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Office Staff Behavior Recognition Based on ResNet-LSTM
with Attention Mechanism
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(College of Artificial Intelligence, Tianjin University of Science & Technology , Tianjin 300457, China)

Abstract: Aiming at the problem of confusion and high computational cost of feature extraction in time domain and space
domain in human behavior video analysis, a ResNet-LSTM-Attention network model is designed. The network extracts fea-
tures in space domain and time domain separately. For spatial dimension, frame images are put into ResNet model to extract
spatial dimension features. As to time dimension, multi-frame superimposed spatial dimension features are used as the input
of the LSTM and Attention fusion model. Finally, the output of softmax is the recognition result. The network model is ap-
plied to the office staff behavior video dataset collected in the laboratory for human behavior recognition experiments, and
then compared with the ResNet-LSTM model without Attention mechanism and C3D network model commonly used in
video analysis. The experimental results show that the new model not only has higher recognition accuracy, but also reduces
the complexity of network parameters and operation costs.
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Fig. 1 Residual block structure of ResNet
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Fig. 8 Loss change and accuracy change in C3D model
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Fig. 11 Loss change and accuracy change in time series

feature extraction layer of the new model
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