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Review of 3D Target Detection Methods Based on LiDAR Point Clouds
QIN Jing' , WANG Weibin®,ZOU Qijie* , WANG Zumin® and JI Changqing’

1 College of Software Engineering, Dalian University, Dalian, Liaoning 116622, China

2 College of Information Engineering,Dalian University, Dalian, Liaoning 116622, China

3 College of Physical Science and Technology,Dalian University,Dalian, Liaoning 116622, China
Abstract In recent years,3D target detection using LiDAR point cloud is a research hotspot in the field of computer vision and
has attracted much attention in the field of autonomous driving. Compared with 2D,3D combines depth information to better re-
flect the characteristics of the real world,to effectively solve practical problems such as path planning,motion prediction, target
detection ,and other aspects. This paper introduces the development background of 3D target detection, summarizes the flow of 3D
target detection framework based on LiDAR point cloud data,compares several common data sets containing point cloud informa-
tion,and classifies the main research methods. The performance and limitations of different methods are analyzed and compared.
Finally, the current technical difficulties are summarized and the future development prospects of this field are forecasted.

Keywords Target detection,Point cloud,Computer vision. LIDAR, Multimodal fusion
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£ 2 REMERZE I A KITTI 4 5K e g
Table 2 Detection accuracy of different voxel methods on KITTI test set
- %% RE/% TA/% BATHWA/ N & i
X H fil 3 H R % W R & 4% W 7% Ji i/ ms

VoxelNet [28] 77.47 65.11 57.73 39.48 33.69 31.51 61.22 48. 36 44.37 225
SECOND [29] 83.13 73.66 66. 20 51.07 42.56 37.29 70.51 53.85 46. 90 50
PointPillars [30] 79.05 74.99 68. 30 52.08 43.53 41. 49 75.78 59.07 52.92 16
Part-A? net [32] 85.94  77.86 72.00 54.49 44.50 42.36 78.58 62.73 57.74 71
SA-SSD [33] 88.75 79.79 74.16 - - - - - - 40
CIA-SSD [35] 89.59 80.28  72.87 — — — — — — 31
SE-SSD [36] 91.49 82.54 77.15 — — — — - — 30
SIENet [37] 88.22  81.71 77.22 — — — 83.00 67.61 60. 09 161
Hotspots [38] 87. 60 78.31 73.34 53.10 45.37 41.47 82.59 65.95 59.00 40
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Fig. 6 Point cloud images from different perspectives
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Fig. 7 2D guided 3D target detection
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Table 3 Detection accuracy of different fusion methods on KITTT test set
- %% RE/% A/ % BAAWA/ % & i
Xk RS P % I 7 i 2 &% T % S L I % B /ms
3D-CVF [45] 89. 20 80. 05 73.11 — — — — — - 75
AVOD [44] 73.59 65.78 58.38 38.28 31.51 26.98 60. 11 44.90 38. 80 80
CLOCs [46] 88. 94 80.67 77.15 - - - - - - 100
F-PointNet [50] 81. 20 70. 39 62.19 51.21 44. 89 40.23 71.96 56.77 50. 39 200
VMVS [47] — — — 53.98 45.01 41.72 — — — 245
F-ConvNet [51] 85. 88 76.51 68.08 52.37 45.61 41.49 79.58 64.68 57.03 -
F-PointPillars [52] — — — 51.22 42.89 39.28 - - - 70
SemanticVoxels [49] — — — 50.90 42.19 39.52 — — — —
F 4 ARFRAEAL 37 3T [4] MASIT,WU Y,HASSNER T,et al. Deep face recognition: A

Table 4 Comparison of different feature processing methods
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