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Point Cloud Classification Method Based on
Graph Convolution and Multilayer Feature Fusion

Tian Sheng', Long Anyang
School of Civil and Transportation, South China University of Technology, Guangzhou 510641, Guangdong, China

Abstract A point cloud classification method based on graph convolution and multilayer feature fusion is proposed to
solve the problem that the existing deep learning point cloud classification methods are insufficient for local feature mining
and to improve the quality of feature fusion at different levels. First, the K-neighborhood graph is constructed, the
improved edge function is used to extract more fine-grained edge features, and the aggregation method based on attention
mechanism is used to obtain more representative local features. Next, the multilayer feature fusion module adjusts the
channel weight of the intermediate features, introduces residual connection to fuse the features of different levels, and
deepens the information transmission between the network layers. The experimental results using the standard public
dataset ModelNet40 show that the proposed method exhibits better classification performance than other point cloud
classification methods. The proposed method is robust and has an overall classification accuracy of 93. 2%.
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Fig. 1 Point cloud classification network structure
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Table 1 Comparison of classification results on

ModelNet40 dataset
Method Input OA /% mAcc /%
MVCNN"™ Multiview 90. 1
VoxNet!”! Voxel 85.9
PointNet'"" Points 89.2 86.2
PointNet+ +""* Points+Normal 91.9
SO-Net' Points+Normal 90.9 87.3
DGCNN" Points 91.2 88.8
LDGCNN"™ Points 92.9 90.3
Proposed method Points 93.2 90.4
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Table 2 Influence of neighborhood selection method on

classification accuracy unit: %
Method OA mAcc
ball query(r=0.1) 92.5 89.9
ball query(r=0.2) 92.9 90.6
ball query(r=0. 3) 92.6 90. 1
KNN(K=20) 93.2 90.4
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Table 3 Comparison of ablation experiment results unit: %
Model OA mAcc
A': original edge function + maxpooling 91.4 89.0
B: improved edge function + maxpooling 91.7 89.2
C: improved edge function + attentive pooling 92.3 89.7
D: improved edge function + attentive pooling + MFF 93.2 90. 4
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