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Research on corneal ulcer segmentation method based on deep learning
JIANG Yubin, ZHANG Qiang

(School of Information and Electrical Engineering, Hebei University of Engineering, Handan 056038, Hebei , China)

Abstract: Corneal ulcers are the most common symptom of corneal disease, which can cause irreversible visual impairment or
blindness. The pathological morphology of different corneal ulcers is quite different, and there is a lack of sufficient slit lamp images
with real labels, and a network model combining semi-supervised learning with improved Swin—UNet is proposed for automatic
semantic segmentation of corneal ulcer lesions. Firstly, the fifth —layer network structure of ResNeXt50 is introduced in the
bottleneck of the Swin—UNet network model, and the improved network model is trained using the semi—supervised learning method
of cross—teaching CNN and Transformer. Comparing the method with the previous segmentation method, the experimental results
show that the proposed method can further improve the overall semantic segmentation accuracy of the viewing angle membrane
ulcer.
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Fig. 1 Comparison of three types of corneal ulcers
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Fig. 4 Improved Swin—UNet network model
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