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Design of Traffic Sign Recognition System Based on Transfer Learning
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(a. School of Mechanical and Electrical Engineering; b. Computation Center, Tangshan University,

Tangshan 063000, China)
Abstract; To meet the demand for traffic sign recognition in the field of autonomous driving,
a traffic sign recognition system based on transfer learning has been designed, which uses
pre-trained MobileNetV3 (excluding the output layer) as the feature extraction network,
and then adds two self-defined fully connected layers for signal classification and output.
Due to the adoption of transfer learning, the number of model parameters to be trained in
the deep learning network are significantly reduced, resulting in a considerable reduction in
training time. The system uses data from the classic Chinese Traffic Sign Database (CTS-
DB) as training and testing data for traffic signs. The training results indicate a low loss of
0. 0243 and a high accuracy of 99. 88% , while the testing results show that this traffic sign
recognition system can recognize 58 different classes of traffic signs,with an accuracy rate of
55.3%.
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