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4 YOLOvS5s+Bi#F Neck 7.2 92,1 74.6 92.3 47
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&2 EBRANHIXIEL LK

Table 2 Comparative experiment on attention mechanism
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3 YOLOv5s+CA 7.1 9.2 712 910
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Table 3  Partial comparative experiments of HASPP
5 d P/ % R/ % mAP/%
1 2,2,2 91.0 74.1 91.4
2 3,3,3 91.2 73.8 91.2
3 4.,4.4 90. 4 73.7 90. 1
4 1,2,3 92.8 73.6 93.6
5 1,2,5 93.7 73.7 94. 1
6 1,3,5 94.0 74.1 94. 4
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LI Menghao, et al.Traffic sign detection based on improved YOLOvSs.
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Traffic sign detection based on improved YOLOVSs

LI Menghao' YUAN Sannan'
1 College of Electronics and Information Engineering, Shanghai University of Electric Power, Shanghai 201306, China

Abstract An algorithm based on improved YOLOvSs is proposed to address the problems of small percentage of
traffic signs in the image ,low detection accuracy and complex surrounding environment. First, the attention mecha-
nism of ECA (Efficient Channel Attention) is added to the backbone network part to enhance the feature extraction
ability of the network and effectively solve the problem of complex surrounding environment.Second , the HASPP
(Hybrid Atrous Spatial Pyramid Pooling) is proposed,which enhances the network’s ability to combine context.Fi-
nally , the neck structure in the network is modified to allow efficient fusion of high level features with underlying
features while avoiding information loss across convolutional layers. Experimental results show that the improved al-
gorithm achieves an average detection accuracy of 94. 4% ,a recall rate of 74. 1% and an accuracy rate of 94. 0% on
the traffic signage dataset, which were 3.7,2.8,and 3.4 percentage points higher than the original algorithm, re-
spectively.

Key words traffic sign detection ;small target detection; YOLOvSs ;attention mechanism ;feature extraction ;hybrid

atrous spatial pyramid pooling ( HASPP)



