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IoU
Efficient-Net 49.47%
ResNet 49.42%
Swin-Transformer 50.12

% 1. A-to]g 85 Intersection Over Union A% &

IoU
A to B(Ground-Truth) 50.05%
A to B(Pseudo) 49.61%
B(Ground-Truth) 49.28%
B(Pseudo_EfficientNetV2) 48.97%
B(Pseudo_ResNet) 49.07%
B(Pseudo_Swin) 49.15%
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