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Human Action Recognition Method Based on Graph Attention Network
and Directed Graph Neural Network
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Abstract: The graph convolutional neural network based on human skeleton data is not easily affected by background environmental noise and
has strong robustness, which has become a research focus in the field of human action recognition at present. However, this network assigns
the same weight to different neighborhoods in the same order, which limits its ability to capture spatial information correlations. To this end, a
graph attention network weighted sum is introduced to sum the features of adjacent nodes, allowing each node to assign different weights based
on its adjacent features to enhance feature extraction and learning effectiveness. At the same time, in order to solve the problem of representing
the skeleton as an undirected graph, only the relationship between adjacent nodes or edges can be determined, which limits the ability to cap-
ture dependency relationships between nodes or edges. Introducing directed graph convolution, utilizing the feature information of first—order
and second-order adjacent nodes for graph convolution, not only preserves the directional features of the directed graph, but also expands the
perceptual domain of graph convolution, thereby extracting more features. The experiment shows that the proposed method can effectively im-
prove the accuracy of action recognition.
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Table 1 Comparison of accuracy of various methods on the NTU-RGB+D dataset
#1 NTU-RGB+D#E&E & FHEBELE
WiRis X-Sub X-View
Lie Group!'” 50.1 82.8
STA-LSTM!*! 73.4 81.2
GCA-LSTM" ! 76.1 84.0
TCN™20! 74.3 83.1
ST-GCN'* 81.5 88.3
2s=AGCN'2! 88.5 95.1
DGNNLe! 89.9 96.1
A 91.2 97.1
Table 2 Comparison of accuracy of various methods on the Kinetics—Skeleton dataset
%2 7EKinetics—Skeleton ##E & F & EBE LR
Jrid Top—-1 Top-5
Deep LSTM 16.4 35.3
TCN™20! 20.3 40.0
ST-GCN'™ 30.7 52.8
2s-AGCN'! 36.1 58.7
DGNN'®! 36.9 59.6
AR 37.3 60.3
Confusion matrix Confusion matrix
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Fig.2 Confusion matrices of DGNN and the proposed method
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