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Table 2 The performance comparison results of the
three algorithms
X 2 4 K ¥ mloU Dice SE
U-Net 7820000  0.874 0.952 0.942
MultiResUNet 7230000  0.894 0.961 0.954
Oct-MRU-Net 7180000  0.911 0.974 0.975
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