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Application of deep learning in 3D point cloud classification
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Abstract: With the rapid development of 3D perception technology, point cloud data is widely applied in various fields such as 3D object
recognition and scene understanding. Designing and optimizing efficient point cloud processing networks become a research hotspot and a
technical challenge. To address the limitations of the traditional PointNet++ model—specifically its insufficient local feature extraction
capabilities and inadequate feature fusion, which restrict point cloud classification accuracy, this paper proposes an improved PointNet++
model. By introducing the KAN model, this approach enhances local feature extraction and fusion capabilities, thereby improving
classification performance. The KAN model replaces the traditional linear weight structure with spline univariate functions, overcoming the
inherent limitations of multi-layer perceptrons. It strengthens the network’s ability to capture fine-grained local features in point clouds and
fuse multi-scale features, while simultaneously improving model interpretability and feature representation accuracy. Experiments are
conducted using the ModelNetl0 dataset to compare classification performance. The results demonstrate that the improved model
incorporating the KAN architecture can effectively extract deep local features from point clouds, achieving a significant increase in
classification accuracy compared to the original model. The study’s conclusions confirm that KAN can effectively optimize the feature
extraction mechanism of PointNet++, significantly enhancing the model’s ability to represent point cloud data. This provides an efficient and
feasible network improvement scheme for 3D point cloud classification tasks and offers a reference framework for the optimization of future
point cloud deep learning models.
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Fig. 1 Block diagram of a point cloud classification network
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Fig. 4 Classification accuracy of different models
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