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A method for segmenting thyroid orbitopathy regions via integration of
attention mechanism and dilated convolution
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Abstract: In order to solve the problems of strong subjectivity, heavy workload, inaccurate judgment and large consumption of
medical resources in the graded diagnosis of thyroid eye disease in ophthalmology clinics, a multi—category segmentation method of
Thyroid Associated Ophthalmopathy ( TAO) disease area integrating attention mechanism and cavitary convolution is proposed.
Based on U-Net, a parallel multi-scale dilated convolution module is proposed and introduced to the bottom of downsampling, and
the effective information lost due to downsampling is extracted through different scale receptive fields, so as to improve the feature
extraction ability of the model. In addition, in order to solve the problem that the eye area is small and the distance between the
eyelid and the scleral lesion changes in TAO patients, a fusion attention mechanism module is proposed in the paper to improve the
effectiveness of the model in channel and spatial feature extraction, effectively capture the high—level and low —level semantic
features of the eye image, and improve the segmentation effect between the eyelid and scleral edge. In order to verify the
effectiveness of the proposed method, the similarity coefficient Dice and mean Intersection Union ratio (mloU) of the proposed
method reach 93. 33% and 87.61%, respectively, which realizes the accurate segmentation of the affected area of thyroid eye
disease, and could effectively assist in the graded diagnosis of the severity of thyroid eye disease.
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Fig. 1 Structure diagram of the network model
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Fig. 6 Comparison of the model proposed in this paper with the segmentation results of different networks
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Table 2 Ablation experimental results of different modules of the

model in this paper %
Net module Dice MIloU Ace Recall
U—Net 91.87 86.78 97.34 93. 31
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Fig. 7 Comparison of ablation experimental results of different modules of the model in this paper
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