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Fig. 1 The difficulty of retinal image segmentation
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Tab. 1 Retinal image datasets

Kt 4 E30) g s Bk filt 1% 0L FOV/(*)
STARE 2000 605X 700 20 10 B fd L 10 3K B B 35
DRIVE 2004 584565 40 33 BR {7 B B W PR 45
HRF 2009 3504 X2 336 45 15 J B L 15 5K B A B IR NG - 15 B 75 OLHR 45
CHASEDB1 2011 999X 960 28 28 K {d R 30
IOSTAR 2015 1 024 X1 024 30 — 45
FIVES 2022 2 048X 2 048 800 200 JRURIRE 200 SR AT &AL AR 50

200 K A B R . 200 5K A HOLIR
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SR FH B R AE 3G 53 H R A« RS K BE Ak L 2 £ 30 48 I A — 4 ) F BR 6 B 3 0 B 7 1B 34 45 46 (contrast limited
adaptive histogram equalization, CLAHE) DA Xl 5 4 IE (Gamma correction) %, 3¢ 2 G531 T {8 A 4R 1E 38 58 £
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Fig.2 Retinal images. real annotations and mask examples of each data set
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Tab.2 The common feature enhancement technique for retinal images

SCHk Ay P15 K B A 2 0,38 38 ] H—1k CLAHE A 4 T
SCHRCL7] 2016 — J _ — —
SCHRL66] 2016 — J — J -
Xik[57] 2018 N - - v v
CHRL69] 2018 J J _ _ o
SCHRL72] 2018 J J — — -
SCHk[24] 2019 N N N, N
k(28] 2019 J - N v v
cEk21] 2020 J — N v v
Scrk[23] 2020 N/

SCHkL81] 2020 J - N v v
SCHRL37] 2021 — J - J -
SCHk[48] 2021 J J J

ScEkl74] 2021 J - N v v
SCHRI31] 2022 — - J J J
CHRT47] 2022 J — N, N v
SCHik[56] 2023 N/

SCHkE35] 2023 J — J J J
SCHkL63] 2024 N — o o o

R 64] 2024 J J N
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Tab.3 Common data augmentation techniques for retinal images

3Lk By IR RN BEMLER  OKPEIE mREEE RESEE REXIHE O RRRmE

SCiik(16] 2016 27X 27 J J J — - _
SCHk[29] 2018 96 X 96 — J J J J .
3wk 24 ] 2019 4848

SCik[27] 2019 4848 — — — — - .
SCikC48] 2020 6464 — — — — . _
SCikL69] 2020 48X 48 — — — J - _
SCHRE32] 2021 — J N J — — -
SCHRE36 ] 2021 4848 N N/ J - - _
Scmk[42] 2021 — J J J J J J
CHk[34] 2022 — Vi J — - - _
ik [38] 2022 — J Vi < — — _
SCik[56] 2023 128X 128

k64 2024 48X 48 — — — — - _
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Tab.4 Common evaluation indexes of retinal vessel segmentation methods
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Fig. 3 Induction of retinal vessel segmentation methods
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EFSUEE NG A T4 T Bridge-net A7 %5 A FH LI BI04 9 b R SCAF B . Lin 25 AU 4R —Fh £ B4t
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e BT . Wei 2 A5 Sk 1 ] EFAA 4K 42 R BT SO B R OR A SR A B AR T — S AR R A
B (GLFM) , DABEAEL I A5 9 8 AR AR D¢ 3R & I 78 43 5 1 Jmy 0 v ML 45
3.1.3 HERUBAFE

N YA o H 28 AR SR AR BE 7 5 BR T DR SZ B DR /IN I A BE R A L A AR G BIF 9 2ok A Ak T 2% B Y
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I 308 3 P BB SR 8 8 A A A R B . Xiao 258 N R HY — b 5L T AT B ML A B B % 12 19 Res-
UNet, AR TE 3 3 AL ] 2 308 3ot K A5 00 14 i — J2 R A P T 3 T 1 A SR S B . Wang %8 NP 4R Y T WU 4
il U-Net(2 /> ik #%) , [ B ) P 38 308 7 75 1 WL FE U-Net (9 BEER % 3 b ye B TR FRAE 18 . Guo 28 AT 40
— MR Y A5 (B ) U-Net, 51 AR 28 8] 10 5 ) B H T 36 25 (8] 4 FE HE 3 3 0 B O 8 0 8 0 1 5 Ay
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Tab.5 Summary of RVS methods based on deep learning
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Tab. 6 Performance comparison of retinal vessel segmentation methods
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A Survey of Retinal Vessel Segmentation Algorithms Based on Deep Learning

LU Jia'*, WANG Zeyu®
(1. National Center for Applied Mathematics in Chongqing, Chongqging Normal University;
2. College of Computer and Information Sciences, Chongqing Normal University, Chongqing 401331, China)

Abstract: Deep learning-based retinal vessel segmentation methods were summarized, while the problems of existing methods were
sorted out to provide reference for further research on retinal vessel segmentation tasks. Literature related to deep learning-based
retinal vessel segmentation methods from 2016 to 2022 was searched, summarized and generalized. First, it introduces the
background of retinal vessel segmentation. Then, it summarizes the dataset and data preprocessing, evaluation indexes, and
segmentation methods in the related literature. In the dataset and data preprocessing section, commonly used retinal image datasets
are introduced, and commonly used feature enhancement techniques and data enhancement techniques are summarized. In the
evaluation indexes section, commonly used evaluation indexes of retinal vessel segmentation methods are presented. In the section of
segmentation methods, it categorizes these methods into those that consider network feature extraction ability, those that consider
vessel characteristics, and those that consider practical applications. Among them, the methods considering the feature extraction
ability of the network can be classified into methods with restricted receptive fields, methods with extended receptive fields, and
methods with feature refinement, the methods considering vascular characteristics often use multi-labels, loss functions, etc. to
improve the problem of the difference between thick and thin vessels or the imbalance of categories; the methods considering
practical applications pay more attention to the light-weighting and generalization ability of the network. Finally, it organizes and
summarizes the problems of retinal vessel segmentation methods and possible future research directions. Retinal vessel segmentation
methods based on deep learning will remain one of the focuses and hotspots of medical image processing research for some time in
the future, and it is valuable for understanding the current status of the retinal blood vessel segmentation task and solving practical
application problems.

Keywords: medical image processing; retinal vessels segmentation; deep learning; U-Net; receptive field; feature refinement;
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