the image quality degradation
caused by motion artifacts in IVUS/OCT image sequences and optimizes the visual quality of the images.

Keywords: cardiac vascular imaging; intracoronary imaging; image sequences; motion artifact; motion compensation;

neural network; unsupervised learning; elastic registration
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Table 3 Volume of vascular segments in IVUS/OCT image sequences before and after suppressing motion artifacts
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