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Table 1. nuScenes 1/7 CIOIEAIS AIEEH A& Z1t
Method mAP (%) NDS (%) FPS
Centerpoint
42 .53 54.6 10.77
(pillar-based)
Centerpoint
52.98 61.41 6.09
(voxel—-based)
PillarNet 49.33 58.87 8.27
Ours 49.60 59.52 7.22
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