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Abstract Intravascular optical coherence tomography (IVOCT) is a minimally invasive imaging model that currently has

the highest resolution. It is capable of providing information of the vascular lumen morphology and near-microscopic

structures of the vessel wall. For each pullback of the target vessel, hundreds or thousands of B-scan images are obtained

in routine clinical applications. Manual image analysis is time-consuming and laborious, and the findings depend on the

operators’ professional ability in some sense. Recently, as deep learning technology has continuously made significant

breakthroughs in the medical imaging field, it has also been used in the computer-aided automated analysis of IVOCT

images. This study outlines the applications of deep learning in IVOCT, primarily involving image segmentation, tissue

characterization, plaque classification, and object detection.

discussed, and the future possible development is described.
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Table 1 Comparison of six DI.-based methods for IVOCT image segmentation

Method Advantage Disadvantage
U-Net Having simple structure and easy to operate; Capable of incorporating features of Image details might be lost as the
-Ne
different scales network deepens
) . . ) Incapable of segmenting objects with
SegNet Having fewer parameters and capable of preserving high-frequency details .
complex categories
Having high computational burden;
Requiring less training data; Incapable of accurately distinguishing
CapsNet capable of processing with high speed objects close to each other;
capable of preserving a large amount of image details having outstanding performance only
on small data sets
. . . Segmentation accuracy needs to be
N-Net Capable of fusing multiscale feature maps .
further improved
RSM- Having strong ability of learning detail features; Having bad performance in
Network capable of segmenting boundaries with high robustness and accuracy segmenting hierarchical features
Capable of effectively extracting the semantic features of vessels and preserving the . o
BPN Requiring complex training process

high-resolution image information of vascular boundaries
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Fig. 1 Original IVOCT image and comparison of segmentation results of five methods"

. (a) Original image; (b) manual segmentation

by specialists; (¢) segmentation by prototype U-Net; (d) segmentation by prototype U-Net with proposed loss function;
(e) segmentation by deep Residual U-Net and ResNetl01; (f) segmentation by deep Residual U-Net and ResNetl01 with

proposed loss function
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Fig. 6 Segmentation results of IVOCT lumen contour”
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Fig. 7 Comparison of segmentation results of vessel border from IVOCT images by different methods™”. (a) Vessel bifurcation;

(b) white thrombus; (¢) red thrombus; (d) complex thrombus
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Fig. 8

Polar views of IVOCT images after tissue characterization where the patches with red represent plaque tissue and those with

green are normal vessel wall"". (a) Lipid plaque; (b) calcified and fibrous plaque; (c) mixed plaque; (d) calcified plaque
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