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detection. In Proceedings of the /EEE international conference on computer vision (pp. 2980-2988).
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RGBD_cat Resnet50 v 0.5821 0.4421 0.2723 0.4439
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Liu et al.[#9] 0.703 0.517 0.412
LSTM-CF43] - - 0.494
3D Graphb2! - 0.557 0.431
D-CNNI83] - 0.563 0.439
Cheng et al.[50] 0.719 0.600 0.459
Lin et al.[86] - - 0.477
RDFNetl46] 0.760 0.628 0.501
Propose Networks 0.7529 0.6723 0.5013
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