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An efficient point cloud classification method based on
ConvMixer architecture

WANG Chun, ZHAO Yanming', FENG Yan
(School of Information and Communication Engineering, Communication University of China,
Beijing 100024, China)

Abstract: In recent years, Vision Transformers (ViTs) show potential superiority on 3D computer vision tasks,
including point cloud classification, but the provenance of their effectiveness remains ambiguous. It is highly
essential to investigate whether their performance in vision tasks is entirely due to the superiority of the structure
itself, or at least partially benefits from the use of local patches as input representations. Motivated by this, in this
paper PointConvMixer was proposed, a simple but still effective point cloud classification and segmentation
model, replacing the standard Transformer in Point-BERT with the ConvMixer architecture. The overall
classification accuracy of PointConvMixer on the ModelNet40 dataset reaches 92.3%, and the mIOUI and mIOUC
for point cloud segmentation on the ShapeNet Parts dataset are 85.4% and 83.9% respectively, both of which
outperform the compared Transformer-Based networks. In addition, PPFConvMixer was further introduced, which
augmented PointConvMixer with an efficient local feature descriptor Point Pair Feature (PPF) to optimize the
point cloud classification performance. Our method has shown promising results for point cloud analysis despite
its simplicity. The overall classification accuracy of PPFConvMixer achieves 93.8% at a query radius of 0.25m.
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