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Abstract: With the rapid development of intelligent transportation, it is of great significance to quickly and accurately identify traffic signs to

ensure traffic safety. In order to solve the problems of low accuracy and slow speed of traditional traffic sign recognition algorithms, this paper

studies a traffic sign detection algorithm based on the improved YOLOv8 model. Firstly, the spatial downsampling Conv—SPD module was de-

signed to improve the feature extraction ability. Then, the hybrid backbone network FasterNet—-EMA was constructed, and an efficient multi—

scale attention module was introduced to enhance the model’s attention to traffic signs. Finally, the loss function MPDIoU was optimized to im-

prove the accuracy of target detection. Experimental results show that compared with YOLOv8n, the improved algorithm improves the mAP@
0.5 and mAP@0.5:0.95 on the TT100K dataset by 7.3% and 6.9%, respectively, and the mAP@0.5 and mAP@0.5:0.95 on the CCTSDB-

2021 dataset by 3.6% and 1.9%, respectively. The results show that the improved algorithm improves the accuracy and robustness of traffic

sign detection, and provides a more practical perception scheme for the intelligent driving system.
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Table 2 Comparison results of performance indicators of the algorithms
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Faster R-CNN 72.7 53.7 42.4 28.326 90.6 69.3 37.4 28.326

YOLOv5n 73.9 55.8 113.3 2.664 89.3 68.5 103 2.664

YOLOv6n 68.2 50.7 121.4 4.248 89.2 72.5 109.6 4.248
YOLOv7-tiny 53.5 35.9 60.8 6.051 88.9 70.1 53 6.051
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Table 3 Performance comparison of attention mechanisms
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Table 4 Ablation experiments
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SGE 76.2 66.3 74.8 56.6 107.3

CA 74.6 66.4 73.5 55.2 108.4
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LSK 74 67.2 74.2 56 106.2

FasterNet-EMA 78.8 67.9 76.6 575 109.9
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Fig.7 Convergence curve of YOLOvVSn on the CCTSDB-2021 dataset
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Fig.8 Convergence curve of the improved model on the CCTSDB-2021 dataset
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