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Lightweight traffic sign detection algorithm based on YOLOVS

Zhang Shang"? Wang Hengtao'® Ran Xiukang®
(1. Hubei Province Engineering Technology Research Center for Construction Quality Testing Equipment, China Three Gorges
University, Yichang 113002, China; 2. College of Computer and Information, China Three Gorges University, Yichang 113002, China;
3. College of Electrical and New Energy, China Three Gorges University, Yichang 443002, China)

Abstract: Aiming at the shortcomings of traffic sign detection algorithm, such as high network complexity, large
amount of calculation and difficult to be applied at the edge. A lightweight traffic sign target detection algorithm based
on YOLOVS is proposed. By increasing the attention mechanism and using the fusion of CBAM and CA, the anti-
interference ability of the detection model is strengthened; Through FPGM pruning, the model is compressed to reduce
the amount of calculation and improve the reasoning speed; Through the integration design of software and hardware,
YOILOv5s model and hardware are integrated to form a complete set of mobile intelligent traffic sign target detection
system; The results show that the accuracy of the model is improved by 2.8% after adding multiple attention
mechanisms. In the case of extreme pruning, the model is only 0. 54 MB. Under the environment of Jetson Nano (20
W), the detection speed is up to 21 frames/s, which meets the real-time traffic sign detection.
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% 2 Jetson Nano FL B 5%

ZH EE
GPU NVIDIA 128-core Maxwell
CPU Quad-corc ARM Cortex-A57
Memory 4GB 64 bit LPDDR4 25.6 GB/s
Storage 16 GB eMMC 5.1
Display HDMIZ2. 0 and eDP1. 4
USB 4 X USB3. 0,USB2. 0 Micro-B
B E28: CUDAL0. 2
camera Raspberry Pi v2
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