PointASNL: Robust Point Clouds Processing using Nonlocal Neural Networks with Adaptive Sampling
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Problem and Contribution Experiments & Results

Goal: Raw point clouds data inevitably contains outliers or noise through acquisition from | | Inner structure of point nonlocal (PNL) cell and architecture.
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. . w —=— PointNet++
- - - — = ° ° °

module 1n Part (a) and local-nonlocal (L-NL) module 1n Part (b). % o] o RS Visualization results on S3DIS datset.
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e AS module updates group features by using selt-attention within all group members. Then,
it outputs normalized weights for each coordinate axis and features and adaptively shifts
both coordinate and features of the sampled point. Visualized results of AS module. (a) Sampled points via farthest point

e Within L-NL module, there are two cells: point local (PL) cell and point nonlocal (PNL) sampling (FPS). (b) Sampled points ajusted by AS module.
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