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Abstract  Aiming at the problems of the co-analysis of multiple 3D models in the function space and the co-
segmentation of the whole model cluster, we propose a co-segmentation method based on point cloud sparse coding.
First, the point cloud feature is extracted and the 3D information is transformed into the feature space. Second, the
dictionary matrix and sparse vectors are constructed after the decomposition of the feature vectors into the base
vectors by the deep learning network. Finally, the test data is represented by dictionary sparseness and the category
of each point in the point cloud model is determined. To get the co-segmentation result, the homogeneous points are
divided into the same region. The experimental results show that the segmentation accuracy on ShapeNet Parts
dataset obtained using the proposed algorithm is 85.7% . Compared to the current mainstream algorithms used for
segmentation, the proposed algorithm can not only compute the relational structure of model clusters more
effectively, but also improve the segmentation accuracy and effect.
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Fig. 1 Structure of co-segmentation network for point cloud sparse coding
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Fig. 3 Segmentation results of point cloud models. (a) Chair; (b) lamp; (c¢) guitar; (d) table; (e) car; (f) plane
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Table 1 Segmentation accuracy of each algorithm

Algorithm mloU ploU /%
PointNet™* 80. 4 83.6
Tags2Parts™*" 79.5 83.1
PointNet+ -7 81.9 85.1
Qurs 80. 6 85.7
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Table 3 ploU of atomic index and label on each model

Method Airplane Bag Cap Car Chair Earphone Guitar Knife

Label 81.9 72.3 77.8 76.7 88.4 76.6 91.1 85.4

Atomic index 80. 4 56.1 62.6 75.8 87.8 61.9 91.1 84.5
Method Lamp Laptop Motorbike Mug Pistol Rocket Skateboard Table

Label 7.7 95.5 65.0 91.4 80. 6 58.9 80.1 89.8

Atomic index 41.1 94. 6 63.2 90. 3 80.4 50. 3 76.5 78.0
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Table 4 Segmentation time of each algorithm

Algorithm Time /ms
PointNet"* 25.3
Tags2Parts ! 71.4
PointNet+ + " 163.2
Ours 40.7
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