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Human motion recognition based on ConvGRU and attention fea-
ture fusion
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(College of Big Data and Information Engineering, Guizhou University, Guiyang, Guizhou 550025, China)

Abstract: In the action recognition task,how to fully learn and utilize the correlation between the spatial
features and temporal features of the video is particularly important for the final recognition results. Ai-
ming at the problem that the traditional action recognition method ignores the correlation of spatio-tem-
poral features and small features,which leads to the decrease of recognition accuracy.,this paper proposes
a human action recognition method based on convolutional GRU (ConvGRU) and attentional feature fu-
sion (AFF). Firstly,the Xception network is used to obtain the spatial feature extraction network of vid-
eo frames,and the spatio-temporal excitation (STE) module and channel excitation (CE) module are in-
troduced to obtain the spatial features and strengthen the modeling ability of temporal actions. In addi-
tion, the traditional long short term memory (LLSTM) network is replaced by the ConvGRU network,
which uses convolution to further mine the spatial features of video frames while extracting temporal
features. Finally, the output classifier is improved, and the feature fusion module based on improved
multi-scale channel attention is introduced to strengthen the recognition ability of small features and im-
prove the accuracy of the model. The experimental results show that the recognition accuracy of 95. 66
% and 69. 82 % are achieved on the UCF101 dataset and the HMDB51 dataset, respectively. The algo-
rithm obtains more complete spatio-temporal features and is superior to the current mainstream models.
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Fig.9 Loss value changed with the number of epochs
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Tab.4 The impact of different modules

on the overall performance

Model structure Accuracy/ %
Xception+LSTM 88. 47
Xception+ ConvGRU 92.76
SC-Xception+ ConvGRU 93.58
SC-Xception + ConvGRU + AFF 94.71
SC-Xception + ConvGRU + MCAM-AFF 95. 66
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