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Volumetric (%) 1 Topology | Distance |
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UNet Lce 80.73+1.77 87.94.13 30 79.66+4.00 96.7410 28 88.57419.44 1.20940.342 0.883+0.135 6.86+0.56
Transunet LcE 80.56+2. 14 87.1413 82 79.0245.05 96.7510.32 88.0212.79 1.21040.309 0.84410.157 6.8310.52
CS2-Net Low 77534000  82.551410 TA884527 96461036 84.73108s | 1.39140.55  0.90640 177 | 6.9040.4s
DCU-net Lo 80.8341.00 87731560 80191480 96771031 88451067 | 1.10440507 0.81740 166 | 6.8440s5s
DSCNet(ours) Lce 81.854+1.74 88.93+3.36 81.1644.54 96.9140.08 89.381 5 54 1.094 10 301 0.780+0.162 6.681+0.49
DRIVE UNet Lrc(ours) | 80934107 88.001341 80281441 96.781030 88.6312.56 | 111720286 079740151 | 6.8840.53
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UNet Lwrc 80.8911.95 87.8513.55 80.034a75 96.7810.20 88.531264 | 114410330 0.81410.176 | 6.7910.47
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