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Human Skeleton Action Recognition Algorithm Based on Dynamic Topological Graph
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Abstract Traditional human skeleton action recognition algorithms manually construct topological graphs to model the action se-
quence contained in multiple video frames and learn each video frame to reflect the data changes, which may lead to the high com-
putational cost.low network generalization performance and catastrophic forgetting. To solve these problems,a human skeleton
action recognition algorithm based on dynamic topological graph is proposed,in which the human skeleton topological graph is dy-
namically constructed based on continuous learning. Specifically, human skeleton sequence data with multi-relationship characte-
ristics are recoded into relationship triplets,and feature embedding is learned in a decoupling manner via the long short-term me-
mory network. When handling new skeleton relationship triplets, we dynamically construct the human skeleton topological graph
by a partial update mechanism,and then send it to the skeleton action recognition algorithm based on spatio-temporal graph con-
volution network for action recognition. Experimental results demonstrate that the proposed algorithm achieves 40% ,85% and
90 % recognition accuracy on three benchmark datasets, namely Kinetics-Skeleton, NTU-RGB+D(X-Sub) and NTU-RGB+D(X-
View) ,respectively, which improve the accuracy of human skeleton action recognition.

Keywords Human action recognition, Human skeleton data, Catastrophic forgetting, Continual learning. Graph convolution
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Fig. 1 Structure diagram of human skeleton action recognition

algorithm based on dynamic topological graph
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Table 1 Classification accuracy of our method on Kinetics-Skeleton dataset (top 60 categories)

Class 1 2 3 4 5 6 7 8 9 10

Accuracy 0.79 0.70 0. 35 0. 50 0.49 0.57 0.98 0. 94 0.70 0.48
Class 11 12 13 14 15 16 17 18 19 20

Accuracy 0.45 0.25 0.93 0.95 0.54 0.78 0.54 0.66 0.43 0.55
Class 21 22 23 24 25 26 27 28 29 30

Accuracy 0.46 0.67 0.88 0.87 0.56 0.43 0.23 0.65 0.83 0.77
Class 31 42 33 34 35 36 37 38 39 40

Accuracy 0.67 0.49 0.45 0.56 0.67 0.76 0.45 0.56 0.68 0.78
Class 41 42 43 44 45 16 17 48 49 50

Accuracy 0.76 0.51 0.57 0. 69 0.25 0.78 0.48 0.78 0.47 0.98
Class 51 52 53 54 55 56 57 58 59 60

Accuracy 0.79 0.68 0.59 0.87 0.96 0.75 0. 66 0.54 0. 88 0. 65

F 2 ARSI EEAE NTU-RGB+D(X-Sub) £ 45 - #9432 i ify %

Table 2 Classification accuracy of our method on NTU-RGB+ D(X-Sub) dataset
Class 1 2 3 4 5 6 7 8 9 10
Accuracy 0.99 1.0 0.49 0.50 0.99 0.27 1.00 0.94 0. 80 0.49
Class 11 12 13 14 15 16 17 18 19 20
Accuracy 0. 65 0.25 0.43 0.97 0.52 1.00 0.74 0.57 0.67 0.53
Class 21 22 23 24 25 26 27 28 29 30
Accuracy 0.57 0.99 1. 00 0. 64 0. 96 0.99 0.55 0.95 0.69 0.97
Class 31 42 33 34 35 36 37 38 39 40
Accuracy 1.00 0.78 1.00 1.00 0. 86 1.00 0.67 0.87 1.00 0.98
Class 41 42 43 44 45 46 47 48 49 50
Accuracy 0.96 0.61 0.55 0.99 0.25 0.98 0.58 0.58 0.97 0.78
Class 51 52 53 54 55 56 57 58 59 60

Accuracy 0.59 0.88 0.99 0.47

1. 00 1.00 1. 00 1. 00 0.33 1. 00

%3 AR HEAE NTU-RGB+D(X-View) 51 4 I 19 70 25 i R
Table 3 Classification accuracy of our method on NTU-RGB+ D(X-View) dataset

Class 1 2 3 4 5 6 7 8 9 10
Accuracy 1. 00 0.55 0.99 0. 60 0.54 0.67 0.83 0.93 0. 80 0. 80

Class 11 12 13 14 15 16 17 18 19 20
Accuracy 0.67 0.75 0.88 0.15 0. 20 0.99 0.59 0.72 0.54 0.55

Class 21 22 23 24 25 26 27 28 29 30
Accuracy 0. 80 0.99 1. 00 0.98 0. 84 0.59 0.94 0.99 0. 96 0.34

Class 31 42 33 34 35 36 37 38 39 40
Accuracy 0.94 0.97 0.98 0. 86 0.59 0.66 0.49 0.76 0. 89 1.00

Class 41 42 43 44 45 46 47 48 49 50
Accuracy 1.00 1.00 1.00 0. 37 0.61 1.000 1. 000 1.000 0. 39 0.99

Class 51 52 53 54 55 56 57 58 59 60
Accuracy 1. 00 0.49 1.00 0. 96 1. 00 1. 00 1. 00 0.63 1.00 1. 00
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