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Pedestrian and Vehicle Flow Detection Method Based on Dual Attention
Mechanism, Trajectory Prediction, and Drone Remote Sensing

ZENG Zhangfan, XIE Linfeng
(School of Computer Science and Information Engineering , Hubei University, Wuhan 430062, China)

Abstract: Accurate detection and statistics of human and vehicle traffic flow are of great significance for public safety and resource manage-
ment. A pedestrian and vehicle flow detection method based on dual attention mechanism, trajectory prediction, and drone remote sensing
technology is proposed to address the issues of high equipment investment, high maintenance costs, limited detection areas, and susceptibility
to environmental factors in existing detection and statistical methods. This method is improved on the basis of the RefineDet network by intro-
ducing a dual attention mechanism and replacing the TCB module with feature fusion RNN to enhance the recognition ability of small targets.
At the same time, adaptive Kalman filtering is used to predict trajectories, achieving real-time tracking of moving targets, avoiding erroneous
statistics caused by target distance and special action modes. Train network models with self built datasets and conduct tests in different scenar-
ios. The experimental results show that the proposed improved model has a MOTA improvement of 2.3% to 3.3% compared to contrast models.
The detection speed is faster while the accuracy is close to the latest model, basically meeting the real-time requirements; The comprehensive
evaluation index F value can reach over 95% in various scenarios, and the false detection rate in various actual scene detection is less than 0.3%.
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Fig.2 Improved RefineDet network structure
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Table 1 Performance comparison of different models

R1 TREEBERELLE

MT /% ML/%

sl MOTA T IDF1 T : | IDS| Hzt
RefineDet + DeepSORT 774 739 482 146 1175 243
JDE 764  68.1 473 162 1481 434
YOLOv5+DeepSORT 772 744 458 142 1242 263
MeMOT 81.3 785 552 131 772 128
ARG 79.7 776 538 134 854 326
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Table 2 Ablation study result
F2 HEMXLKER
R MOTA T IDF1 T IDS| Hz!
RefineDet + DeepSORT 77.4 739 1075 243

SIAGE I HLENY RefineDet+ DeepSORT — 79.1 753 1038  21.9
RefineDet +4% & H ARIRER R 122 783 764 977 363

AR 79.7 776 854 326

Table 3 Object detection performance

*3 BRI (%)
WS K% p EIEESS Fl
1 98.38 98.75 98.56
2 97.85 92.53 95.12
3 98.74 92.81 95.68

Table 4 Results of pedestrian flow statistics

x4 ARBHITER

AT i BN YNk it ANt WAL/ %
1 122 122 0
2 874 876 0.228
3 2 876 2871 0.174

Table 5 Results of vehicle flow statistics
x5 EREHITER

e e SR A Gt WRELH/ %
1 67 67 0
2 492 491 0.203
3 5 5 0
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Fig. 12 Video detection effects of the proposed model in three real
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