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Abstract To solve the problems of lack of depth information and poor detection accuracy in conventional monocular three-
dimensional (3D) target detection algorithms, an algorithm for multiscale monocular 3D target detection incorporating
instance depth is proposed. First, to enhance the processing ability of the model for targets with different scales, a
multiscale sensing module based on hole convolution is designed. Then, the depth features containing multiscale
information are refined from both spatial and channel directions to remove the inconsistencies among different scale feature
maps. Further, the instance depth information is used as an auxiliary learning task to enhance the spatial depth
characteristics of 3D objects, and the sparse instance depth is used to monitor the auxiliary task, thereby improving the
model’s 3D perception. Finally, the proposed algorithm is tested and validated on the KITTI dataset. The experimental
results show that the average accuracy of the proposed algorithm in the vehicle category is 5.27% higher than that of the
baseline algorithm, indicating that the proposed algorithm effectively improves the detection performance compared with
the conventional monocular 3D target detection algorithms.
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Table 1 Performance of the Car category on the KITTTI test set unit: %
AP40(3D@R,,,=>0. 7 AP40(BEV@R,,,=>0. 7
Method Extra data (SD@R oy ) ( @Ry )
Easy Moderate Hard Easy Moderate Hard

AM3D"? Depth 16. 50 10. 74 9.52 25.03 17. 32 14.91
PatchNet'"! Depth 15. 68 11.12 10. 17 22.97 16. 86 14.97
DDMP-3D" Depth 19.71 12.78 9. 80 28.08 17. 89 13.44

Reference [ 25 ] Depth 20. 28 13.12 9.56
Kinematic3D™" Multi-frames 19. 07 12.72 9.17 26.69 17.52 13.10
CaDDN" LiDAR 19.17 13.41 11.46 27.94 18.91 17.19
MonoRUn'*! LiDAR 19. 65 12. 30 10.58 27.94 17. 34 15. 24
MonoGRNet'"! None 9.61 5.74 4.25 18.19 11.17 8.73
MonoDIS™! None 10. 37 7.94 6.40 17.23 13.19 11.12
Reference [ 29] None 20. 89 14. 49 12.19 29.57 20.77 17.88
MonoPair'’ None 13.04 9.99 8.65 19.28 14. 83 12. 89
FADNet™ None 16. 37 9.92 8.05 23.00 14.22 12.56
MonoDLE"! None 17.23 12. 26 10. 29 24.79 18. 89 16. 00
MonoGround'™! None 19. 48 14. 36 12.62 30. 07 20.47 17. 74
MonoFlex!” None 19.94 13.89 12.07 28.23 19.75 16. 89
MonoEF"* None 21.29 13. 87 11.71 29.03 19.70 17. 26
Reference [ 33] None 21.65 13.25 9.91 29.81 17.98 13.08
GUPNet'™ None 22.26 15.02 13.12 30. 29 21.19 18. 20
MonoCon ™ None 22.50 16. 49 13.95 31.12 22.10 19. 00
Proposed method None 22.50 16. 19 13.49 32.44 22.97 19. 82
Depth +2.22 +3.07 +3.32 +4.36 +5.08 +4.85
| . Multi-frames +3.43 +3.47 +4.78 +5.75 +5.45 +6.72

mprovemen

pr LiIDAR +2.85 +2.78 +2.03 +4.5 +4.06 +2.63
None +0 —0.3 —0.46 +1.32 +0. 87 +0.82
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Table 2 Performance of the Car category on the KITTTI validation set

AP40 /% AP40 /% AP40 /% AP40 /% .
Method (3D@R,,,=0.7) (BEV@R,,,=0.7) (3D@R,,,=0.5) (BEV@R,,,=0.5) RUI’lIll’:ﬂe /
Easy Moderate Hard  Easy Moderate Hard Easy Moderate Hard Easy Moderate Hard e
CenterNet " 0.60 0.66 0.77  3.46 3.31 3.21 20.00 17.50 15.57 34.36 27.91 24.65

MonoGRNet  11.90 7.56 5.76 19.72 12.81 10.15 47.59 32.28 25.50 48.53 35.94 28.59 60
MonoDIS 11.06 7.60 6.37 18.45 12.58 10.66
M3D-RPN 14.53  11.07 8.65 20.85 15.62 11.88 48.53 35.94 28.59 53.35 39.60 31.76 161
MonoPair 16.28  12.30 10.42 24.12 18.17 15.76 55.38 42.39 37.99 61.06 47.63 41.92 o7
MonoDLE 17.45 13.66 11.68 24.97 19.33 17.01 55.41 43.42 37.81 60.73 46.87 41.89 40

Proposed
method

Improvement +5.14 +4.13 +3.31 +5.25 +3.98 +3.03 +8.81 +4.07 +4.73 +7.41 +4.49 +4.19

22.59 17.79 14.99 30.22 23.31 20.04 64.22 47.49 42.72 68.47 52.12 46.11 45

F 3B T TR AL 23 5 N N 22 RO IR RS B A U, AERE R s BT 4 22 R ORI AR 5, M RE 4R THAH
WG| BB AE KIT TR IESE ERZR . RSN 8T PSP M ASPP B B, 76 4l JH 25 i 5 BRI 2
A o3 AR A v s i 22 RO BRI RN R 5 | RO AE B[] i 2% 1 3 A [6] RS R Ak =2 8] 79 A — 2
B B, ¥ RE B B AU A ORE BE o G, TE B AL R S P 3 DA 2 ] R 3 A B X A ) RS AR B AT LA
pyramid scene parsing (PSP)"™" fil ASPP &5 #4 J5 , 15 1 I Bk 22 &5 A6 1) 55 B A5 800, 15 T AR AS 5 R 2 RE
PEREA BT T, X Ul W 7E M 2% th | A 22 RUBE A 5L 3R B TR = AN [T 55 T B R RS
BEHe AT LUAT B4R THEE AL B0 H 3D B R A A PERE . H

F 3 WM AE KIT TR IE4E [ 0 BE X He

Table 3 Adding Performance Comparison of Different Modules on KITTI validation set unit: %
Method AP40(3D) AP40(BEV)
Easy Moderate Hard Easy Moderate Hard

Baseline 17.45 13.66 11.68 24.97 19.33 17.01
+ ASPP 18. 04 14.72 12.47 25.60 20. 84 18. 20
+PSP 18.98 14.73 12. 38 25.61 20.75 18. 06
+MSS 20.48 15.89 14. 06 28.58 22.41 19. 46
+IDLM 21.76 16.19 14.24 28.71 22.44 19.43
+MSS+IDLM 22.59 17.79 14.99 30.22 23.31 20. 04
Improvement +5.14 +4.13 +3.31 +5.25 +3.98 +3.03
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