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3D Object Detection Methods Based on Point Cloud with Deep Learning:
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Abstract: In recent years, as a crucial and fundamental task in applications such as autonomous driving, mobile robotics, and
virtual reality, 3D object detection has received extensive attention from researchers in various fields. It aims to localize and classify
objects of interest in 3D space and give the corresponding 3D bounding boxes, including the position, size, and orientation of ob-
jects, which provides the basic information for the subsequent understanding and perception of the 3D scene as well as planning and
decision-making. Point clouds captured by LiDAR have become the most commonly used input data for 3D object detection due to
their accurate 3D information and depth information. In this paper, the 3D object detection methods based on LiDAR point cloud
with deep learning are reviewed, the characteristics and processing methods of point cloud are summarized, and several correspond-
ing types of detection methods and multimodal fusion methods of point cloud and image are introduced. At the same time, this paper
compares the performance of different methods and discusses the challenges and development trends of 3D object detection based
on point cloud in the future.
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Fig.4 Multimodal fusion-based 3D object detection
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Table 1 Comparison of 3D object detection methods on KITTI test set

%
Car Pedestrian Cyclist
Bz ik
Easy Mod Hard Easy Mod Hard Easy Mod Hard
PointRCNN 86.96 75.64 70.70 47.98 39.37 36.01 74.96 58.82 52.53
HETEEN 3DSSD 88.36 79.57 74.55 54.64 44.27 40.23 82.48 64.10 56.90
Pointformer 87.13 77.06 69.25 50.67 42.43 39.60 75.01 59.80 53.99
VoxelNet 77.47 65.11 57.73 39.48 33.69 31.51 61.22 48.36 44.37
SECOND 83.13 73.66 66.20 51.07 42.56 37.29 70.51 53.85 46.90
i; PointPillars 82.58 74.31 68.99 51.45 41.92 38.89 77.10 58.65 51.92
h Voxel R-CNN 9090  81.62  77.06 — — — — —
VoTr 89.90 82.09 79.14 — — — — — —
SA-SSD 88.75 79.79 74.16 — — — — — —
WTHERRS N Part-4? Net 87.81 78.49 73.51 53.10 4335 40.06 79.17 63.52 56.93
PV-RCNN 90.25 81.43 76.82 52.17 43.29 40.29 78.60 63.71 57.65
RangeRCNN 88.47 81.33 77.09 — — — — — —
FE TR LR
RangeDet 85.41 77.36 72.60 — — — — — —
o — BirdNet 40.99 27.26 25.32 22.04 17.08 15.82 43.98 30.25 27.21
BirdNet+ 76.15 64.04 59.79 41.55 35.06 32.93 65.67 53.84 49.06
PointRGCN 85.97 75.73 70.60 — — — — — —
Point-GNN 88.33 79.47 72.29 51.92 43.77 40.14 78.60 63.48 57.08
T PC-RGNN 89.13 79.90 75.54 — — — — — —
Graph R-CNN 91.89 83.27 77.78 — — — — — —
F-PointNet 82.19 69.79 60.59 50.53 42.15 38.08 72.27 56.12 49.01
MVX-Net 83.20 72.70 65.20 — — — — — —
PointPainting 82.11 71.70 67.08 50.32 40.97 37.87 77.63 63.78 55.89
B2 wN MV3D 74.97 63.63 54.00 — — — — — —
AVOD 81.94 71.88 66.38 50.80 42.81 40.88 64.00 52.18 46.61
3D-CVF 89.20 80.05 73.11 — — — — — —
CLOCs 89.16 82.28 77.23 — — — — — —
#2 3D B 4R#&0 7 % £ nuScenes M X 4 49 25 Rad ik
Table 2 Comparison of 3D object detection methods on nuScenes test set
%
Tk mAP NDS Car Ped Bus Barrier TC Truck Trailer Motor cv Bicycle
3DSSD 42.6 56.4 81.2 70.1 61.4 47.9 31.0 47.1 30.4 359 12.6 8.6
Pointformer 53.6 823 818 556 66.0 722 48.1 43.4 55.0 8.3 22.7
PointPillars 30.5 453 68.4 59.7 28.2 38.9 30.8 23.0 23.4 27.4 4.1 1.1
CenterPoint 580 655 846 834 602 70.9 76.7 51.0 53.2 53.7 17.5 28.7
BirdNet+ 39.2 67.7 48.7 39.7 60.5 28.0 43.6 47.2 28.9 16.3 11.0
PointPainting 464 581 779 733 361 60.2 62.4 35.8 37.3 415 15.8 24.1
MVP 664 705 868  89.1 674 74.8 85.0 58.5 57.3 70.0 26.1 493
TransFusion 68.9 71.7 87.1 88.4 68.3 78.1 86.7 60.0 60.8 73.6 33.1 52.9

E : Ped—Pedestrian; TC—Traffic Cone; Motor—Motorcycle; CV—Construction Vehicle
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Table 3 Comparison of 3D object detection methods on Waymo test set
%
_ Vehicle Pedestrian Cyclist
XMEREG] ik
AP APH AP APH AP APH
SECOND 72.27 71.69 68.70 58.18 60.62 59.28
PointPillars 56.62 — 59.25 — — —
Voxel R-CNN 75.59 — — — — —
CenterPoint 76.70 76.20 79.00 72.90 — —
VoTr 74.95 74.25 — — — —
Part-A”"2 Net 77.05 76.51 75.24 66.87 68.60 67.36
PV-RCNN 77.51 76.89 75.01 65.65 67.81 66.35
LEVEL_] PV-RCNN-++ 79.25 78.78 81.83 76.28 73.72 72.66
LaserNet 52.11 50.05 63.40 — — —
RangeRCNN 75.43 74.97 — — — —
RangeDet 72.85 — 75.94 — — —
RSN 78.40 78.10 79.40 76.20 — —
Graph R-CNN 80.77 80.28 82.35 76.64 75.28 74.21
DeepFusion 83.60 83.20 87.10 84.70 — —
SECOND 63.85 63.33 60.72 51.31 58.34 57.05
Voxel R-CNN 66.59 — — — — —
CenterPoint 68.80 68.30 71.00 65.30 — —
VoTr 65.91 65.29 — — — —
Part-A”2 Net 68.47 67.97 66.18 58.62 66.13 64.93
LEVEL 2 PV-RCNN 68.98 68.41 66.04 57.61 65.39 63.98
PV-RCNN++ 70.61 70.18 73.17 68.00 71.21 70.19
RSN 69.50 69.10 69.90 67.00 — —
Graph R-CNN 72.55 72.10 74.44 69.02 72.52 71.49
TransFusion — 65.10 — 64.00 — 67.40
DeepFusion 76.00 75.60 80.40 78.10 — —
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