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Dynamic gesture recognition method based on attention mechanism
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[ Abstract] Recognizing dynamic gestures in real-time is a difficult task because the system can never know when or where the
gestures begin and end in the video stream. Due to its various applications, many researchers have been working on vision—based
gesture recognition. This paper proposes a deep learning framework based on the combination of 3D Convolutional Neural Network
(3D-CNN) and Long Short - Term Memory ( LSTM) network, and the whole architecture also incorporates the Attention
Mechanism (CBAM ). The proposed architecture extracts spatiotemporal information from video sequence input while avoiding
computationally intensive. 3D —CNN is used to extract spectral and spatial features, and then provide the feature image to the
attention mechanism module to enhance the representation ability of specific regions of the image while telling the model what to pay
attention to, and finally classify it through the LSTM network. the experimental results show that the proposed method can recognize
dynamic gestures well, and the recognition rate reaches 95.82% , which verifies the effectiveness of the proposed method. and
possibility.
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Fig. 1 LSTM network unit
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Tab. 1 Experimental results of data training and testing sets
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3D-CNN 96.45  0.133 7 88.08  0.462 8
LSTM 94.02  0.281 6 88.94  0.3427
3D-CNN +LSTM 98.58  0.032 27 91.22  0.3789
3D-CNN+CBAM +LSTM  97.28  0.080 61 95.58  0.1656
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