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4. Deep Learning on Point Sets

PointNet Architecture
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PointNet Architecture
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PointNet Architecture

mean | aero bag cap car char ear guitar knife lamp laptop motor mug pistol rocket skate table
phone board
# shapes 2690 76 55 898 3758 69 T8T 392 1547 451 202 184 283 66 152 5271

Wu [27] - 63.2 - - - 7135 - - - 744 - - - - - - 748

' sl4 | 81.0 784 777 757 876 619 920 854 825 957 T0.6 919 859 531 698 753
794 | 751 728 733 700 872 635 884 796 744 939 587 918 764 512 653 771
83.7 | 834 787 825 749 89.6 T30 915 859 BOE 953 652 930 812 579 728 806

. segmentation results on ShapeNet part dataset. Metric is mloU(%) on points. We compare with two traditional methods | 27 ]
and | 7] and a 3D fully convolutional network baseline proposed by us. Our PointNet method achieved the state-of-the-art in mloU.
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. Armeni, . Sener, A. R. Zamir, H. Jhang, 1. Bnlakis,
M. Fischer, and S. Savarese. 3d semantic parsing of
large-scale indoor spaces. In Proceedings of the IEEE
International Conference on Computer Vision and Pattern
Recognition, 2016. 6, 7
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PointNet Architecture

mean loU | overall accuracy

Ours baseline 20.12 53.19

Ours PointNet 47.71 78.62
Table 3. Results on semantic segmentation in scenes. Metric 15
average loU over 13 classes (structural and furmiture elements plus
clutter) and classification accuracy calculated on points.
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PointNet Architecture
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Figure 5. Three approaches to achieve order invariance. Multi-
layer perceptron (MLP) applied on points consists of 5 hidden
layers with neuron sizes 64.64.64,128,1024, all points share a
single copy of MLP. The MLP close to the output consists of two
layers with sizes 512.256.
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PointNet Architecture
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Figure 5. Three approaches to achieve order invariance. Mulu-
layer perceptron (MLP) applied on points consists of 5 hidden
layers with neuron sizes 64,64,64,128,1024, all points share a
single copy of MLP. The MLP close to the output consists of two
layers with sizes 512,256.
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PointNet Architecture
mean | aero bag cap car char ear guitar knife lamp laptop motor mug pistol rocket skate table
phone board

# shapes 2690 76 55 898 3758 69 T8T 392 1547 451 202 184 283 66 152 5271
Wu | 27| - 63.2 - - - 735 - - - 744 - - - - - - 748
Yi| Y] 8l4 | 81.0 784 777 757 876 619 920 854 825 957 The 919 859 531 698 753
3DCNN | 794 | 75.1 728 733 700 872 635 884 796 T44 939 587 918 764 512 653 77.1
Ours 837 | 834 787 825 749 B9.6 730 915 859 BOE 953 652 930 812 579 728 BO.6

Table 2. Segmentation results on ShapeNet part dataset. Metric is mloU(%) on points. We compare with two traditional methods | 27
and | 7] and a 3D fully convolutional network baseline proposed by us. Our PointNet method achieved the state-of-the-art in mloU.
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mean | aero bag cap car char ear guitar knife lamp laptop motor mug pistol rocket skate table
phone board
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Ours 837 | 834 787 825 749 B9.6 730 915 859 BOE 953 652 930 812 579 728 BO.6

Table 2. Segmentation results on ShapeNet part dataset. Metric is mloU(%) on points. We compare with two traditional methods | 27
and | 7] and a 3D fully convolutional network baseline proposed by us. Our PointNet method achieved the state-of-the-art in mloU.
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