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Review of 3D Object Detection for Autonomous Driving

HUO Weile, JING Tao and REN Shuang

School of Computer and Information Technology, Beijing Jiaotong University, Beijing 100044 , China
Abstract In recent years,with the rapid development of autonomous driving, 3D object detection technology as the core of per-
ception systems has received more and more attention and become a hot research direction. At the same time, the wide application
of deep learning has made a great breakthrough in 3D object detection technology recently. A large number of excellent algorithms
have emerged. This paper systematically summarizes 3D object detection methods for the autonomous driving field and divides the
existing algorithms into three categories according to sensor types:image-based 3D object detection, LiDAR-based 3D object de-
tection,and multi-sensor-based 3D object detection. After that,it analyzes the advantages and disadvantages of the three methods
in detail. The LiDAR-based 3D object detection algorithms are thoroughly investigated and subdivided. Then it introduces the
commonly used 3D object detection datasets in autonomous driving, including KITTI, nuScenes, and Waymo Open Dataset, and
compares the performance of the latest 3D object detection algorithms on different datasets. Finally,the future research direction
of 3D object detection technology is discussed.

Keywords Autonomous driving,3D object detection,Deep learning, Point cloud, LiDAR
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Table 1 Advantages and disadvantages of different sensors
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Table 2 Detection performance of different algorithms on KITTI test set
3 . %3 Car-3D Car-BEV

Easy Moderate Hard Easy Moderate Hard
MV3DL78 CVPR(2017) EZi 23 74.97 63.63 54. 00 86. 62 78.93 69. 80
AVODL™ IROS(2018) SERE 83.07 71.76 65.73 89.75 84.95 78. 32
F-PointNets-2%J CVPR(2018) EZi 23 82.19 69.79 60.59 91.17 84. 67 74.77
VoxelNetH!3] CVPR(2018) Voxel-based 77.47 65.11 57.73 87.95 78.39 71.29
SECOND! Sensors(2018) Voxel-based 83.13 73.66 66. 20 88.07 79.37 77.95
PointRCNN? CVPR(2019) Point-based 86. 96 75. 64 70. 70 92.13 87.39 82.72
PointPillars*7) CVPR(2019) View-based 82.58 74.31 68. 99 90.07 86.56 82. 81
Fast Point R-CNN8J ICCV(2019) Point-Voxel-based 85.29 77.40 70. 24 90. 87 87. 84 80.52
STD27 ICCV(2019) Point-based 87.95 79.71 75.09 94.74 89.19 86. 42

PI-RCNNL85! AAAI(2020) E2i2- 3 84. 37 74.82 70.03 - - —
3DSSDL) CVPR(2020) Point-based 88.36 79.57 74.55 92.66 89.02 85. 86
PV-RCNN[2%) CVPR(2020) Point-Voxel-based 90. 25 81.43 76. 82 94,98 90. 65 86. 14
Part-A2H47) TPAMI(2021) Voxel-based 85.94 77.86 72.00 89.52 84.76 81.47

Voxel R-CNNH8! AAAI(2021) Voxel-based 90. 90 81.62 77.06 — — —

CIA-SSDL??) AAAI(2021) Voxel-based 89.59 80. 28 72.87 — — —
SE-SSDL?3] CVPR(2021) Voxel-based 91.49 82.54 77.15 95. 68 91.84 86.72

JPV-Netl62) AAAI(2022) Point-Voxel-based 88. 66 81.73 76.94 - — —

IA-SSDL™3] CVPR(2022) Point-based 88. 87 80. 32 75.10 — - -

5.2 nuScenes £ #E &
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Table 3 Detection performance of different algorithms on nuScenes
test set
VS * IR kA mAPA NDS* PKL y
3DSSDL) CVPR(2020) Point-based 42.6 56.4  —
PointPainting % CVPR(2020) EZ 2.3 46.4  58.1 0.89
PointAugmenting %)  CVPR(2021) E2i2- 3 66.8 71.0 0.59
CenterPoint! ") CVPR(2021) Voxel-based 58.0 65.5 0.69

5.3 Waymo Open Dataset
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Table 4 Detection performance of different algorithms on Waymo validation set for vehicle detection
VRS * & k(A LEVEL_1 mAP/mAPH LEVEL_2 mAP/mAPH
PV-RCNNL2J CVPR(2020) Point-Voxel-based 70.30/69. 69 65.36/64.79
PV-RCNN+ 391 arXiv(2021) Point-Voxel-based 78.79/78. 21 70.26/69.71
Voxel R-CNN8 AAAI(2021) Voxel-based 75.59/— 66.59/—
PointAugmenting %) CVPR(2021) EZ -3 67.41/— 62.70/—
VoTr-TSDH ICCV(2021) Voxel-based 74.95/74. 25 65.91/65. 29
V2P-RCNNES] ACM MM(2021) Point-Voxel-based 77.24/— 69.77/—
IA-SSD 73] CVPR(2022) Point-based 70.53/69. 67 61.55/60. 80
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