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Combined multi-attention and C-ASPP network for
monocular 3D object detection

Zheng Zili Xu Jian Liu Xiuping Liu Gaofeng Zhao Yijian Xia Daihong

(School of Electronics and Information, Xi’an Polytechnic University, Xi’an 710048, China)

Abstract: In monocular 3D detection, the complex network structure and inaccurate target depth information obtained after depth
estimation are two problems that need to be dealt with. To address this issue, we propose an end-to-end joint multi-attention depth
estimation monocular 3D target detection network structure, named CDCN-3D. First of all, to obtain the salient features of the target, we
introduce an adaptive spatial attention mechanism to aggregate the pixel features, which enhances local features and improves the network
representation ability. Second, we use an improved C-ASPP approach to address the problem of local information loss in depth
estimation, capturing more accurate direction perception and position-sensitive information for each depth information. Finally, the
accurate P-BEV is used to map the three-dimensional information of the target to a two-dimensional plane, and then the single-stage
target detector is used to complete the detection and output task. Through experiments on the KITTI dataset, the proposed CDCN-3D
network shows improved accuracy compared to other networks, with the same FPS as that of the existing monocular 3D detection network.
More specifically, and the detection accuracy of the CDCN-3D network is improved by 2. 31%, 1. 48%, 1. 14% respectively by the class
of Car Pedestrian Cyclist, which can complete the 3D target detection task.

Keywords : monocular 3D target detection; depth estimation; multi-attention mechanism; machine vision; autonomous driving
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Table 1 Test results of different algorithms on KITTI dataset (%)
. Car (IOU=0.7) Pedestrian (I0U=0.5) Cyclist (10U=0.5)

Hk Easy Mod. Hard Easy Mod. Hard Easy Mod. Hard
OFT 1. 61 1.32 1. 00 0.63 0.36 0.35 0.14 0. 06 0.07
M3D-RPN 14.76 9.71 7.42 4.92 3.48 2.94 0.94 0. 65 0.47
MonoPair 13.04 9.99 8. 65 10. 02 6. 68 5.53 3.79 2.12 1.83
MoVi-3D 15. 19 10.90 9.26 8.99 5.44 4.57 1. 08 0.63 0.70
D4LCN 16. 65 11.72 9.51 4.55 3.42 2.83 2.45 1. 67 1.36
CaDDN 19. 17 13.41 11. 46 12. 87 8.14 6.76 7.00 3.41 3.30
DFR-NET 19. 40 13.63 10. 35 6.09 3.62 3.39 5.69 3.58 3.10
DDMP-3D 19.71 12.78 9.8 4.93 3.55 3.01 4.18 2.5 2.32
MonoFlex 19. 94 13. 89 12.07 9.43 6.31 5.26 4.17 2.35 2.04
MonoEF 21.29 13. 87 11.71 4.27 2.79 2.21 1.8 0.92 0.71
GUPNet 22.26 15.02 13.12 14.95 9.76 8.41 5.58 3.21 2. 66
CDCN-3D( A 30) 24.57 16.78 14. 41 16.43 10. 68 8.26 8. 14 3.71 2.97
Improvements +2.31 +1.76 +1.29 +1.48 +0.92 -0.15 +1. 14 +0. 50 -0.71
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Table 2 Experimental results of ablation under Car with IOU=0. 7 (%)
Car (IoU=0.7)

S Basebone SAM C-ASPP D SID LID
Easy Mod. Hard
1 vV 20.17 13. 41 11.86
2 Vv VvV 21.02 13. 69 12.25
3 vV VvV Vv 21.61 14.63 12.19
4 vV vV vV vV 22. 64 15.37 13.13
5 Vv vV Vv 2 23.24 16. 11 13. 86
6 VvV VvV % vV Vv 23.99 16.26 14. 14
A3 vV vV vV Vv 24.57 16.78 14. 41
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Table 3 Perspective BEV ablation experiment (%)

S Car (IoU=0.7)
Easy Mod. Hard
BEV 20. 17 13. 41 11. 86
P-BEV 21.72 14.26 12. 65
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Fig. 8 Test results of CDCN-3D network in a simple scenario
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Fig. 9 Test results of CDCN-3D network in complex scenes
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Fig. 10 Error result chart
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