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Abstract: Glaucoma which is one of the main causes of blindness is a multiple fundus disease. Considering that fundus
images come from a wide range of sources and vary in quality, and that the optic disc region has multi-scale nature,
contextual information is beneficial to accurately segmenting the multi-scale optic disc. Based on U-Net, an improved optic
disc segmentation model is proposed by combining contextual information and convolutional block attention module
(CBAM). The backbone network (ResNet34) is improved by attention mechanism and instance-batch normalization module
for enhancing the generalization of segmentation model and the ability to extract image channel features. A multi-level
context extraction (MCE) module is proposed for processing the features output from the backbone network and enhancing
the ability of the segmentation model to extract the edge features the optic disc. The extraction of the multi-scale features of
the optic disc and image channel features is further improved by replacing skip connections and up-sampling with
Transformer mechanism. The optic disc segmentation performance of the proposed model is compared with different
segmentation models, such as U-Net, U-Net++, DeeplabV3+, FCN and PSPNet. The results show that the proposed
segmentation model has better optic disc segmentation results, and achieves Dice, MIoU, MPA and FPS of 98.18%, 96.45%,
98.11% and 17.56 Img/s respectively. The study can provide technical support for the early diagnosis of glaucoma.
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Figure 1 Improved optic disc segmentation model
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Figure 3 Comparison between BN and IBN modules
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Figure 6 Optic disc segmentation results of different segmentation methods

#3 FREISTEREMERERTEE

Table 3 Performance comparison among different methods

A Dice/% MIoU/% MPA/% FPS/Img*s’
U-Net 93.33 8326  88.13 9.67
U-Net++ 97.12 95.81 97.85 9.77
DeeplabV3+  93.44 9220  95.11 13.61
FCN 81.22 7421 94.32 6.72
PSPNet 96.71 9349  96.03 14.21
AR 98.18 96.45 98.11 17.56
3 5RIE

T OGHRAE g — i DL B 1 1 AR e , G 3
it A5 1512 W B TRy 5 58 5 0 R4 B 2
SCo A N TR BEBOAR I T T35 G R U 205 FER 2 W
IR A BRI BN . X T 2 05 A R
BIE AL G RN AL B D S PR AR S HURE ) 22 , 35 LR
ML DX IAT A 22 RO PR ELA [ E 3 P AR ik 22

SR AR SR T U-Net S84 T —Fh 45 & LR UE
SR 5 ML ) A0 4% 43 E B Y . 7 ResNet34 £+
M4 A IBN 5 CBAM #3 , fif i Ry btk 22 5
T A A I R BB ] A5 R H MCE BB b B 3+ R 2%
fan R B IS 3 AR A AR DD 2 B8 1 [ I
AT ZJZREE LR SUE R B T BT L A
SRFAEPEIUBE ) 5 BRER 2 5 bR FE O R
Transformer LI , $& TR X 2 RO 1 F SCRRE £
TBURE 7 [7) B 34 58 % 380 30 AR AE S IR ), e e S B4
o PR A 3 RIRG BE R8O

3 2 7 S B DA RO B S, R AR SCHR
PR A AT AR ELAT T3y 1) 43 RS B R A Bk B,
Dice ., MIoU, MPA #il FPS 43 %I 7 98.18%. 96.45% .
98.11% H117.56 Img/s. LRIy fb M SC g0 IE B A SCHR
R RLTE 3 MR e br LR IE R BRSE . Dk
SR BE R R WA SCRIL LR A e bRl L H A A B
— BT T AR BB RCR A B T — 2D 4
i OGIR T HLA B2 Wk



1 s - 53 -
100-‘\\\ 100 100
—
LT M R v S, 91—
— s i . 1\ s
90 . 1 90 \,,/,: =
° £ 851 X 2
S S =
(=} v
= = 80-\ " =
754 el /c\.\.,/. 754 —o cen .",
704+ v \, 70| soriiee
65 S e % 4 ::;..
65+
NS A\ S e N N \Y N o) N
RSN Sy o NSy N0 (W QO o X o
?\Q\X?&%‘)(\Q‘é\ \\eﬂ% \G \yk w Y\?v \\b‘z\\\\e&\% 0‘,\\(;?* R \3‘?{5@ ‘\q\é \\e\;\% ?\\Gh \N\
\ AN

a:Dice IEFRXTEEL

b:MIoU $EFR3TEL

c:MPA F5#RXTEE

7 HEEUZ LIRS R

Figure 7 Model generalization verification results
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