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Hybrid Skeleton Sequence Augmentation Method Based on Specific
Frame Groups and Topological Regions

BAI Yongguo'?, LI Xi"*, SHEN Yanwen'*, XU Dahong'?, LIU Hong'*, GUO Jianping*?*, ZHANG Yihan**

(1. College of Information Science and Engineering , Hunan Normal University ;2. Key Laboratory of Sports Intelligence Research ,
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Abstract: Skeleton data augmentation is crucial for skeleton behavior recognition based on contrastive learning, and a global augmentation
mode is usually used to uniformly transform all joint parts of each frame of the skeleton sequence. However, in practical scenarios, the seman-
tic information of skeleton data has local characteristics and is often concentrated in local frames or joint points. Relying solely on a global ap-
proach cannot fully capture the local relationships between joints, making it difficult to obtain high—quality samples that effectively reflect lo-
cal features. To this end, a data augmentation method SFG=TR based on a hybrid skeleton sequence of motion attention selected frame groups
and semantic perception topology regions is proposed to obtain high—quality enhanced samples. Specifically, the frame group selection strategy
based on motion attention helps the model lock onto specific frame groups, and the semantic perception topology region strategy enhances the
model’s ability to capture key joint point features. These key joint points can more accurately express the semantic features of human move-
ments. The recognition accuracy of this method on the joint flow (X=Sub) of the NTU-RGB+D dataset reached 80.1%, and on the joint flow
(X=Sub) of the NTU120-RGB+D dataset reached 69.1%, verifying its effectiveness.

Key Words: action recognition; contrastive learning; graph convolutional neural network ; skeleton sequence; hybrid skeleton sequence aug-

mentation; data augmentation
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Fig.2 Motion—attention frame group selection strategy
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Fig.3 Skeleton topology diagram of the ""combing hair'" action
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Table 1 Comparison of recognition accuracy across different training

epochs
F1 AEINZGEERA ERELR (%)
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100 82.8 76.0
200 84.5 77.6
300 85.1 80.1
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Table 2 Comparison of recognition accuracy for different values of

momentum coefficient m

R2 FEFHEREm TR ERE (%)
kR m X-View X-Sub
0 10.9 12.0
0.9 76.6 48.4
0.999 85.1 80.1
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Table 3 Comparison results of SFG-TR and SketchMixCLR
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. el VX—Sul) ‘X—View ‘X—Sub 'X—Set
HEH e HEH e

A A A A
] 716 84.5 67.6 67.6
SkeleMixCLR M 736 78.3 48.8 533
B 769 82.0 66.1 56.2
3s-SkeleMixCLR J+M+B 81.3 86.4 70.2 68.1
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Table 4 Comparison of recognition accuracy between the proposed

method and advanced methods on the NTU-60 dataset
R4 KXFESEHFFEENTU-60 5L LHIRS ERE LR
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Wl Jrik -
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LA AimCLR 74.3 79.7
PSTL 773 81.8
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3s-AimCLR 78.9 83.8
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=it 3s—CrosSCLR 77.8 83.4
3s-HiCLR 80.4 85.5
3s-SFG-TR 82.6 87.2
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Table 5 Comparison of recognition accuracy between the proposed
method and advanced methods on the NTU-120 dataset
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3s-HiCLR 70.0 70.4
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Table 6 Results of the ablation study on the NTU-60 dataset
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