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3D object detection in voxelized point cloud scene
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Abstract: The 3D object detection algorithm is constrained by the large amount of point cloud data, and
can not achieve the balance of real-time speed and accuracy. This paper presents an improved 3D object
detection algorithm—Pillar RCNN. The algorithm firstly divides the target point cloud space into voxels,
presents a 3D object detection backbone network based on sparse convolution which gradually converts
voxels into column voxels, quantifies 3D information into dense 2D information, and then processes the
dense 2D information through the 2D backbone network. At the same time, the voxel features of different
scales in the 3D backbone network and the 2D backbone network detection results are cascaded through the
multiscale voxel feature aggregation module, and the result is further refined by the loss function. The
algorithm is tested on KITTI public datasets and has a recognition speed of 2. 48 ms on RTX 2080T1
hardware platform. Compared with the PointPillars benchmark algorithm, the performance indicators of
the three categories of car, pedestrian and bicycle are improved. The detection results of the mode of

bicycle and the hard of car are improved by 13.34% and 8.85%, and the detectation accuracies of other
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categories are improved also, achieving a balance between speed and accuracy.
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Fig.2 Sample images of sparse 3D convolutional (a)

and submanifold 3D sparse convolutional (b)
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Tab.3 Performance comparison on the KITTT test set with AP calculated by 11 recall positions of 3D object

(%)

Modality EPS Car Pedestrian Cyeclist
Easy Mod Hard Easy Mod Hard FEasy Mod  Hard
MV3D Lidar & Img. 3 71.19 56.6 55.3 N/A N/A N/A N/A N/A N/A
SECOND Lidar 30.4  87.43 76.48 69.1 N/A N/A N/A N/A N/A N/A
VoxelNet Lidar 4.44  81.97 65.46 62.85 57.86 53.42 48.87 67.17 47.65 45.11
Voxel R—CNN Lidar 25.2  89.41 84.52 78.93 N/A N/A N/A N/A N/A N/A
PointPillars Lidar 62.5 85.22 76.52 69.73 63.87 58.08 52.8 77.16 59.22 55.91
Pillar RCNN Lidar 40.3  89.26 83.61 78.58 65.03 58.80 54.47 85.35 72.56 68.68
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Tab.4 Performance comparison on the KITTI test set with AP calculated by 11 recall positions of BEV object (%)

Modality EPS Car Pedestrian Cyeclist
Easy  Mod Hard  Easy Mod Hard  Easy Mod Hard
MV3D Lidar & Img. 3 86.18 77.32 76.33 N/A N/A N/A N/A N/A N/A
PIXOR Lidar & Img. 10.6 86.79 80.75 76.6 N/A N/A N/A N/A N/A N/A
SECOND Lidar 30.4 89.96 87.07 79.66 N/A N/A N/A N/A N/A N/A
VoxelNet Lidar 4.44 89.6 84.81 78.57 69.95 61.05 56.98 74.41 52.18 50.49
PointPillars Lidar 62.5 90.07 87.44 84.78 71.18 65.92 61.36 82.2 62.81 59.77
Pillar RCNN Lidar 40. 3 90.15 88.13 87.65 66.13 61.16 58.03 92.21 73.85 70.65
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