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RN | #idDF— 2 | LT — &8 | mIoU[%)
EOREERIE e
0 280 519 5,228 49.82
0~10 280 592 5,155 45.14
10~20 280 796 4,951 47.59
20~30 280 870 4,877 44.58
30~40 280 1,052 4,695 44.59
40~50 280 1,377 4,370 42.97
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