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Traffic sign recognition algorithm based on improved ResNet model
FU Rong, PENG Miao, LU Yang

(College of Mathematics and Computer, Jilin Normal University, Siping 136000, Jilin, China)

Abstract; The correct recognition of traffic signs is the key technology of intelligent driving and unmanned driving. This paper
proposes an image recognition method based on the modified residual network ResNet50 model. The circular LBP algorithm is
introduced to extract the texture information inside the image to form the texture map. The Efficient Channel Attention ( ECA)
mechanism is added to the network to improve the performance of the model, making the improved algorithm more suitable for
recognizing traffic signs. The accuracy rate on the GTSRB and BelgiumTS traffic sign datasets reached 99.7% and 98.3%,

respectively, effectively improving the accuracy of recognizing traffic signs and driving safety in the intelligent system.
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Fig. 6 ECA mechanism module diagram
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Fig. 11 Model training results of data set
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