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Point cloud rotation invariant network based on ellipsoid fitting

Li Shuyu Zhang Xudong Sun Rui Fan Zhiguo

(School of Computer and Information, Hefei University of Technology, Hefei 230601, China)

Abstract: Point clouds have unique advantages due to its rich geometric information in computer vision field. Most of the existing point
cloud classification and segmentation methods based on deep learning can identify the objects with canonical orientations. In real
applications, there are problems of rotation transformation. In this paper, we propose a lightweight framework EFRI-N, namely, rotation
invariant network of point cloud based on ellipsoid fitting, focusing on pointset rotation problems. We design a pre-network module to
extract the rotation-invariant features. The ellipsoid fitting algorithm is used to identify the direction of the point clouds and obtain the
rotation-invariant coordinate. Then the original features are mapped to the coordinate, and the rotation-invariant features were obtained
by encoding the spatial and angular information. In order to obtain richer geometric information, multi-level feature connection is added
to the network to enhance feature propagation and reuse. The classification and segmentation experiments are carried out by using the
famous public datasets ModelNet40 and ShapeNet Parts. The results show that this method demonstrates better performance than state-of-
the-art methods in the task of processing rotating point cloud, and the network is improved by 1% ~62. 63%. Moreover, the computation
amount and the number of parameters of the network have an order of magnitude advantage. It can meet the requirements of rotation
invariance of point cloud in single object scenario and has good application value.
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Fig.2 The process of rotation invariant feature extraction
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Fig.3 Rotation invariant classification and segmentation network
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Table 1 Classification results on ModelNet40 dataset
kS A NR/NR NR/AR
PointNet 88. 45 12. 47
PointNet++ 89. 82 21.35

Kd-Network 86.20 8.49

Point
Spherical CNN 81.73 55.62
(%,y,2)

SO-Net 93. 64 9. 64
PRIN 80. 13 69. 85
Ours 86. 13 71. 12
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Table 2 Statistics result of FLOPs and parameter

Wik FLOPs SR

PointNet 4.4x10% 3.5x10°

PointNet++ 1.6x10° 1.7x10°
KD-Networks >10° >107

Spherical CNNs 2.9x107 5.0x10°
SO-Net >10° >10°
PRIN >10% 4x10°
Ours 1. 8x10° 2x10°
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Table 3 Segmentation results on ShapeNet Parts dataset

Arbitrary Rotation No Rotation

Method avg. avg. air car motor skate avg.  avg.
. & & bag  cap  car  chair guitar  knife lamp laptop . mug  pistol rocket table & 8

inst cls.  plane phone bike board inst.  cls.

PointNet ~ 31.3 29.38 19.9 46.25 43.27 20.81 27.04 15.63 34.72
PointNet++ 36.66 35 21.9 51.7 40.06 23.13 43.03 9.65 38.51
SO-Net  26.21 14.37 21.08 8.46 1.87 11.78 27.81 11.99 8.34
DGCNN  43.79 30.87 24.84 51.29 36.69 20.33 30.07 27.86 38
SpiderCNN 31.81 35.46 22.28 53.07 54.2 22.57 28.86 23.17 35.85
Ours  59.33 52.04 15.36 58.52 54.38 39.81 55.18 29.63 79.34
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Fig. 4 Visualization of segmentation results
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