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0+ Tab). Uniform sampling results across all benchmarks, where the range view
<~ car <l trunk is based on FidNet and the voxel grid representation is based on Cylinder3D.
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Methodology
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4+ Clustering hypothesis: the data share same semantic
meaning in various forms should be clustered together.

I. Range view suffers from the information loss.

Visualisation

Ab la'l' | on S 'I'Ud | esS Fig). Error maps visualised from LiDAR points (top) and range view (bottom).

II. Voxel grids exhibit reduced accuracy in distant dense areas. The correct predictions are in green and the mistakes are highlighted in red.
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