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Traffic Sign Recognition Algorithm Based on Weak Light *

ZHANG Na, LI Zhigang "
(College of Artificial Intelligence ,North China University of Science and Technology, Tangshan Hebei 063210, China)

Abstract: Aiming at the problem that traffic signs are difficult to be recognized due to the poor quality of images obtained by automatic
driving sensing equipment under weak light environment, a traffic sign recognition method under weak light is proposed. An improved
Regnet model is used to identify traffic sign images illumination-enhanced by RetinexNet model. Experimental results show that the pro-
posed recognition method can reach 99.67% of accuracy,100% of F1 value,100% of recall rate and 100% of precision on the data set
of traffic signs under weak light. Compared with the classical deep learning Resnet101 model, the four evaluation indexes are improved
by 1.43% ,1.91% ,1.9% and 1.48% respectively.
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