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Research on the segmentation of optic disc and
cup based on modified U-Net

MAO Qian, JIANG Minshan, WEI Jing
(School of Optical-Electrical and Computer Engineering, University of Shanghai for
Science and Technology, Shanghai 200093, China)

Abstract: In the diagnosis of glaucoma, segmentation of optic cup and optic disc based on digital
fundus image is a common diagnostic method. In order to segment the cup and disc accurately, we
proposed a segmentation method based on the improved U-Net. Compared with the traditional U-
Net, a residual block was used to improve the down sampling part, and convolution part was used
to improve the skip connection, so that the network could obtain more sufficient feature
information. The Dice and IOU of the optic disc segmentation model and the optic cup
segmentation model on DRISHTI-GS data set reached 98.3% and 97.2%, 93.2% and 88.5%.
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Fig. 1 Merge of the label and training image
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Fig.5 Label and color fundus image in training dataset
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Fig. 6 Loss curve in the optic disc training
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Fig. 7 Loss curve in the optic cup training

1.000 [

0.999 | f

0.998 +

0.997 +

0.996

HIHTHES

0.995 |
0.994 |
0.993 |
— Il
0.992 | e GO IE

0 20 40 60 80 100

IR
8 MIBAERmEMELE

Fig. 8 Accuracy curve in the optic disc training
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Fig. 9 Accuracy curve in the optic cup training
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Tab.1 Evaluation metric of optic disc and
cup segmentation
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DICE/% 98.31 93.22
10U/% 97.23 88.53
ACC/% 99.96 99.91
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Tab.2 Comparison of optic disc segmentation

phSLliyiai DICE/%  IOU/%  TolEE]/s
Small scale U-Net"" 90.43 83.50 —

[5]
FCN 95.58 91.88 —
M-Net" 96.78 93.86 —
ARICTT: 98.04 97.13 0.23

R3 AMSEILLBRLER

Tab.3 Comparison of optic cup segmentation

S USLIpIRFS DICE/%  IOU/% Tl [a/s
Small-scale U-Net 85.21 75.15 —
FCN 85.19 75.90 —
M-Net 86.18 77.30 —
A 91.14 85.15 0.27
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Fig. 10 Result of the segmentation of the optic cup in
DRISHTI-GS datasets
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