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SKELETON-BASED HUMAN ACTION RECOGNITION

Graph Convolutional Networks (GCNs) have been successfully
used for Skeleton-based human action recognition.
Spatio-temporal graph:

® Nodes: 2D or 3D human body joint coordinates

®  Edges: spatial and temporal connections
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HOW TO MAKE ST-GCN MORE EFFICIENT?

Solution:
pay different levels of attention to different temporal stages
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SPATIAL ATTENTION
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= S Yan,Y. Xiong, and D. Lin, “Spatial temporal graph convolutional networks for skeleton-based action recognition,”
in AAAI conference onairtificial intelligence, 2018.
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SPATIAL ATTENTION
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= S Yan, Y. Xiong, and D. Lin, “Spatial temporal graph convolutionalnetworks for skeleton-based action recognition,”
iNAAAI conference onartificial intelligence, 2018.
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TEMPORAL CONVOLUTION
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Table. 1: Classification Accuracy on NTU-RGB+D Dataset

Method CS(%) CV(%) #Streams  Skel.sel.
R E S U LT S HBRNN (2015) 591 64.0 5 X
Deep LSTM (2016) 60.7 67.3 1 X
ST-LSTM (2016) 69.2 77.7 1 X
— STA-LSTM (2017) 73.4 81.2 1 v
VA-LSTM (2017) 79.2 87.7 1 X
ARRN-LSTM (2018) 80.7 88.8 2 X
. Two-Stream 3DCNN (2017) 66.8 72.6 2 X
Datasets: TCN (2017) 74.3 83.1 1 X
1 NTU-RGB+D Clips+CNN+MTLN (2017) 79.6 84.8 1 X
Synthesized CNN (2017) 80.0 87.2 1 X
2. Kinnetics-Skeleton 3scale ResNet152 (2017) 85.0 92.3 1 X
CNN+Motion+Trans (2017) 83.2 89.3 2 X
ST-GCN (2018) 81.5 88.3 1 X
DPRL+GCNN (2018) 83.5 89.8 1 v
AS-GCN (2019) 86.8 94.2 2 X
2s-AGCN (2019) 88.5 95.1 2 X
GCN-NAS (2020) 89.4 95.7 2 X
DGNN (2019) 89.9 96.1 4 X
TA-GCN (77 = 150) 87.97 94.2 1 v
2s-TA-GCN (T’ = 150) 88.5 95.1 2 v
4s-TA-GCN (T’ = 150) 89.91 95.8 4 v
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RESULTS

Table. 2: Classification Accuracy on Kinetics-Skeleton Dataset

Method Topl(%) Top5(%) #Streams  Skel.sel.
Datasets: Deep LSTM (2016) 16.4 35.3 1 X
1. NTU-RGB+D TCN (2017) 20.3 40.0 1 X
2. Kinnetics-Skeleton ST-GCN (2018) 30.7 52.8 1 X
AS-GCN (2019) 34.8 56.5 2 X
2s-AGCN (2019) 36.1 58.7 2 X
DGNN (2019) 36.9 59.6 4 X
GCN-NAS (2020) 37.1 60.1 2 X
1s-TA-GCN (T7 = 250) 34.95 57.28 1 v
2s-TA-GCN (T" = 250) 36.1 58.72 2 v
4s-TA-GCN (T’ = 250) 36.9 59.77 4 v
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COMPUTATIONAL COMPLEXITY

Table. 3: Computational Complexity on NTU-RGB+D Dataset

Method FLOPs # Params
1s-TA-GCN (7”7 = 150) X 1 X 1
2s-TA-GCN (T’ = 150) X 2 X 2
4s-TA-GCN (T’ = 150) X 4 X 4
ST-GCN X 2.9 x1.3
AS-GCN X 6.3 X 3.2
2s-AGCN X 6.6 X3
DGNN xX12.6 X 3.6
GCN-NAS x19.3 X 8.9
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