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Abstract

Recently, there has been significant progress in developing deep learning models for 3-dimensional data, which
achieve high accuracy in semantic segmentation and classification in the fields of medical, autonomous driving, and
image processing. Point cloud representation is most widely used to express 3-dimensional objects; however, applying
convolution to continuous point clouds requires regularization through voxelization. In this study, we propose
voxel-grid layers and a Weighted Sparse Convolutional Network(WSCN) model to perform voxelization while
preserving the original point cloud data. This model -effectively captures local spatial information through the
convolution of weighted grids. Experiments were conducted to evaluate the segmentation accuracy using a benchmark
dataset, and the results demonstrate that the WSCN model outperforms previous models.
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Table 2. Comparison of mloU values of semantic segmentation models for each class

method celling | floor | wall | beam | column | window | door | table | chair | sofa | bookcase | board | clutter
PointNet 888 | 973 | 698 | 0.1 39 46.3 108 | 590 | 526 | 59 40.3 264 | 332
PointCNN Q3 | 982 | 74| 00 176 28 | 621 | 744 | 806 | 31.7 66.7 62.1 | 56.7
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WSCN 92 | 973 | 819 | 0.1 235 60.1 604 | 899 | 785 | 738 749 700 | 522
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Fig. 2. Training and validation performance changes with increasing epochs of the WSCN model
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Fig. 3. Visualization of the S3DIS original data and the semantic segmentation results by the WSCN model
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