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A Single-Stage Point Cloud 3D Object Detection Method
Using Sparse 3D Convolution

LI Qiao', LI Yaochen', ZHANG Yulong', TANG Wenneng', CAO Luguang®, ZUO Liangyu’

(1. Faculty of Electronic and Information Engineering, Xi’an Jiaotong University, Xi’an 710049, China;

2. Shanghai Institute of Mechanical and Electrical Engineering, Shanghai 201109, China)

Abstract: In view of the insufficient ability to extract features of point clouds for 3D object
detection methods based on point cloud voxelization., this paper proposes a single-stage point
cloud 3D object detection method (Reinforced SECOND) based on sparse 3D convolution using
SECOND as the baseline. Firstly, the point cloud grouping method is improved herein to form a
robust voxel feature encoding network that extracts voxel features. Secondly, to further enhance
the key features in voxels that significantly contribute to the detection task while suppressing
irrelevant and noisy features, this paper introduces the stacked triple attention mechanism into
the voxel feature encoding network. Then, this paper proposes the residual sparse 3D convolution
unit and designs the residual sparse convolution intermediate network, which improves the

feature extraction ability of this network layer and retains more original feature information.
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Finally, this paper introduces the proposed spatial-semantic feature fusion (SSFF) module into

the region proposal network, which adaptively fuses low-level spatial features and high-level

abstract semantic features, further improving the expressiveness of model features. Experimental

results on the KITTI open-source dataset demonstrate the proposed method significantly

improves 3D object detection performance compared to many previous grid-based and point-based

methods. Compared with the benchmark network of this method, 3D car and cyclist detection in
the KITTI test set are improved by 5. 85% and 8. 9% on the moderate mAP and by 8.54% and

8.53% on the hard mAP.

Keywords: 3D object detection; sparse 3D convolution; attention mechanism; point cloud voxel-

ization
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Fig. 6 Structure diagram of the proposed regional proposal network
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Table 2 The mAPs of this method and other methods for 3D and BEV detection of cars and cyclists on the KITTT test set
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Table 3 3D detection speed of five methods in the KITTI validation set
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Table 4 The mAPs of 3D detection for ablation experiments in the KITTI validation set
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Table 5 The mAPs of BEV detection for ablation experiments in the KITTI validation set
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