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Abstract: Existing fundus choroidal-layer segmentation models are typically trained on conventional opti-
cal coherence tomography (OCT) images and are therefore prone to artifacts and boundary oscillations
when applied to ultra-widefield OCT images. Inadequate edge-feature extraction and limited global model-
ing capability further constrain segmentation accuracy in ultra-widefield OCT imaging. To address these

limitations, a multi-scale edge-enhanced METransUNet model for choroidal-layer segmentation in ultra-
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widefield OCT fundus images is developed based on TransUNet. An Edge Enhancement Module (EEM )
is incorporated into the skip connections to strengthen edge and texture representations in ultra-widefield
OCT feature maps. In addition, an Attention Integration Module (AIM) is embedded in the decoder to fa-
cilitate the effective integration of multi-scale features. Experiments conducted on the self-built D-choroid
dataset demonstrate that METransUNet achieves an accuracy of 0. 993 0, a Dice coefficient of 0. 911 4,
and an intersection-over-union value of 0. 837 2. These results indicate that the proposed model provides
effective technical support for intelligent auxiliary diagnosis of choroidal diseases using ultra-widefield
OCT. Furthermore, an integrated ultra-widefield OCT image-analysis system encompassing data acquisi-
tion, inference, and result output is established, and an engineering architecture is designed to facilitate
clinical deployment.

Key words: optical coherent tomography; image segmentation; ultra-widefield; choroidal layer segmen-

tation; TransUNet; edge enhancement; multi-scale feature fusion
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Tab.1 Experimental environment configuration

Environment Environment configuration
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Frameworks PyTorchl. 8.0
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Tab.2 Results of ablation experiment
Method EEM AIM ACC Dice 10U

TransUNet 0.9782 0.8354 0.717 3
A N/ 0.9854 0.9036 0.8241

B < 0.9891 0.8970 0.8133

C N, v 0.9930 0.9114 0.8372

FG RS 25 0 FR AL, 1 — 20 4 w5 o B HEf 3

3.4 XtLbxE

T R B A K 2% B A FI LR )T A
OCT % 48 4 35 Mo &, B 3% 9 3 4y 1) 42 AU 7
GOALS-2022 %4 % 5 D-choroid %4 % I 43 %l
HEAT SEI T 1L, 45 S 4 3 TR .
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Tab.3 Comparative experimental results of different segmentation methods on different datasets
Method Dataset ACC Dice 10U
UN GOALS-2022 0.984 6 0.905 2 0.8269
et
D-choroid 0.962 4 0.7857 0.647 1
) GOALS-2022 0.986 3 0.9128 0.8396
Attention U-Net )
D-choroid 0.964 2 0.7939 0.658 2
GOALS-2022 0.987 2 0.9210 0.8535
UNet+ + i
D-choroid 0.967 3 0.804 8 0.673 3
) GOALS-2022 0.9920 0.926 5 0.8630
Swin-Unet .
D-choroid 0.9721 0.8318 0.7121
GOALS-2022 0.994 0 0.9293 0.8680
TransUNet
D-choroid 0.978 2 0.8354 0.717 3

i 2 3 Al 41, UNet, Attention U-Net, Swin-
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Tab.4 Comparison experiment results of different seg-

mentation models on D-choroid dataset

Method ACC Dice 10U
UNet 0.962 4 0.7857  0.6471
Attention U-Net 0.964 2 0.7939  0.658 2
UNet+ + 0.967 3 0.8048  0.6733
Swin-Unet 0.9721 0.8318 0.7121
TransUNet 0.978 2 0.8354  0.717 3
METransUNet 0.9930 0.9114 0.8372
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Tab.5 Results of generalization comparison experiment

Dataset Methods ACC Dice 10U
D-choroid TransUNet 0.978 2 0.8354 0.717 3
D-choroid METransUNet 0.9930 0.9114 0.837 2

Replaced D-choroid METransUNet 0.9917 0.892 2 0.805 4
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Fig.9 Visualization results
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