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A large target size measurement method of LiDAR based
on visual semantic constraints
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(1. College of Electrical and Information Engineering, Hunan University, Changsha 410082, China;
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Abstract: To address the issue that single-frame perspective data struggle to depict the complete contour of large-scale targets, thereby
limiting size measurement, this article proposed a large-target size measurement method of LiDAR based on visual semantic constraints,
with automobiles as the research object for large-target measurement. Firstly, this method achieves spatio-temporal synchronization of
LiDAR, camera, and inertial measurement unit data through joint calibration and timestamp nearest-neighbor matching. Subsequently, a
mobile cart is used to acquire information about the entire target in three dimensions. The simultaneous localization and mapping
technology is employed to reconstruct the contour of the measured target. In this module, the algorithm’s accuracy is enhanced through a
ground-based residual optimization and loop closure detection framework. After denoising the point cloud, a ground segmentation
algorithm is used to separate ground points from non-ground points, and a pass-through filter is applied to ensure the segmentation effect.
Meanwhile, a target detection algorithm is utilized to obtain the category and position information of the target in the image. Next,
through an adaptive threshold point cloud clustering method, the centers of different point cloud clusters are visually projected, and the
point cloud corresponding to the target is located according to the visual target detection results. Finally, a contour fitting algorithm is
designed to complete the contour fitting of the target point cloud. Then, a three-dimensional box fitting algorithm is used to calculate the
target’s size. Experimental results show that for large-sized objects such as automobiles. In a parking lot with a large number of vehicles,
the proposed method yields a maximum error and an average error of less than 1. 97% and 0. 82% respectively for vehicle length, less
than 3.26% and 2. 08% respectively for width, and less than 3.99% and 1.99% respectively for height, demonstrating promising
prospects for engineering applications.
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Fig.5 Dimension measurement system
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Table 4 Ablation experiments on the Faster-LIO algorithm optimization
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S STD [E] FRREIMIAAAR

2) B Ankim Skt REXT

H w5 & W 5 35 M 68 fff 1l mAP ( mean average
precision ) VE R HE B2 48 45, FPS (frame per second ) VE K ik
FIEbr, ETACHEMSA 6 K HR (AR5 BT
A AR N RZE R ) RS 4 7E IR 55 A% X
YOLOv5s , CenterNet2 . RT-DETR-1, YOLOv8s., YOLOv10s
YOLOv1 1s BERIHEFT I il i, J A IR 55 #4519 CPU 15
A Intel i9-7920x, 48 # 64 GB W 17, GPU A Nvidia
RTX3090ti , BHI ¥ 7E Pytorchl. 10 T I3 503, Y1142

6 STD [mIFRAGINAL A
Fig. 6 Effectiveness of STD loop closure detection
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Table S Performance comparison of target detection networks

o mAP50/% mAP75/% mAP50-95/% FPS ZH/M GFLOPS, .. 10
YOLOv5s 89. 11 82. 80 77.53 67 9.11 23.8
CenterNet2 88.78 81.20 78.11 40 71. 42 158.0
RT-DETR-1 85.83 75. 84 70. 60 33 32.00 103.5
YOLOv8s 90. 69 84.16 80. 62 74 11.13 28.4
YOLOv10s 90. 22 83. 69 80. 00 57 8. 04 24.5
YOLOv11s 90. 50 83.93 80.25 61 9.42 21.3
*6 RTMELER
Table 6 The result of dimensional measurement (mm)
FigAs IS ) B HUESR I [ )2
ZRIUH PR 4 631 4 600(-31) 1 760 1 706( -54) 1503 1 443(-60)
Fiih C260 4698 4 726(+28) 1810 1 869(+59) 1 408 1425(+17)
ATk SKODA 4753 4 718(-35) 1832 1 801(-31) 1 469 1 436(-33)
Ok 3 iR 4 662 4754(+92) 1797 1 816(+19) 1 445 1 409(-36)
B3 A3 35TFSI 4351 4 357(+6) 1815 1791(-24) 1458 1430(-28)
PR - 0. 82% - 2.08% - 1.99%
R R 2% - 1.97% - 3.26% - 3.99%

XFFIRAEAINE RT3 B i KR 25 RSP 3513
2550 1.97% F 0. 82% | 55 1 i) B KR 22 M- 44 1R £
N 3.26% 1 2.08% . = B B KR 2 MR 2N

3.99% 1 1.99% , W] WA FiR A RS BA
AR BIRCR BT LA R RS B AR TR 50 A R SF I
SIS H R4 4E AN E 7.8.9 TR,

K7

Yise 1 S

Fig.7 The experimental result of scene 1
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Fig. 8 The experimental result of scene 2
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Fig. 9 The experimental result of scene 3
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Fig. 10 The result of size measurement based on

visual correction
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