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A Transformer-based classification and segmentation approach for
classifying and segmenting road field attraction clouds

MA Qing-lu' ,SUN Xiao' ,HUANG Xiao-xiao' , WANG Jiang-hua’
(1. School of Traffic and Transportation, Chongqing Jiaotong University , Chongqing 400074 , China;
2. Chongqing Fengjian Expressway Co. LTD, Chongqing 401120, China)

Abstract: To address the problem of low accuracy of point cloud classification and segmentation in the process of
multi-target recognition,a point cloud classification and segmentation method DRPT( Double randomness Point Trans-
former) based on the improved Transformer model is proposed in this paper. The approach creates new point embed-
dings in the convolutional projection layer of the Transformer model and uses local dynamic processing of local neigh-
borhoods to continuously add global feature attributes in the data feature vector,thus improving the accuracy of point
cloud classification and segmentation in multi-target recognition. Standard benchmark datasets ( ModelNet40 , ShapeNet
partial segmentation and SemanticKITTI scene semantic segmentation datasets) are used in the experiments to validate
the performance of the model. The experimental results show that the ploU value of the DRPT model is 85.9 % ,which
is 3.5 % higher than other models on average,and effectively improves the accuracy of point cloud classification and
segmentation during multi-target recognition detection,which is an effective support for the development of intelligent
network technology.
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Tab. 1 Progress comparison of ModelNet40

Method Class Accuracy/ % Instance Accuracy/%
3D ShapeNets 77.3 84.7
VoxNet 83.0 85.9
PointNet 86.0 89.2
PointNet ++ / 90.7
DGCNN 90.2 92.2
PointTransformer 90. 6 93.7
DRPT 90. 6 93.9
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Tab. 2 ShapeNet Part segmentation comparison

Method air-plane/% Motor/ % Car/% mloU/%
Kd-Net 80. 1 57.4 70.3 82.3
PointNet ++ 82.4 71.6 71.3 85.1
PointNet 83.4 65.2 74.9 83.7
DGCNN 84.0 66.3 77.8 85.1
PCT 85.0 64.6 81.2 86. 4
PT 85.3 65.3 82.1 86. 6
DRPT 85.2 75.6 85.8 87.0
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55 B ZRA ], e 2838 i X B AL ShapeNet %45 4
AR N 4 R
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(d) KEDRPTZ ]
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Fig. 4 DRPT segmentation results on ShapeNet
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Fig. 5 SemanticKITTI segmentation diagram
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¥ IR 7 $2 1 A9 2% A ploU ( Point Intersection over
Union) Y NP8 ARFEAT SE 5K, ploU J2& /il il X
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ST AR % 1 52 46 5 T R 1Y LU (B, (45 58 A 1T
e 1T 23 DG TC A A AR (e g 1 3R A B Ak B
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Tab. 3 Semantickitti precision comparison

Method ploU/ % Pole/% | Bicyvle/% Car/ % Road/% | Person/% | Truck/% | Motor/% | Building/% | Traffic sign/%
PointNet 80.4 83.4 78.7 74.9 89.6 73.0 91.5 65.2 81.2 80.6
Voxel RCNN 81.9 80.1 79.0 77.3 90. 8 71.8 91.0 71.6 81.3 82.6
VoxelNet 82.4 81.6 74.6 70.3 88.6 73.5 90. 2 57.4 78. 1 80.3
PointNet + 82.7 83.1 76.7 73.8 89.1 67.6 90. 6 64.4 79.7 80.6
PointTransformer 84.6 85.5 81.7 75.2 90.2 74.9 93.0 66.7 81.6 82.1
DRPT 85.9 84.0 86.4 78.2 90. 4 69.3 91.4 66.0 81.8 82.2
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