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Semi-supervised deep learning framework for retinal vessel
segmentation

LV Jia"** , LIU Yaowen'
(1. College of Computer and Information Sciences,Chongqing Normal University,Chongging 401331, China; 2. Na-
tional Center for Applied Mathematics in Chongqing,Chongqing 401331, China)

Abstract : In view of the problem that quality of pseudo-labels is uneven in the current retinal vessel seg-
mentation task and it requires to be screened to obtain the high-quality pseudo-labels,a novel semi-su-
pervised deep learning framework for retinal vessel segmentation is proposed in this paper. The frame-
work adopts the idea of divide and conquer to process data. Traditional deep learning methods are utilized
especially for the labeled data, while Mean teacher model is used to deal with the unlabeled data. By
comparing the different morphological outputs of the same input, the model can learn the common fea-
tures between the unlabeled data and avoid the screening process brought by pseudo-label technology.
Three benchmark networks, u-neural networks (U-Net), Dense-Net and Ladder-Net are put into the
framework, the experiments are carried out on DRIVE and CHASEDBI datasets, which achieve good
segmentation results. It shows that the framework can improve the ability of the network to distinguish
different threshold pixels.

Key words: retinal vessel segmentation; semi-supervised learning; u-neural networks (U-Net); Mean
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Fig.1 Framework diagram of this paper
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Tab.2 Index comparison of different algorithms

DRIVE CHASEDBI

Method Year
PR SE SP ACC  AUC PR SE SP ACC  AUC
ORLANDO!M 2016 0.7854 0.7897 0.9684 —— ——  0.7438 0.7277 0.9712 —— —
ATTU-Nett'! 2018 0.8334 0.7911 0.9770 0.9533 0.9650 0.7699 0.8035 0.9761 0.9604 0.9703
DEU-Net-'%! 2019 — 0.8038 0.9802 0.9578 0.9821 - 0.8132 0.9814 0.9661 0.8876
HA-Net!' 2020 ——  0.7991 0.9813 0.9581 0.9823 —— 0.8239 0.9813 0.9670 0.9871
KHURAM! 2021 ——  0.8141 0.9702 0.9540 0.9399 —— 0.8153 0.9711 0.9561 0.9565
MPS-Net!'™ 2021 ——  0.8361 0.9740 0.9563 0.9805 —— 0.8488 0.9795 0.9668 0.9869
ZHOU" 2021  0.8397 0.8294 0.9812 0.9563 0.9830 0.8013 0.8435 0.9782 0.9630 0.9872
L1071 2021 ——  0.7921 0.9810 0.9568 0.9806 —— 0.7818 0.9818 0.9635 0.9810
PSPU-Net:'™ 2021 ——  0.7814 0.9810 0.9556 0.9780 —— 0.8195 0.9727 0.9590 0.9784
Ours 2021  0.8751 0.7707 0.9848 0.9588 0.9813 0.8207 0.7361 0.9836 0.9606 0.9773
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Fig. 2 Visual segmentation comparison:

(a) Original color fundus images; (b) Ours;

(¢) ATTU-Net; (d) Ground truth images
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Fig. 3 Visualization results of different datasets:

(a) DRIVE; (b) CHASEDBI1
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Tab.3 Comparison of different networks under the framework of this paper

DRIVE CHASEDBI
Network
PR SE SpP ACC AUC PR SE SpP ACC AUC
U-Net 0.8339 0.8008 0.9770 0.9533 0.9530 0.7799 0.7958 0.9776 0.9611 0.9620
U-Net+ Ours 0.8751 0.7707 0.9848 0.9588 0.9812 0.8207 0.7361 0.9836 0.9606 0.9773
Dense-Net 0.8661 0.7479 0.9831 0.9532 0.9643 0.7911 0.7676 0.9798 0.9606 0.9725

Dense-Net+ Ours 0.8689 0.7829 0.9837 0.9593 0.9810 0.8041 0.7948 0.9802 0.9630 0.9806

Ladder-Net 0.7552 0.8447 0.9601 0.9454 0.9711 0.7055 0.8003 0.9667 0.9516 0.9692

Ladder-Net+Ours  0.8464 0.7840 0.9803 0.9565 0.9790 0.7719 0.7794 0.9765 0.9582 0.9761

4 ANIERTABMEHITLLE: (a) REAFEBERKRE®R; (b) U-Net; (c) U-Net+Ours; (d) Dense-Net;
(e) Dense-Net+Ours; (f)Ladder-Net; (g) Ladder-Net+Ours; (h) GT E{&
Fig. 4 Comparison diagram of different networks under the framework of this paper:
(a) Original color fundus images; (b) U-Net; (c¢) U-Net+Ours; (d) Dense-Net; (e) Dense-Net+Ours;
(f) Ladder-Net; (g) Ladder-Net+Ours; (h) Ground truth images
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Tab. 4 Ablation results

RO AT X o, SR ZE R ANZR 6 Frow. MR 6 T LA

Method PR SE SP ACC AUC

FEH WA RN E RS A 1A, PRSP Al
U-Net 0.8339 0.8008 0.9770 0.9553 0.9530
U-Net+ Mean

AUC BT 740 3 4, B 53 Wi I 48 b A1 HoAth 3 41
VL e 08664 0.7786 0.9834 0.9585 0.9806 - o s
FRAH 22 A, Ut BH 78 I 2k a2 P 0 A 45 BOHE B 2 4R
U-Net+UDA 0.8762 0.7625 0.9851 0.9581 0.9806
Ours 0.8751 0.7707 0.9848 0.9588 0.9812 HEAT B3R 25 s B 4 U 2k
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Tab.5 Analysis of different slice proportions of labeled data and unlabeled data
) DRIVE CHASEDBI1
Slice scale . . o .
PR SE SP ACC AUC PR SE SP ACC AUC
1:1 0.8751 0.7707 0.9848 0.9588 0.9812 0.8207 0.7361 0.9836 0.9606 0.9773
1:2 0.8714 0.7724 0.9842 0.9585 0.9811 0.7959 0.8012 0.9790 0.9625 0.9810
1:3 0.8661 0.7827 0.9833 0.9589 0.9808 0.7997 0.7893 0.9798 0.9622 0.9797
1:4 0.8735 0.7748 0.9845 0.9590 0.9810 0.8034 0.7833 0.9804 0.9622 0.9794
1:5 0.8678 0.7805 0.9836 0.9589 0.9811 0.7976 0.8017 0.9792 0.9628 0.9808
x6 FEABERNESH International Conference on Machine Learning. June 16-
Tab. 6  Analysis of different loss weights 21,2013, Atlanta.USA. New York: ACM.2013,3(2) :896-
BB, PR SE SP ACC  AUC 902.
0.5,0.5 0.8708 0.7767 0.9841 0.9589 0.9810 [4] XIE Q,DAI Z,HOVY E,et al. Unsupervised data augmen-
0.5,1 0.8627 0.7894 0.9826 0.9592 0.9810 tation for consistency training [EB/OL]. (2014-04-29)
1.0.5 0.8684 0.7776 0.9837 0.9587 0.9813
[2022-02-227]. http: //arxiv. org/abs/1904.12848.
1,1 0.8751 0.7707 0.9848 0.9588 0.9813
[5] SOHN K,BERTHELOT D.LI C L,et al. Fixmatch:simplify-
bE I
5 =H e ing semi-supervised learning with consistency and confi-
S A - A A ALy dence[EB/OL]. (2020-01-21)[2022-02-22. http: //arx-
FRAE RS 2R 56 1 4R 1 T B 0K W B RE 2 0 iv.org/abs/2001. 07685.
HHAESEES T, BUE T ge. @il [6] LI'Y, PElIZ, LI J, CHEN D. Semi-supervised learning
Mean teacher F5#1 3¢ 5 Bh A £ 2 3] To bR 25 B0 0 15 framework in segmentation of retinal blood vessel based
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