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Abstract

coordinates of the point cloud as a direct input, however, the classification of irregular shape objects is a challenge. In this

In deep learning-based point-cloud semantic classification, PointNet considers the three-dimensional

study, we propose a semantic segmentation network considering the normals of point cloud by adding a normal estimation
module on PointNet. We estimate the normals using a principal component analysis method. Compared with the original
model, the overall accuracy, mean per-class accuracy, and mean per-class intersection-over-union of the improved model
are improved by 2.3 percentage points, 7.1 percentage points, and 3.9 percentage points respectively. Among the 13
semantic classes, the classification accuracy for 10 classes is improved, of which the classification accuracy of sofa and
column is improved by 45.6 percentage points and 42.2 percentage points, respectively, and the mean per-class
intersection-over-union is improved by 19. 8 percentage points and 25. 0 percentage points, respectively. Results show that
the semantic segmentation network considering normals can improve the overall performance of the network to a certain
extent and can significantly improve the classification effect of sofa and column.

Key words image processing; point cloud; deep learning; semantic segmentation; normals; principal component analysis
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Table 1 Results of semantic segmentation on S3DIS unit: %
Model OA MA mloU
PointNet 82.9 67.4 57.1
PPCAN 85.2 74.5 61.0
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Table 2 Comparison of accuracy among 13 classes unit: %
Model Ceiling Floor Wall Beam Column Window Door Table Chair Sofa Bookcase Board Clutter
PointNet 96. 1 98.5 89.2 55.8 23.5 65.8 90.6 76.6 66.4 20.1 64.1 65.3 64.1
PPCAN 97.8 97.7 87.3 71.1 65.7 86.3 83.6 79.4 67.4 65.7 70.2 27.4 70.0
3 13RI ToU H Ak
Table 3 Comparison of IoU among 13 classes unit: %
Model Ceiling Floor Wall Beam Column Window Door Table Chair Sofa Bookcase Board Clutter
PointNet 91.6 96.0 69.1 47.5 22.4 61.2 70.0 64.0 55.9 10.3 48.9 55.3 50.7
PPCAN 93.9 97.0 73.7 62.8 47. 4 57.3 69.5 67.5 58.2 30.1 53.2 26.6 55.3

B4 HORP 280 R 18 L (a) PointNet; (b) PPCAN; (¢) EL52 2 b
Fig. 4 Semantic segmentation results of column. (a) PointNet; (b) PPCAN; (¢) ground truth
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Semantic segmentation results of sofa. (a) PointNet; (b) PPCAN; (c) ground truth
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Fig. 7 Semantic segmentation results of board. (a) PointNet; (h) PPCAN; (c) ground truth
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