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Research Progress of Image 3D Object Detection in Autonomous Driving Scenario
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1 School of Electronic Information Engineering, Foshan University, Foshan, Guangdong 528000, China

2 School of Computer Science and Engineering,South China University of Technology,Guangzhou 510641, China

Abstract 2D object detection techniques have significant limitations when applied to automatic driving scenarios due to the ab-
sence of description of the size,depth and other information of the physical environment. Numerous researchers have made exten-
sive explorations in the field of image 3D object detection by aligning with the practical requirements of automatic driving. To
conduct a comprehensive study in this domain, this paper reviews recent literature published both domestically and international-
ly. It introduces two main categories of methods:image-based 3D object detection and 3D object detection by fusing image and
point cloud data. Furthermore.it further subdivides these categories based on the different approaches used to process input data
by the network. The paper describes representative methods within each category,summarizes the strengths and weaknesses of
each method,and conducts a comparative analysis of their performance. Additionally,it provides a detailed introduction to relevant
datasets and evaluation metrics for 3D object detection in autonomous driving scenarios. Finally, the paper analyzes the challenges
and difficulties in the field of image 3D object detection.and outlines potential future research directions.

Keywords Image 3D object detection,Deep learning . Automatic driving, Multimodal fusion,Computer vision
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Table 1 Performance indicators of image based 3D object detection methods in the Car category of KITTI test set
%3 - 5@ ] AP;p/ APypy (I0U=0.7)/% ‘ EEHA/
nE % & #
MonoDISE8] K 10.37/17. 23 7.94/13.19 6.40/11.12 N
SHIFT R-CNNL30J EN 6.88/11. 84 3.87/6.82 2.83/5.27 0.25
TLNetl24] %% 7.64/13.71 4.37/7.69 3.74/6.73 0.10
Stereo R-CNN[22] % % 47.58/61.92 30.23/41. 31 23.72/33.42 0.30
Decoupled-3D31] B 11.08/23.16 7.02/14.82 5.63/11.25 0.08
SMOKE!21] ES 14.03/20. 83 9.76/14.49 7.84/12.75 0.03
PatchNetl35) 2K 15.68/22. 97 11.12/16. 86 10.17/14. 97 0. 40
HERA Disp R-CNN[25) % 37.12/79.76 25.80/58. 62 22.04/47.73 0.39
ZoomNet[26] %% 55.98/72.94 38.64/54.91 30.97/44. 14 0. 30
MonoDETRE2%] L 24.52/32.20 16.26/21. 45 13.93/18. 68 0.04
MonoRCNNLE32] ERN 18.36/25. 48 12.65/18.11 10.03/14. 10 0.07
MonoDLE!M0] Bk 17.23/24.79 12.26/18. 89 10.29/16. 00 0.04
Homoloss#3] BK 11.87/29. 60 7.66/20.68 6.82/17.81 0.04
DID-M3D27] Bk 24.40/32.95 16.29/22.76 13.75/19. 83 0.04
MonoDTR!28 ES 21.99/28.59 15.39/20. 38 12.73/17.14 0. 04
DSGNE53) % % 73.50/82. 90 52.18/65.05 45.14/56. 60 0.67
Ak CaDDNL45] L3 19.17/27. 94 13.41/18.91 11.46/17.19 0.63
DSGN+ + 54 %% 83.21/88.55 67.37/78. 94 59.91/69.74 0.20
MonoNeRDL%] LS 22.75/31.13 17.13/23. 46 15.63/20. 97 N
Pseudo- LIDAR36) %% 54.53/67.30 34.05/45. 00 28.25/38. 40 0. 40
RefinedMPL63] B 18.09/28.08 11.14/17. 60 8.94/13.95 0.15
YA Mono3D_PLiDARL64] K 10.76/21. 27 7.50/13.92 6.10/11.25 0.10
Pseudo-LiDAR+ -+ (58] %% 68.38/84.61 54.88/73. 80 49.16/65.59 0. 60
CG-Stereol 861 %% 33.22/39. 24 24.31/29.56 20.95/25. 87 0.57
PLUMENet 9] %% N /82.97 N /66.27 N /56.70 0.15
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Table 2 Comparison of image based 3D object detection methods
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