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Fig.2 Optic disc and cup segmentation performances of different deep learning models on ORIGA dataset
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Table 5 Comparison of MloU values for CDR-GANs (ReLU) and CDR-GANs on ORIGA dataset
%5 CDR-GANs(ReLU)5 CDR-GANs B ZE ORIGA il 45 _E (1) MloU {E %} kb

[ MIoU(HL %) MIoU(HLAF) MIoU(E 14)
CDR-GANs(ReLU) 0.954 0.787 0.857
CDR-GANs 0.953 0.787 0.856
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Table 6 Model performance comparison of CDR-GANs (no generator) and CDR-GANs on ORIGA dataset
% 6 CDR-GANSs(no generator)5 CDR-GANs # U 7E ORIGA $¥i4E L ()P REXT Eb

A MIoU(FiLAE) MIoUFLHF) MIoU( i 1£) S
CDR-GANs(no generator) 0.95 0.783 0.852 0.065 2
CDR-GANs 0.953 0.787 0.856 0.063 1
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Table 7 Model performance comparison of CDR-GANSs (less unlabeled data) and CDR-GANs on ORIGA dataset
% 7 CDR-GANs(less unlabeled data)f5 %! 5j CDR-GANs Bi77E ORIGA % £ LI PEREXS LL

B MIoU(RiE) MIoU(RiH) MloU( 14) S
CDR-GANSs(less unlabeled data) 0.954 0.781 0.853 0.068 2
CDR-GANs 0.953 0.787 0.856 0.063 1
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