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Improved Lightweight Traffic Sign Detection Algorithm of YOLOVS

JIA Zihao', WANG Wenqing', LIU Guangcan®

(1. College of Automation, Nanjing University of Information Science and Technology, Nanjing 210044, China; 2. School of
Automation, Southeast University, Nanjing 210096, China)

Abstract: With the rapid development of science and technology and artificial intelligence, people are more
and more inclined to driverless technology. Considering the safety problem, aiming at the real-time
detection of traffic signs during driving, the algorithm is improved on the basis of YOLOv5 model, and a
lightweight traffic sign detection algorithm is proposed. The attention mechanism is added to the feature
fusion part of the model, which can make the model more prominent target features. Then a lightweight
sub-pixel convolution layer is added in front of the detection layer to effectively improve the resolution of
the detection feature map without increasing the amount of computation. Finally, the loss function CloU
(Complete intersection over union) is improved, which speeds up the convergence speed of the network,
and the convergence effect is better than that before the improvement. The experimental results show that
the accuracy of this model reaches 90.6% , which is 14.5% higher than the basic network, and the
detection speed reaches 70 frames / s, which basically meets the real-time accurate detection of traffic
signs.

Key words: object detection; lightweight; attention mechanism; sub-pixel convolution; feature fusion
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Fig.11 Comparison of detection results before and after improvement
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Table 2 YOLO algorithm comparison

(NS P/% R/% mAP/%  KIEEE/(M-sT)  BHE/MB HR/GB
YOLOv5n 84.1 69.5 76.1 90.7 1.85 4.3
YOLOv5s 90.9 74.3 79.9 53.9 7.07 16.0
YOLOv5m 87.3 78.5 85.7 30.6 22.5 45.3
YOLOVS5I 88.4 85.4 91.6 16.1 46.2 108.2

AL 87.1 84.3 90.6 70.5 1.83 5.2
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Table 3 Algorithm comparison

mAP/ R/ S/ iR/

ik % (Myi-s) MB GB
YOLOv5s 79.9 53.9 7.07  16.0
YOLOv5n 76.1 90.7 1.85 4.3
Fasterr RCNN 62.6 11.8 52.6 91.1
Cascade-RCNN  64.1 14.7 68.96  118.86
FCOS 66.2 21.7 31.88  78.98
GFL 71.2 18.8 32.07  82.12
FA-SSD 80.2 13.6 4.5 8.91
A3 90.6 70.5 1.83 5.2
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