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IBSNet: A Neural Implicit Field for IBS Prediction in Single-view Scanned Point Cloud

YUAN Youwen,JIN Shuo and ZHAO Xi

College of Computer Science and Technology,Xi’an Jiaotong University,Xi’an 710049, China

Abstract The analysis of spatial relationships between 3D objects is of great significance for scene understanding and interac-
tion. For example, by analyzing the spatial relationship between the robot and the object,the robot can be guided to grasp the ob-
ject more accurately. By learning the spatial relationship between objects in the real scene,it can guide the generation of virtual
scenes that look more natural or better meet the needs of interaction. However, because the single-view scanned point clouds got-
ten by RGB-D cameras or LIDAR usually have many artifacts and noise, existing methods for analyzing the spatial relationships of
objects are often difficult to make accurate predictions when faced with single-view scanned point clouds,which makes these me-
thods impractical for practical applications. For handling the spatial relationship analysis of single-view scanned point clouds., this
paper uses the interaction bisector surface(IBS) to express spatial relationships,and proposes a differential unsigned distance field
of dual-object to implicitly represent IBS. Inspired by the implicit function learning methods widely used in recent years, this pa-
per designs a neural implicit field to fit the differential unsigned distance field. This neural implicit field takes the single-view
scanned point clouds of two objects as input and returns the different unsigned distance field of the two objects. This network
uses two multi-layer self-attention point cloud encoders to extract the features of the two input point clouds and combines these
features after that. Then these features are inputted into a dual-object unsigned distance decoder to get the unsigned distance va-
lue of the query points. Comparative experiments of this method with other methods (Geometry Method, IMNet and Grasping
Field) are conducted on the ICON dataset. It simulates single-view scans of each scene from 26 different viewpoints to get the sin-
gle-view scanned point clouds and split the whole dataset into training set and test set based on a single scene. The robustness of
each method is also tested when facing single-view scanning point clouds with different degrees of incompleteness and noise. Ex-
perimental results show that the proposed neural implicit field is very robust to the input single-view scanned point clouds with
different degrees of incompleteness,and can efficiently predict IBS with accurate shapes.

Keywords Spatial relationship analysis, Interaction bisector surface, Single-view scanned point cloud, Neural implicit field, Un-

signed distance field
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Fig. 5 Complete point cloud and the single-view scanned point

cloud collected by the proposed method
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Table 1 Comparison of the proposed method and other methods in class-by-class one-way chamfering distance( y )
VS %51 (72 %53 x5 4 £5 5 %56 EH 7 %7518 59 3
GF 23.98X107° 16.24X1073 31.96X10° 3 16.24X107% 19.59X1073 29.06X107% 17.98X107 % 27.89X10° % 9.17X10 % 21.05X10° 3

IMNet

22.92X107° 18.13X107% 30.24X1073 14.59X1073 24.33X107° 26,35X107% 21.29X107°% 28,92X107% 11.30X107°% 21.46X 1073

IBSNet (Ours) 19.98X 1073 17.43X107% 28.04X1073 14.57X1073 21.14X10 % 28.99X1073 17.29X1073 27.32X1073 8.52X1073 20.27X1073
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Fig. 7 Comparison of IBS reconstruction results using different methods
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Table 2 Time consuming of each method to reconstruct IBS

VS t/scene/s
IBSNet(Ours) 2.3
IMNet 1.4
GF 2.5
JLAT 97 % 0.3
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Fig. 11 Comparison of IBS reconstruction results for the single view scanned point cloud with different degrees of incompleteness
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Table 3 Class-by-class one-way chamfer distance of various methods in ablation experiments( y )
7k %501 (702 %53 E R %55 %756 %57 %758 %59 F
GF 23.98X107°% 16.24X107% 31.96X107% 16.24X107 % 19.59X107° 29.06X10" % 17.98X10 % 27.89X107 % 9.17X10 % 21.05x10 3
IBSNet-D 21441073 17.22X107% 30.03X107% 17.02X10°3 18.92X 103 29.08X10"° 17.44>X10 % 28.99X107% 9.02X10% 20.98X10 3
ot
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EAGF 20.26X107° 17.67X1073 27.43X10° 3 15.58X 1073 19.22X10 3% 27.32X10°% 17.52X10 % 28.55X10° 3 8.15X10 3 20.46X10"3
IBSNet  19.98X 10 % 17.43X107% 28.04X107° 14.57X 1073 21.14X107°% 28,99X 10" % 17.29X10 % 27.32X10"% 8.52X10° % 20.27X10 3
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Fig. 13 Effects of different hyperparameters on the quality and time cost of reconstructing IBS using iterative growing method
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