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H B RAFIAAIFHRG AL ERBREAZEMELRITHRELELS SN, EF R REFILEEFHYLMAR,L

EEBRSE SHBFHOFE ST BBRAT L F T A, AR, BN R EF T HAR G R H S F AT E 2R g

(Optical Coherence Tomography, OCT) #= %, 5 48 F B7 & 42 # £ 4 4% (Optical Coherence Tomography Angiography.OCTA) #

FRBBENm, MURBERGTF L r R REFI FRELLIL XRRENFRR TN RILE E 504 EF £ 5% 8 31 sk

He R AEHEREMETE-RBEBEXRNLE—EFOAREELAT R B REARZ ] 648 X B BAE S 18] 69 K 41

Fo XM, M, R FMELET FARKELE, ZAEBM T A TARE OCT F= OCTA 3 & 49 AL M B A8 % & Ja £ 4 47 & 4 84 5 &)

Tk CEMNRR RRAFE AR ETAMNBEA LR RO RS LTk, REARLERRE £ AN BATHREE, ARER
AMFRERLZTARGIHR T @ HBEERRTRBET ANMLG LS,
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Review of Retinal Image Analysis Methods for OCT/OCTA Based on Deep Learning

XUE Jingyan',XIA Jianan' , HUO Ruili* , LIU Jie' and ZHOU Xuezhong'
1 School of Computer Science and Technology,Beijing Jiaotong University, Beijing 100044 , China
2 Academy of Chinese Medical Sciences,Beijing 100700, China

Abstract Deep learning is a branch of artificial intelligence that relies on deep neural networks for data processing and analysis.
In recent years,deep learning has made significant breakthroughs in the field of medical imaging, especially in image classifica-
tion, segmentation and efficacy evaluation. In the field of ophthalmology,there is an increasing need to apply deep learning tech-
niques for efficient and accurate analysis of OCT and OCTA. Compared with traditional manual methods.deep learning methods
show higher accuracy and automation in dealing with complex fundus structure and pathological changes. However, most of the
previous reviews focuse on single imaging mode or single task research,and often ignore the correlation between different imaging
technology.as well as the acceptability and correlation between tasks. This paper not only summarizes the commonly used data
sets,systematically reviews the segmentation methods of retina-related disease biomarkers based on different OCT and OCTA de-
vices, but also summarizes the typical classification methods of retina-related diseases from the perspective of different disease
characteristics. Finally, this paper also looks forward to the future research direction from the perspectives of data privacy and se-
curity,model interpretability,and model universality, which provides a valuable reference for subsequent research.

Keywords OCT/OCTA.,Deep learning,Biomarkers,Image segmentation,Classification of diseases
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Fig. 1 Structure chart of eye study
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Table 1 OCT dataset information
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Table 2 OCTA dataset information
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Fig. 2 Different label schematics of public dataset
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Table 3 OCT biomarker segmentation task
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Table 4 Research on auxiliary diagnosis of retinal diseases
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Table 5 OCTA different segmentation tasks
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Table 6 Performance analysis of ROSE

HA Dice FDR JAC
Ma % L10] 0.7576 0.2089 —
Chen #[71] 0.7612 0.1733 0.5306
Tan 4175 87.9700 — 78.5500
Shen % L77] 0.7658 0.1795 0.6226

Kreitner %[82] 0.6660 — 0.5634

# 7 OCTA-500 Hd 4+ Ak 4 Hr
Table 7 Performance analysis of OCTA-500

A Dice JAC BACC
Li &[] 89.41]92. 74 80.95/86.67 93.46195. 22
Tan %74 89.4512.06 80.99/85.13 94.11195. 46
Shen 4[75] 0.8954 0.8111 -
Lin %[80] 96. 07 92.72 —
Li %[81] 89.89/91.55 81.7384.48 93.91194. 96
Kreitner % 82] 0.916 — —
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