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Design and optimization of a lightweight automotive detection system
and hardware acceleration platform based on MPSoC
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(1. Jiangsu Province Engineering Research Center of Integrated Circuit Reliability Technology and Testing System,
Wuxi University, Wuxi 214105, China; 2. College of Electrical and Information Engineering, Nanjing University of

Information Science &. Technology, Nanjing 210044, China)

Abstract: In response to the challenges regarding accuracy and real-time performance in vehicle classification detection,
this study proposes an improved lightweight model for vehicle detection based on YOLOv5s. The objective to achieve a
solution that balances high detection accuracy, swift detection, and low power consumption through a system designed
on an FPGA within an MPSoC hardware architecture. In order to make the model more suitable for embedded device
deployment, This research replaces the backbone network of YOLOv5s with MobileNetv3 Small and incorporates CBAM
attention mechanism and Inner-IoU Loss optimization. This modification aim to achieve lightweighting while enhancing
detection accuracy and speed. Compared to the original YOLOv5s model, the enhanced model exhibits a 14. 8% increase
in mAP, a reduction of 49.7% in parameters, a 40.7% decrease in model volume, and a 48.9% decrease in
computational load. On the NVIDIA 3060 platform, the improved detection speed has surged by 48.8% ., reaching
82 fps. Additionally, hardware acceleration using FPGA has been implemented for YOLOv5s. The optimized system
achieves a detection frame rate of 45 fps while maintaining high precision and speed. This system is easily deployable and
suits the demands of intelligent transportation systems, fulfilling the need for efficient real-time monitoring.
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Table 2 Performance comparison before and after improvement

W irEE R

| SR
/MB  /GFLOPs % /fps
YOLOv5s 7 096 833 27 18.0 42
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Table 3 Comparison results of different models

A5 A mAP@0.5 Kl i /fps &/ MB
YOLOv3-tiny 0. 692 96 13
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Table 4 Ablation experiment
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Table 5 Model test results on different platforms
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