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(d) Final encoding by the concatenation of up and down
neighbours' coordinates. Each join has a dim 9.
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T« Experiments : Ablation stud
b y

@ concatenation of joint's coordinates

Dataset Feature concatenation
No Yes

DHG (14 gestures) | 85.36 94.40

DHG (28 gestures) | 78.09 89.52

FPHA 83.48 94.61

@ Relevance of h'() and h?() statistics

Statistics | DHG (14 gestures) | DHG (28 gestures) | FPHA
only h*(.) 85.00 76.43 77.04
only h?(.) 89.29 86.07 93.57
Full 94.4 89.52 94.61
@ # of parameters
Model Number of parameters
ST-TS-HGR-NET 672,243
SRU-HOS-NET 18,894
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*f Experiments: Comparison with state of the art

g

@ Performance of our method and state-of-the-art methods on DHG dataset.
Accuracy (%)

Method Year Color Depth Pose RNN/LSTM 14 gestures 28 gestures
HON4D [Oreifej and Liu, 2013] 2013 X v X X 78.53 74.03
Devanne et al. [Devanne et al., 2015] 2015 X X v X 79.61 62.00
Huang et al. [Huang and Gool, 2017] 2017 X X v X 75.24 69.64
De Smedt et al. [Smedt et al., 2016] 2016 X X v X 88.24 81.90
Devineau et al. [Devineau et al., 2018] 2018 X X v X 91.28 84.35
SRU [Oliva et al., 2017] 2018 X X ' v 82.02 76.31
SRU-SPD [Chakraborty et al., 2018] 2018 X X v v 86.31 80.83
ST-TS-HGR-NET [Nguyen et al., 2019] 2019 X X v X 94.29 89.40
SRU-HOS-NET X X v v 94.40 89.52
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*‘f‘ Experiments: Comparison with state of the art

FPHA dataset.

Method Year Color Depth Pose RNN/LSTM Accuracy (%)
HON4D [Oreifej and Liu, 2013] 2013 X v X X 70.61
Novel View [Rahmani and Mian, 2016] 2016 X v X X 69.21
1-layer LSTM [Zhu et al., 2016] 2016 X X v v 78.73
2-layer LSTM [Zhu et al., 2016] 2016 X X v v 80.14
Moving Pose [Zanfir et al., 2013] 2013 X X v X 56.34
Lie Group [Vemulapalli et al., 2014] 2014 X X v X 82.69
HBRNN [Du et al., 2015] 2015 X X v v 77.40
Gram Matrix [Zhang et al., 2016] 2016 X X v X 85.39
TF [Garcia-Hernando and Kim, 2017] 2017 X X v X 80.69
JOULE-color [Hu et al., 2015] 2015 v X X X 66.78
JOULE-depth [Hu et al., 2015] 2015 X v X X 60.17
JOULE-pose [Hu et al., 2015] 2015 X X v X 74.60
JOULE-all [Hu et al., 2015] 2015 v v v X 78.78
Huang et al. [Huang and Gool, 2017] 2017 X X v X 84.35
Huang et al. [Huang et al., 2018] 2018 X X v X 77.57
SRU [Oliva et al., 2017] 2018 X X v v 72.17
SRU-SPD [Chakraborty et al., 2018] 2018 X X v v 78.96
ST-TS-HGR-NET [Nguyen et al., 2019] 2019 X X v X 93.22
SRU-HOS-NET X X v v 94.61
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*-f‘ Conclusion

A new RNN model for skeleton-based hand gesture recognition

integrate high-order statistics in the SRU for learning discriminative hand
gesture representations

competitive to the state of the art on DHG dataset

we outperform the state of the art by 1.39 percent on FPHA.
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