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3 ETILOEMENEVWFEEDLLEHER Model: U-Net (Ly))

&1 MBELLE B%EIS: BCE-Dice, ANR T+ XH: 7, 2.5 KyEfk: %)
Model Dice coeff.  False slice FPslice FNslice Size (MB) Time (ms)
U-Net (L1) 0.917 +0.021 1.277 0.920 0.651 4.8 174.8
U-Net (L2) 0.915 +0.020 1.020 0.726 0.611 21.8 208.2
U-Net (L3) 0.912 +0.022 0.989 0.497 0.751 89.4 2413
U-Net (Lg) 0.916 +0.020 0.886 0.551 0.611 359.7 357.0
RU-Net 0.917 +0.021 0.857 0.540 0.666 596.0 498.6
R2U-Net  0.914 0.022 0.969 0.663 0.603 523.7 528.3
AU-Net 0.916 +0.021 0.969 0.637 0.574 365.9 419.5
U-Net++ 0.916 +0.019 0.846 0.454 0.711 405.5 469.5
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