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[ Abstract] Objective To develop a deep learning-based automated analysis system for precise segmentation
of the optic cup and disc in fundus images and automatic measurement of the vertical cup-to-disc ratio (CDR) for
early risk assessment and screening of chronic glaucoma. Methods The proposed automated system comprised three
modules:a dual coding-attention U-net ( DCoAtUNet) segmentation network for optic cup and disc segmentation, a
conditional random field (CRF) post-processing module,and a CDR measurement and glaucoma screening module based
on the segmentation results. The system was designed to enhance boundary detection accuracy and measurement stability
and its performance was evaluated on the publicly available Drishti-GS dataset. The dataset was divided into a training
set and a test set in a 1:1 ratio. Dice coefficient and intersection over union (IoU) were used to quantify segmentation
accuracy and regional consistency, while accaracy, precision, recall, and Fl-score were employed to assess glaucoma
screening performance. Results The DCoAtUNet combined with CRF post-processing achieved Dice coefficients of
0.976 0 for the optic disc and 0.908 1 for the optic cup,with corresponding loU values of 0.953 4 and 0.837 9,
demonstrating high segmentation precision and stability in boundary identification and region overlap. In glaucoma

screening, the system achieved an accuracy of 0.843 1, precision of 0.840 9, recall of 0.973 7, and Fl-score of
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0.902 4, indicating good diagnostic sensitivity and accuracy. Conclusions By integrating high-precision
segmentation and automated measurement strategies,,the DCoAtUNet+CRF model significantly improves the accuracy

and stability of CDR evaluation. It effectively assists in identifying high-risk individuals during early glaucoma

screening and shows strong potential for clinical application in computer-aided diagnosis workflows.
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Figure 2 CoAtUNet model architecture
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C; and C, represented the number of input and output

channels, respectively, while H and W denoted the height and width of the input feature map,

respectively
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Figure 5 In the CoAtUNet
segmentation results, a noticeable shape anomaly appeared in the lower right corner, while the
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Optic disc segmentation results across different models

segmentation boundaries for DCoAtUNet and DCoAtUNet + CRF were regular
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Figure 6
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exhibited relatively coarse segmentation when handling complex optic cup boundaries, while
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convolutional attention network ; DCoAtUNet:dual CoAtUNet; CRF ; conditional random field

Segmentation results of the optical cup by different models

DCoAtUNet and DCoAtUNet + CRF demonstrated significantly improvement
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Table 2 Performance comparison of optic cup and disc segmentation
among different models

o Dice & A o PENTE P
T W AR P PR A BUAR

U-Net 0.970 0 0.888 7 0.975 8 0.908 9 0.965 2 0.890 2
Resnet34+U-Net 0.970 6 0.889 3 0.977 0 0.901 2 0.965 3 0.900 6
Resnet50+U-Net 0.964 3 0.893 8 0.973 6 0.903 7 0.957 0 0.903 4
EfficientNet+U-Net 0.962 7 0.892 2 0.962 3 0.903 4 0.965 3 0.905 8
U-Net++ 0.966 8 0.890 7 0.975 3 0.879 8 0.959 8 0.929 7
PSPNet 0.965 9 0.887 2 0.968 5 0.889 6 0.964 6 0.910 5
DCoAtUNet 0.974 8 0.907 1 0.974 4 0.899 2 0.971 8 0.928 7
DCoAtUNet+CRF 0.976 0 0.908 1 0.979 6 0.903 5 0.973 0 0.930 3

¥ : DCoAtUNet : (LT 45 1)~ 8 % BUE 1 41 W% ; CRF : 4 (4 Bl 7

Note ; DCoAtUNet:dual convolutional attention network ; CRF ; conditional random field
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Figure 7 Optic disc segmentation error of each model The white regions indicated the
difference between the model segmentation of the optic disc area and the ground truth
annotations. All models exhibited noticeable error zones in the lower-right corner of the optic
disc, with DCoAtUNet + CRF showing the smallest error distribution DCoAtUNet: dual
convolutional attention network ; CRF ; conditional random field
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Figure 8 Segmentation error in the cup region for each model
indicated the difference between the model segmentation of the fundus cup area and the ground
truth annotations. Compared to other models, the DCoAtUNet+CRF model exhibited the smallest

DCoAtUNet: dual convolutional attention network ; CRF ; conditional

The white regions

error in the left region
random field

BIE S 0.6 B, 457U 54505 3k 5 0. 97,
FRPE R 053 05 BIE R & E 0.7 )5,
R THRE 0.9, B2 i T
0. 73; 4k 34 KB 2 0. 8 I, RAHUE %
5 0. 58, FHL R S R4 = 2 0. 92 (&
9A) ., CDR BfH7E & (0~1,4 K
0.01) LIS, bl % 1 1) $2 i, R B
PR BB R R R W L
(E9B),

3 itig

ARG PR I TR A S
FEHR i A 7R G A8 AL 35 AR 43 ) LA K
T F CDR JFEAT 55 b R 90 3 40 5= 09
e Wik — 20 5k iy 48 A B 1Y) A Rk
AHFFTH DCoAtUNet+CRF A5 1l 5 i 4R
LR Z B F A5 AR o H 7
BT RGN (£ 3) o FrA XSk
BIAE AR [R] 22 T £ 46 46 Drishti-GS %46 4
AT IR AN P4 2 bR B B Y
CIN:RE RS VKN

5 B AR W 5T b B 42 07 v kAT
XFEC, 7] LB # DCoAtUNet+ CRF 7 4%
Ve RE e B O e, A R AR
Dice Z %4335 %] 0.976 0 F10.908 1,
B0 T B SCHR o e 18 Y 45 %, 31X U
JIT 5 ) 0L TR S i T 45 R BE 8 AR
G A6 A A TR ALE AR AE KGR g
RIS 2 )2 ) e BT UFE &,
TE 01 A0 R0 25 0 &2 % DX B OR 5 8
Mo EE e, 51 A CRF 1Y J5 4k P
itk — 25 4l Ak 43 F0 25 J 0 3 S0 2L 1
LR SE R PR > TR HI S, R
J& 2 CDR K58 1155 355 I8 Sk filf

TE 77 OGHR 5 £ 75 i, A I 5% 2 7 40
#aE R e CDR g 3h kit 58, JF L
CDR>0. 6 14 7 IR = KBS #4022 b
5 Pawar 27 4 3T CNN, 2 Ik
%R 0. 837 8 1) [ 2 i £ B 7 AH L,
ENTERSBUR ) e AR R IR =R
BoWiE iR T+ £ 0.8409,. 58 A
FET AR 5 A 4 ) 0 DG IR 2 W 7
B, AR M RE R B B E
B 3k BL 25 I 5 o3 R W, AR 5 s AR HE



Chin J Exp Ophthalmol, November 2025, Vol. 43 ,No. 11

. 1014 - AR SR IR B 2% 2025 4F 11 55 43 55 11 ]
10 RS 10
R Atk 097
[ {F0.7 FEsttE: 053
AE: 092
0.8 iRtk 073 0.8{
06{ !AE{HO.8 0.61
s = AR 058 &
# et 092 &
= g
04 04
— ROCHhER
(AUC=0920) |
04 BliLA 024
* {06
0.7
« B{i0.8
00 02 04 06 038 0 00 02 0.4 0% 108 10
LR @ LI E @
B9 HXRZHK ROC ML RBIENSEUIHE A HFLIRZH ROC IIL B:H

A3 HrE ROC: 2k TARFRIE ; AUC: il £ 1 77
Figure 9 ROC curve and dynamic threshold analysis chart for glaucoma diagnosis
A:ROC curve for glaucoma diagnosis  B: Dynamic change analysis diagram of diagnostic

threshold  ROC :receiver operating characteristic ; AUC ; area under curve
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Table 3 Performance comparison between the method proposed in
this study and existing methods
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AEfy li=o ISR T vk
A% AR
2021 Imtiaz %52 FE T Sy EI i ik 0.948 6 0.860 1
Pachade (2] NENet 0.963 2 0.840 1
Luo 4% BGA-Net 0.975 0 0.898 0
Zhao %124 TAU 0.963 8 0.879 3
2022 Sun %% GNAS-U2 0.969 5 0.876 9
Liu %120 ECSD-Net 0.965 0 0.876 0
Jiang 25127 RSAP-Net 0.954 7 0.859 3
Liu %12 GlauNet 0.970 1 0.8959
2023 Sun 2] ResFPN-Net 0.9759 0.896 1
Tadisetty 225300 HR ALY U-Net 3 51 3 9 45 0.943 0 0.889 0
Chen 213" RDR-Net 0.971 2 0.893 4
Jiang 2513 BEAC-Net 0.861 4 0. 808 7
2024 Chen %3] MBG-Net 0.974 0 0.900 0
Yu 4034 LC-MANet 0.972 3 0.903 4
Liu %1% 8 0 A O B ) 45 0.964 0 0.853 0
Li 4 3¢] DDF-UDA 0.969 0 0.893 0
2025 ARHFEE DCoAtUNet+CRF 0.976 0 0.908 1

1 : DCoAtUNet ;: BT 4 it %5 FRIH 32 )1 M 45 5 CRF : 2% (Bt 137

Note ; DCoAtUNet ; dual convolutional attention network ; CRF ; conditional random field
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