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Design and implementation of a drone-based traffic monitoring system
using the PLCnext platform

Qin Dong’ Ren Xiaoming' Ye Zhou' Chen Jian®
(1. School of Electrical Engineering, Shanghai Dianji University,Shanghai 200240, China;2. School of Electronic Information
and Electrical Engineering, Shanghai Jiao Tong University,Shanghai 200240, China)

Abstract: To improve traffic monitoring efficiency, particularly in situations where the field of view of fixed road
cameras is limited, a drone-based traffic monitoring system using the PLCnext platform is proposed. This system
integrates YOLOvV9 deep learning technology. enabling two UAVs equipped with cameras to cooperate with the
PLCnext platform. This collaboration provides broader coverage and more flexible monitoring capabilities for real-time
vehicle surveillance. To enhance detection accuracy in low-resolution aerial images, a new model, YOLOv9s-
SPDADown-LLSK, is introduced. The model utilizes a SPD layer to improve image detail retention, optimizes the
downsampling process with the ADown module, and incorporates the LLSK attention mechanism in the backbone
network to enhance feature extraction. Experimental results indicate that the system achieves an image processing delay
of approximately 80 ms, with the modified model reaching mAP@ 0.5 and mAP@ 0. 5:0. 95 values of 96.3% and
82.7% . respectively. The detection accuracy stands at 97.2%, significantly reducing false positives and false
negatives, thereby validating the system's feasibility and the effectiveness of the proposed algorithm.
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Table 1 Main hardware parameters of the flight control
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Fig. 2 Pitch angle directional control structure
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Table 3 Comparison experiment

[oRK=RPR P/% R/% F1/% mAP@0.5/% mAP@0.5:0.95/% Z%&E/M  GFLOPs
YOLOv5-s 92.3 91.8  92.0 94.1 77.7 7.0 15. 8
YOLOv9-c 91.0  90.8  90.9 95. 8 84. 9 50. 6 236. 6
YOLOvYs 94.0  91.8  92.9 95. 3 81. 8 9.59 38.7
YOLOv9s-HWD 92.2  81.2  86.4 90. 1 71.2 9.12 37.2
YOLOv9s-GhostConv 91.4 92.4  91.9 94. 1 78. 8 9.58 38.2
YOLOv9s-C2f 87.5 94. 1 90. 7 95. 2 80. 8 9.18 38.1
YOLOv9s-C3 88. 3 93.3  90.7 96. 0 81.2 9. 36 37.3
YOLOv9s-SPDADown-LSK  97. 2 96.0  96.6 96. 3 82.7 9. 69 39.1
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Table 4 Ablation experiment

¥ SPDConv SPDAdown LSK P/% R/ % mAP@0. 5/ % mAP@0. 5:0.95/%
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(b) YOLOV9-s detection results
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Fig. 10 Comparison between the original model and the improved model of YOLOvV9-s
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Fig. 11 Effectiveness of target detection in three types of complex scenes
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Fig. 12 System tests
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