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Research on Algorithms for Text Detection and Recognition of
Traffic Signs in Natural Scenes

HU Gaoli, WEN Chengyu

(College of Communication Engineering, Chengdu University of Information Technology, Chengdu 610225, China)

Abstract ; Aiming at the problem of low identification rate of traffic text due to the adhesion of traffic sign text, complex
fonts, different sizes and shapes, and difficulty in branching in natural scenes, an improved traffic text detection and
recognition algorithm based on PSENet+CRNN is proposed. The detection algorithm uses PSENet as the basic network,
uses the feature enhancement module FEM to increase the acceptance domain of the model, and improves the feature
pyramid model of the hollow convolution to enhance the fusion ability of multi-branch deep semantic information. The
text recognition part uses CTC+CenterLoss in the CRNN model to realize the alignment of functions and labels, and solve
the problem of predicting repetition and alignment when predicting missing characters. Finally, it was verified on the
CTST-1600 data set. The detection accuracy rate reached 92.5% , and the character recognition rate reached 88.9% .
Compared with the original algorithm, the recognition rate increased by 4.3% and 2.3% , respectively. Experimental
results show that this method effectively improves the accuracy of model detection and recognition.

Keywords : PSENet ; CRNN ; traffic text;text detection ;character recognition



