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Dynamic Desture Recognition Based on Sequence Feature 2D CNN

LI Zhenyu, ZHANG Liming, DENG Xiangyang, WANG Yanzhe

(Naval Aviation University, Yantai 264001, China)

Abstract: In order to balance the recognition accuracy and running speed, this paper improved 2D
convolutional neural network to extract multi-frame features and used long short-term memory ( LSTM) to
process the feature sequences, and used the softmax classifier to output the classification results. The
experimental results show that the recognition accuracy of the 2D CNN network based on sequence features
on the CHGDs dataset is 86.97% , which is 11.99% higher than that of the CNN convolutional neural
network. Compared with the performance of 3D CNN, the speed is 6.98 of 3D CNN Times.

Key words: deep learning; dynamic gesture recognition; 2D convolutional neural network; 3D

convolutional neural network ; long short-term memory ( LSTM)
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