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Abstract: The current point cloud recognition and segmentation algorithms ignore the relation-
ship between positional features and local geometric features of points, resulting in difficulties in
capturing the discriminative local geometric information. To tackle this problem, this paper pro-
poses a 3D point cloud recognition and segmentation algorithm based on positional relation convo-
lution and deep residual neural network. Firstly, the original point cloud is embedded into a high-
dimensional space to obtain its high-dimensional features. Then, the high-dimensional features of
the point cloud are input into the positional relation convolution to realize the information ex-
change between the current point features and the positional geometric features in the local re-
gion. The deep residual module is also used to enhance the extracted deep semantic features. The
high-level contextual semantic features of the point cloud are gradually obtained by repeating the
above steps hierarchically. Finally, the recognition and segmentation results of the point cloud

are obtained through the fully connected layer and the decoder respectively. The experimental re-
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sults show that the recognition accuracy of the algorithm proposed in this paper reaches 93. 9% in

the ModelNet40 point cloud classification dataset, and the average intersection over union reaches

86.0% in the ShapeNet Part point cloud part semantic segmentation dataset. The algorithm in

this paper can extract the critical feature information of 3D point clouds and is capable of 3D point

cloud recognition and segmentation.

Keywords: 3D point cloud; positional relation convolution; residual network; model recognition;

semantic segmentation
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Fig. 1 Convolution on 2D image
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Fig. 7 Model architecture based on positional relation convolution and deep residual network
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Table 2 Comparison of recognition accuracy of different net-

work models on ModelNet40 dataset

http: // zkxb. xjtu. edu. cn

) £4% F55 7 LITPN SRR/ Y
MVCNN-H image 90. 1
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PointNet+ 4% 5000 points—+ normal 91.9
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DensePointH* 1 000 points 93.2
Point ASNL™% 1 000 points 92.9
FPConvt?* 1 000 points 92.5
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Fig. 8 Epoch and overall accuracy of recognition
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Table 3 Comparison of segmentation results of different network models on ShapeNet Part dataset
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Fig. 9 Epoch and mean intersection over union
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Fig. 10 Visualization of segmentation results on ShapeNet Part dataset
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Table 4 Comparison of influence of number of neighbor-hood

points on recognition and segmentation results

k SENEN i W or BB/ 0
16 93.4 85.7
24 93.9 85. 9
32 93.7 86. 0
40 93.4 85. 8

k5 AARELAHKBNEZRANE S EHEN
& vl X kb
Table 5 Comparison of influence of number of BRU on rec-

ognition and segmentation results

FEA TR 2

- RSN (i W Vi ROk N A
0 93.4 85.8
1 93.5 85.9
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