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Abstract : In order to enhance the modeling capability of global features in deep learning-based 3D point cloud classi-
fication models and improve their generalization performance,a point cloud classification model based on the fusion of
graph neural network and attention mechanism is proposed on the basis of PointNet. Firstly, the extracted features are
used to make the model pay more attention to the global context information, suppress the noise information, reduce the
redundant parameters,and enhance the modelling ability of the global features by increasing the channel attention
module and the spatial attention module, respectively. Secondly, different K-values nearest neighbor searches are per-
formed within multiple scales of sphere radius to construct the input features for encoding, which not only reduces the
scale of the graph and training overhead but also enables the model to learn features at different levels. Finally , neigh-
borhood information is aggregated and node features are updated through graph convolutional neural networks. The out-
put features of different graph convolutional neural network layers are summed up to fuse multi-level features and im-
prove classification accuracy. The proposed model is trained and tested on the public dataset ModelNet40 , achieving an

overall classification accuracy of 88. 6 % , which outperforms the commonly used 3DShapeNets, VoxNet, ECC, and
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PointNet models,demonstrating its superiority in point cloud classification.

Keywords :3D point cloud ; attention mechanism ; graph neural network ; multi-scale feature fusion
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Fig. 1 Overall framework diagram of point cloud classification network
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Tab. 1 Detailed model parameters

Type Operation
GCNConv (input_dim,512)
GCNConv(512,128)
GCNConv(128,128)
GCNConv(128,128)

GCN Module

Feature FusionModule Conv (in_dim,out_dim,1) ,BN,ReLLU

FC(512) ,BN,ReLU, Dropout(0. 4)
FC(256) ,BN,ReLU, Dropout(0. 5)
FC(40)

Classifier
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Tab. 2 Point cloud classification results

RZS B IHREE/ T | BRI %
3DShapeNets ! 77.3 84.7
VoxNet! 10! 83.0 85.9
ECcle] 83.2 87.4
PointNet 2! 83.7 87.6
ARSI 86.0 88.6
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Fig. 5 Model classification results
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