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Infrared Human Action Recognition based on Two-Stream
Network and Transfer Learning

CHENG Rui', CHEN Chong'*>, HUANG Ruifeng'*, GUO Kun’
(1. School of Electronics and Information Engineering, Anhui Jianzhu University , Hefei 231600, China;2. Anhui International Joint Re-
search Center for Ancient Architecture Intellisencing and Multi-Dimensional Modeling, Hefei 231600, China ;3. Border Town Xujiabian Tech-

nical Maintenance Room of Jurong City,Zhenjiang Jiangsu Province ,Zhenjiang 212416, China)

Abstract ; Aiming at the problem that traditional pre-training models cannot make full use of the temporal information of
infrared human action data, this paper proposes an infrared human action recognition method based on two-stream net-
work and transfer learning. In this paper, firstly, the images of motion history and optical flow are extracted from the o-
riginal video and stacked using asliding window; secondly, based on the similarity between visible action data and infra-
red action data, a two-stream pre-training network is designed and the parameters of the network model pre-trained with
visible action data are shared with the infrared human action recognition network model through transfer learning, so as
to extract the features of infrared action data. Then, the exiracted features, which is the input of the two-stream network ,
are used to further extract infrared human action information, and Softmax fusion is replaced by parallel feature fusion in
the feature fusion. The experimental results show that the proposed method achieves an accuracy of 78.52% on the NTU
RGB+D dataset, which has a good classification effect.

Keywords : human action recognition ;transfer learning ; two-stream network ; infra-red ; visible light



