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Vehicle trajectory extraction method at intersection based on
multi-target tracking optimization

Tang Jijie' Liu Jinguang® Ou Xiaofang'
(1. School of Traffic Management, People's Public Security University of China,Beijing 100038, China;
2. Road Traffic Safety Research Center,Ministry of Public Security,Beijing 100062, China)

Abstract: To address the problems of accuracy and efficiency limitations in traditional methods of studying vehicle
trajectories and accelerate the promotion of digital road traffic management, this paper proposes a vehicle trajectory
extraction method at intersections based on multi-target tracking optimization. First, based on the YOLOv8s algorithm
framework, a multi-branch convolution strategy was introduced and an image processing method combining standard
convolution and depthwise separable convolution was designed to improve the robustness of the model to different
scenes and maintain a stable frame rate. Then, the loss function of the DeepSORT algorithm is improved by accurately
quantifying the angle difference and distance loss to increase the convergence speed of the model and the accuracy of
handling irregular objects. Finally, the accurate extraction of vehicle trajectories is ensured by deriving the conversion
relationship between the pixel coordinate system and the real-world coordinate system. The experimental results show
that the improved model has improved mAP, recall rate and MOTA by 2. 9% .5.6% and 0. 7% respectively compared
with the original model, and the number of encoding transformations (IDS) has decreased by 64%. The frame rate can
be kept stable during detection. And by deriving the conversion relationship between the pixel coordinate system and
the real-world coordinate system, the vehicle' s trajectory information in the surveillance video can be accurately
extracted. This provides methodological support for in-depth research on vehicle characteristics and road traffic risks.,
and has high practical application value.
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Fig. 11 Partial model recall and accuracy comparison curves
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Fig. 12 Detection effect display diagram
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Table 4 Ablation experiments

YOLOvS8s C2{-DBB VoV-GSCSP  efficientViT  C2{-Faster-rEMA Precision/ % mAP@O0. 5 FPS
NG 92. 4 86.7 88
NG N/ 94. 2 90. 3 86
N NG 92.7 88. 1 85
NG NG 95. 6 94.3 59
J J 91.4 87.8 89
N J J 95.1 91. 6 85

i 3T X ST K 25 B 4 A7 AT A1, C2-DBB B B Fl VoV-
GSCSP $+1Efl& RE A5 75 5 i P2 TH A B (Y PR Rl . nsk 4 fir
/N 2B C2-DBB 8T , Bl 3 F mAP AR AL 2 T
T 3. 4% 8. 7% AH FPS{HAI N REE] 59 Wi, X 6B, B
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A6 T YNt F AT 3 BOWTR R B, T RlA VoV-GSCSP 4§
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i FE [ I 2 4 C20-DBB 2 8k Fl il & VoV-GSCSP H#f1E 2
Jei > AU ASE TR A JET S A o B R R B Il R AR F T 2. 9% M
5.6%, [FIAE T R AR RE R . 5 i vl R A B A b, Cof-

Faster-EMA 5 B AR T DL /N Y Zhoaod #8750 1L %
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Table 5 Multi-target tracking comparison results

Lt Lok ID switch MOTA/ %
YOLOv5s YOLOv8s YOLOv8-SN DeepSort SToU
J J 77 73.2
NG NG N 30 73.9
NG NG 28 78.7
N N N 16 79.1
N J 14 80.9
J J J 6 81.6

TSN T AFBAIAE 2 HARIREEERE LA RA,
T8 2 B AT DL L R YOLOvS-SN-DeepSORT(S-ToU)
R, ZHRBEMERERE EWHR, FAH
YOLOv5s-DeepSORT YOLOv8s-DeepSORT 1
YOLOv8-SN-DeepSORT £ 4t 1) MOTA 43514 73.2% .
78. 7% A1 80. 9% . &3t SToU AL JE . & A T 0. 7% .
0. 4% M 0.7% ., BEAM, M g 5% 25 e R B3k B . YOLOVS-
SN-DeepSORT(S-ToU) RGEFER it S-ToU i 2k Rk L) J5 iR
BRI ENA BT IDS N 14 W% 6 K, T
T 64%., HILEE ZFERE XU S TR £
H A BR R 0803 5 o
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BalgiE. wE 14 Uron iz EESEE - ET Qi E
& H 7 B (graphical user interface, GUD) W FH 2 /. i
Python 5 . i X A~ L1 , Mo 45 45 DA BB 6% S i) 7 5
Il Jogi 7y s 0 5 DT A A 360 25 5 1) 32 3 Lk .

B 15 IR T TR K H 435 B st % 10 0 4 0480 Hp 1Y) 4 9
PRERACR . B 15() IR T R AP IB &M, R4
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Fig. 14 Main control interface detection diagram
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Fig. 16  Vehicle trajectory tracking schematic diagram
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Table 6 Trajectory information extraction table
A/ s H 454w 5 (ID) 2/px x/px 3/px ¥/px H AR A
0.02 1 506 509 357 360 Hlzh 74
0.02 2 581 583 289 294 MLl %
0.02 3 601 604 244 248 MLl %
6.14 16 466 471 366 370 L3I %
6.14 17 532 536 512 516 LB %
6.14 18 598 604 423 427 Hlzh 4
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Table 7 Trajectory sample vehicle trajectory data

IF ] /s 9= x/px y/px X./m Y./m V,/(mes ") V,/(mes™ ")
0.02 1 506 357 —3.61 12.03 3.122 8. 667
0.02 2 581 289 —5.82 15. 22 1.233 9. 845
0.02 3 601 244 —6.40 17. 33 2.243 13.782
6. 14 16 466 366 —2.43 11. 60 3. 344 11. 678
6. 14 17 532 512 —4.37 4.75 5. 420 12. 456
6. 14 18 598 423 —6.28 8.92 2.435 10. 192
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