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Main contributions: A novel framework is proposed for domain adaptive optic disc and cup segmentation given only a few labeled source data.
The framework alleviates the domain bias issue under the data-scarce setting and includes uniquely designed modules of Searching-based Multi-
style Mechanism, Class-prototype Consistency Mechanism, and Cross-style Self-supervised Learning. In comparison to alternative unsupervised
domain adaptation methods and even fully supervised networks, the model has been trained to reach competitive outcomes.
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Masked pooling technique is used to force the model to focus on the target content of image

Target Dataset 1: RIM-ONE-R3
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Ours 78.16 (0.96) 88.45(0.36) 83.30 (0.66) 9.82 (0.65) 11.78 (0.75) 10.80 (0.70) Segmentation results from some of the comparison experiments and proposed method

Target Dataset 2: Drishti-GS

As presented in figure, the segmentation results of some experiments show that focusing on
content rather than appearance enables the network to better distinguish target objects from
irrelevant backgrounds. The segmentation predictions from several comparison methods are

significantly distracted by the background noise. Additionally, regardless of domain differences,
“““““ the network faces difficulties when attempting to determine the spatial prior knowledge of the
optic disc and optic cup. Our predictions alleviate these issues, have a much clear boundary
CyCADA  78.85(0.80) 92.15(0.52)  85.50(0.66)  15.33(0.30) 12.84(1.85)  14.09(1.08) between the cup and disc, and exhibit much fewer background segmentation error.
AdvEnt 79.17 (0.79) 91.47 (0.47)  85.32(0.63) 15.42(0.85) 15.08 (1.29)  15.25 (1.07)
FDA 83.57 (0.40) 94.13 (0.67) 88.85(0.54) 12.40(0.25)  7.68(0.50)  10.04 (0.38)
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MT 72.82 (1.54) 90.37(0.99) 81.59(1.27) 19.43(0.30) 13.11(1.73) 16.39(1.02) segmentation with denoised pseudo-labeling. In International Conference on Medical Image Computing and Computer-
Assisted Intervention, 2021.
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and Pattern Recognition, pages 2517-2526, 2019.
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