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Human Action Recognition Based on Skeleton Edge Information Under Projection
Subspace

Abstract

Abstract: In recent years, human action recognition based on skeleton data has received a lot of attention
in the fields of computer vision and human-computer interaction. Most of the existing methods focus on
modeling the skeleton points in the original 3D coordinate space. However, skeleton points ignore the
physical chain structure of the human body itself, which makes it difficult to portray the local correlation
of human motion. In addition, due to the diversity of camera views, it is difficult to explore the
comprehensive representation of actions in different views under the original point-based 3D space. In
view of this, this paper proposed an action recognition method based on skeleton edge information in the
projection subspace. The method defined skeleton edge information combined with the body's own
connection for capturing the spatial characteristics of the action. The direction and size information of
skeleton edge motion was introduced on the basis of the skeleton edge information for capturing the
temporal characteristics of the action. The 2D projection subspace was used for action characterization
under different subspace perspectives. A suitable feature fusion strategy was explored, and the above
features were extracted comprehensively through the improved CNN framework. Experimental results on
two challenging large datasets NTU-RGB+D 60 (evaluation metrics are cross-subject and cross-view) and
NTU-RGB+D 120 (evaluation metrics are cross-subject and cross-set) show that compared with the
benchmark method, the proposed method improves the accuracy under the four metrics by 3.2%, 2.4%,
3.1%, and 5.8%, respectively.
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Abstract: In recent years, human action recognition based on skeleton data has received a lot of attention
in the fields of computer vision and human-computer interaction. Most of the existing methods focus on
modeling the skeleton points in the original 3D coordinate space. However, skeleton points ignore the
physical chain structure of the human body itself, which makes it difficult to portray the local correlation
of human motion. In addition, due to the diversity of camera views, it is difficult to explore the
comprehensive representation of actions in different views under the original point-based 3D space. In
view of this, this paper proposed an action recognition method based on skeleton edge information in the
projection subspace. The method defined skeleton edge information combined with the body's own

connection for capturing the spatial characteristics of the action. The direction and size information of
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skeleton edge motion was introduced on the basis of the skeleton edge information for capturing the

temporal characteristics of the action. The 2D projection subspace was used for action characterization

under different subspace perspectives. A suitable feature fusion strategy was explored, and the above

features were extracted comprehensively through the improved CNN framework. Experimental results on

two challenging large datasets NTU-RGB+D 60 (evaluation metrics are cross-subject and cross-view)

and NTU-RGB+D 120 (evaluation metrics are cross-subject and cross-set) show that compared with the

benchmark method, the proposed method improves the accuracy under the four metrics by 3.2%, 2.4%,

3.1%, and 5.8%, respectively.

Keywords: skeleton data; skeleton edges; edge direction; edge size; projection subspace
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Fig. 2 CNN-based skeleton action recognition flow
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Table 3 Comparison of experimental results between
proposed method and other methods on NTU-RGB+D 60

dataset
Jrik: Ay cs/% cv/%
Deep LSTM™ 2016 60.7 67.3
VA-LSTM™ 2017 79.2 87.7
TCN!M 2018 74.3 83.1
ElIAtt-GRU™! 2018 80.7 88.4
ARRN-GRU™! 2018 80.7 88.8
ST-GCN™ 2018 81.5 88.3
AS-GCN' 2019 86.8 94.2
PA-GCN!"" 2020 80.4 82.7
LSTM-+GCN!' 2020 84.8 90.2
CNN+LSTM™ 2021 79.2 85.6
DIF-CNN®! 2021 81.0 85.8
AFE-CNNE2! 2022 86.2 92.2
HCN™ (base) 2018 84.5 89.1
AITTiE 87.7 91.5
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Table 4 Comparison of experimental results between
proposed method and other methods on NTU-RGB+D 120

dataset

WARES Ay cs/% cset/%
ST-LSTM™! 2016 56.5 54.1
GCA-LSTM™ 2017 58.3 59.2
Two-stream network!” 2019 62.2 61.8
ST-GCN®! 2018 70.7 73.2
AS-GCNP! 2019 77.7 78.9
STF-GCNP! 2021 76.7 79.0
Synthesized CNNP"! 2017 60.3 63.2
Clips+CNN-+MTCNP 2018 622 61.8
SGN™! 2020 79.2 81.5
AFE-CNNPY 2022 80.4 81.6
HCN' (base) 2018 76.5 76.6
ATTiE 79.6 82.4
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