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Research on a small-sample traffic police key gesture recognition algorithm
based on transfer learning

LI Chaojun

( Department of Computer and Information Engineering, Shanxi Institute of Energy, Jinzhong 030600, Shanxi, China)

Abstract; With the development of intelligent transportation systems, traffic police gesture recognition has become an important
research direction for achieving human—machine collaborative command. However, due to the difficulty in obtaining gesture data
and limited sample size, traditional deep learning methods are prone to overfitting on small datasets. This paper proposes a traffic
police key gesture recognition algorithm based on VGG16 transfer learning, by enhancing the self —collected small —sample key
gesture data and combining the fine—tune strategy to optimize model performance. Experimental results show that this method
outperforms traditional methods that train from scratch and only train the top—level classifier in terms of recognition accuracy,
convergence speed, and generalization ability. The classification accuracy reaches 97. 73%, indicating good practical application
prospects.
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Fig. 1 Key gesture data of traffic police
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Fig. 8 Process of transfer learning
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Fig. 15 The accuracy curves of the three networks
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Fig. 18 Comparison of accuracy before and after data enhancement
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