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Abstract In order to solve the problem of recognition results of similar behaviors not being ideal owing to insufficient
extraction of spatio-temporal features, a large amount of network computing, and low computing efficiency in human
skeleton behavior recognition, a skeleton behavior recognition algorithm based on dense residual shift bitmap convolution
network is proposed. The pose estimation algorithm is used to extract human skeleton information, and the joint,
skeleton, and motion information of the skeleton are calculated by coordinate vector, and input into the network
respectively. The dense residual structure is introduced between the shift graph convolution modules to improve the
network performance and efficiency of extracting spatio-temporal features. The proposed algorithm can be applied to daily
behavior, such as walking, sitting, standing up, undressing, dressing, throwing, and falling. The recognition accuracy on
the self-made dataset is 81. 7% , and under the two evaluation criteria of NTU60 RGB+D dataset, the accuracy is 88. 1%

and 95. 3%, respectively, thus validating that the algorithm has excellent recognition accuracy.
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Fig.1 Diagram of system block
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Fig. 2 Shift convolution operation. (a) Node 1 shift; (b) node 2 shift; (¢) feature map after shift
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residual connection
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Table 1 Research on performance of multi-stream network on
NTU60 RGB+D dataset
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Table 2 Experimental data comparison of 7 behaviors on
DAILY dataset

Method CS /% CV /%
DRS-GCN(J) 88.1 95.3
DRS-GCN(B) 88.9 94.8

DRS-GCN(J-M) 86.8 93.6
DRS-GCN(B-M) 87.0 93.7
4s-DRS-GCN 90. 8 96. 3
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Fig.9 Confusion matrix of multi-class

Recall /% Precision /%

Class DRS-GCN  Shift-GCN  DRS-GCN = Shift-GCN
walking 73.1 75.0 73.1 69.2
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standing 84.8 72.6 86.7 82.2
donning 88.6 84.1 90.7 86.1
doffing 83.3 85.0 81.4 79.1
throwing 60.0 53.2 61.4 56.8
falling 95.0 94.9 97.4 94.9
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Fig. 10 Curves of training accuracy and loss value on DAILY dataset. (a) Accuracy; (b) loss value
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Table 3 Comparative analysis of three indicators on DAILY

dataset
Method Recall /%  Precision /%  Accuracy /%
Shift-GCN" 78.6 78.3 77.8
DRS-GCN 82.2 82.2 81.7
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Fig. 12 Curves of training accuracy and loss value on NTU60 RGB+D dataset. (CV). (a) Accuracy of CV; (b) loss value of CV
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Table 4 Comparison of experimental data between DRS-GCN and advanced algorithms on NTU60 RGB+D dataset

Accuracy /%

9
Method CsS v FLOPs /10
VA-LSTM™! 79.2 87.7
ST-GCN" 81.5 88.3
HCN™ 86.5 91.1
AS-GCN™ 86.8 94.2 27.0
2s-AGCN!M 88.5 95.1 35.8
Shift-GCN'™ 87.8 95.1 2.5
DRS-GCN 88.1 95.3 3.7
4s-DRS-GCN 90. 8 96.3 14.8
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