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Abstract

3D object detection involves estimating not only the category and position of objects but also critical spatial information such as
depth and orientation in real-world 3D space. This research is vital for various applications, including autonomous driving and
robotics. However, due to the limitations of LiDAR sensors, point clouds typically contain only partial cross-sectional information
of objects, which can lead to incomplete detection results. To address this issue, we propose a novel 3D object detection network
that leverages symmetry knowledge of objects. We introduce the concept of an object-guided virtual symmetry point to incorporate
symmetry knowledge into the LiDAR data, allowing the network to learn this information effectively. Additionally, we employ
knowledge distillation techniques and a symmetry knowledge guide loss to ensure the effective transfer of symmetry knowledge.
Experimental results demonstrate that the proposed method achieves superior 3D object detection performance compared to existing
methods, thus validating its effectiveness.
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Fig. 1. Example of the limitations of LIDAR sensors capturing only partial cross-sectional information of an object
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Robust 3D Object Detection Framework Using 2D-Based Object Detection Information and Symmetry Knowledge (Sec II.2)
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Object Guided Virtual Points through 2D Object Detection Information and Symmetry Knowledge (Sec II.1)
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Fig. 2. Architecture for robust 3D object detection using 2D-based object detection information and symmetry knowledge
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E 1. KITTI 23 Io[EAl0AMe] Z2E ZAxt
Table 1. Detection results on KITTI validation dataset

. Car 3D AP (R40) Car BEV AP (R40)
Method Modality Easy Moderate Hard Easy Moderate Hard
PV-RCNN! NDAR 92.57 84.83 82.69 95.76 91.11 88.93
Voxel R-CNN? ' 92.38 85.29 82.86 95.52 91.25 88.99
Focals Conv! . 92.86 85.85 85.29 95.45 91.51 91.21
VirConv! LIDAR+RGB 93.05 88.00 85.60 95.94 91.86 89.28
Ours LiDAR+RGB 95.32 88.25 85.64 96.15 91.89 91.32
I 2. ZOE HE WE X2k 3D AP HE At
Table 2. Car 3D AP detection results based on point information
) Car 3D AP (R40)
Method Input Point Cloud Moderate Hard
LiDAR & Virtual Points 93.05 88.00 85.60
Vi Object Guided Points 83.55 73.64 69.82
irConv - - -
Object Guided \/wtual 88.05 85.62
Symmetry Points
Ours - 88.25 85.64

¥ 3. XAl =7 J7|Hof| = X2k 3D AP 1S 2ot

Table 3. Car 3D AP detection results based on knowledge distillation

N Car 3D AP (R40)
Method Knowledge Distillation Easy Moderate Hard
VirConv - 93.05 88.00 85.60
Ours Train Teacher with GT 93.07 86.15 83.44
Train Teacher with EMA 95.32 88.25 85.64
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Fig. 3. Object guided virtual symmetry points visualization
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