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Single-stage 3D Object Detector in Traffic Environment Based on Point Cloud Data
CHE Ai-bo' ,ZHANG Hui?,LI Chen' and WANG Yao-nan®

1 School of Electrical and Information Engineering,Changsha University of Science and Technology,Changsha 410114, China
2 School of Robotics, Hunan University, Changsha 410082, China

Abstract Based on CIA-SSD single-stage 3D object detection model, this paper improves the spatial semantic feature fusion
method of the model. A multi-channel fusion module based on attention mechanism is used to fuse the two features. The single-
stage detection method TFAF-SSD(two-feature attentional fusion single-stage object detector) is proposed. After extracting the
sparse features of point cloud by manifold sparse convolution network, the spatial semantic features of the detected objects are ex-
tracted by the spatial semantic convolution layer. After fusion,the output features are predicted. Finally, the final detection frame
is output by the detection head. At the same time,different from the previous methods, this paper also uses the data enhancement
method to enhance the generalization performance of the model to improve the detection accuracy. The proposed method is veri-
fied on KITTI 3D open data set,and the test result of vehicle detection in test set is 83. 77 % ,which is 3. 49 % higher than the
80.28% of CIA-SSD model.

Keywords Point cloud data.3D object detection,Sparse convolution,Feature fusion,Data enhancement, KITTI dataset
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Table 1  Performance comparison of the proposed method and other 3D object detection methods on KITTT test set
U g APppy/ % APsp/ %
o oA E % AR W % A
1. MV3D LiDAR+RGB 86. 49 78.98 72.23 74.97 63.63 54.00
2. F-PointNet LiDAR+RGB 91.17 84.67 74.77 82.19 69.79 60. 59
3. AVOD LiDAR+RGB 89.75 84.95 78. 32 76. 39 66. 47 60.23
4. PointRCNN LiDAR 92.13 87.39 82.72 86. 96 75. 64 70.70
Two-stage 5. F-ConvNet LiDAR+RGB 91.51 85. 84 76. 11 87.36 76.39 66. 69
6. Part-A2 LiDAR 91.70 87.97 84.61 87. 81 78.49 73.51
7. MMF LiDAR+RGB 93.67 88.21 81. 99 88. 40 77.43 70. 22
8. STD LiDAR 94. 74 89.19 86. 42 87.95 79.71 75.09
9. PV-RCNN LiDAR 94. 98 90. 65 86. 14 90.25 81.43 76. 82
10. VoxelNet LiDAR 87.95 78.39 71.29 77.82 64.17 57.51
11. PointPillars LiDAR 90. 07 86.56 82. 81 82.58 74.31 68.99
One-stage 12. SECOND LiDAR 89.39 83.77 78.59 83.34 72.55 65. 82
13. CIA-SSD LiDAR - — - 89.59 80. 28 72.87
TFAF (ours) LiDAR 94.30 89. 25 87.08 92.14 83.77 76. 56
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Table 2 Performance comparison of the proposed method and other

3D target detection methods on KITTI validation set

AT %)

7\7_;% — ‘APBD :
A oy W

VoxelNet 81.97 65. 46 62. 85
SECOND 87.43 76.48 69.1
TANet 88.21 77.85 75.62
PointRCNN 88. 88 78.63 77.38
PointPillars 82.58 74.31 68.99
3DSSD 89.71 79.45 78.67
7. CIA-SSD 90. 04 79.81 78. 80

TFAF (ours) 93.23 84.01 81.16

&6 KITTI Baiik 48 iy T 04k 45 28 (L WO F BD
Fig. 6 Visualization results of KITTI validation set
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Table 3 Comparison of effects of different data processing methods
on detection performance
WE/ % FE/% BE/N
85.12 79.49 76.09

glo.  loc. gt aug. diff.

NG 90. 36 81.49 78.02
NG NG 91. 46 82.89 71.45
NG N NG 92. 31 83.01 79.56
NG J NG N 93.11 83. 84 80.77

F4 RIEELA 72O R AR Y ROR A
Table 4 Comparison of effects of different fusion methods on

detection performance

CHAE 26D
AP3p

BA Tk

i e e W
HERREER S 71.26 65. 49 59. 30
FEERN GRS 65. 44 58. 26 52.11
LHEHEETENBAE 86.52 77. 40 70. 81
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