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Introduction Contributions

Key Challenges of 3D Point Cloud Learning * Propose an alternative protocol to enhance the robustness of

point cloud learning.

 Develop three learning-free techniques as the key of protocol:

point reweighting, local-global balanced sampling, and local-
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geometry-preserved interpolation.

Challenges in Real-World Applications * Extensive experiments are conducted on synthesis and real

Protocol under benign data assumption Real-world Data with Noises
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Limitations of Existing Point Cloud Sampling Protocol

corrupted 3D point cloud datasets.

Method
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* Learning-free and architecture-agnostic, requiring no extra learning
or modification to the network

 Enhance the corrupted data in both training & testing stages

 Re-structure point cloud sampling as two sub-processes: Key points

Original Point Cloud sampling and Full points resampling

Results
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Visualizations
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Jitter Ground Truth

v’ PointSP can provide a significant improvement across various

datasets and corruptions. high
v’ PointSP can effectively enhance not only classification but also
part segmentation.
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