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Action recognition using geometric features and
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Abstract: To improve the accuracy of action recognition based on the human skeleton, an action recog-
nition method based on geometric features and a recurrent temporal attention network was proposed.
First, a vectorized form of the rotation matrix was defined to describe the relative geometric relation-
ship between body parts. The vectorized form was fused with joint coordinates and joint distances to
represent a skeleton in a video. A temporal attention method was then introduced. By considering the
weighted average of the previous frame, a multi-layer perceptron was used to learn the weight of the
current frame. Finally, the product of the feature vector and corresponding weight was propagated
through three layers of long short-term memory to predict the class label. The experimental results
show that the recognition accuracy of the proposed algorithm was superior to that of existing algo-
rithms. Specifically, experiments with the MSR-Action3D and UWA3D Multiview Activity II datasets
achieved 96. 93 and 80. 50% accuracy, respectively.
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Fig.1 An example of human skeleton
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Tab.1 Results comparison on MSR-Action3D dataset
2P
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Fig. 5 Confusion matrices on MSR-Action3D dataset
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Tab. 2 Results comparison on UWA3D Multiview Activity II dataset (%

Training views v, &V, v, &V, v, &V, V. &V V. &V, Vv, &V, Mean
Test view 2 V. \2 V. v, V; Vi V. Vi V; Vi V,

Ref. [21] 45.0 40.4 35.1 36.9 34.7 36.0 49.5 29.3 57.1 35.4 49.0 29.3 39.8

Ref. [20] 52.7 51.8 59.0 57.5 42.8 44.2 58.1 38.4 63.2 43.8 66.3 48.0 52.2

Ref. [22] 80.6 80.5 75.2 82.0 65.4 72.0 77.3 67.0 83.6 81.0 83.6 74.1 76.9

Ref. [13] 72.1 79.1 74.0 77.6 75.6 70.1 79.6 79.9 83.9 66.1 79.2 69.7 75.6

LSTM (JC+JJD) 60.6 62.3 51.0 60.3 53.1 60.4 68.4 61.2 71.1 58.7 66.4 48.2 60. 2

LSTM (~-+RGBP) 74.5 77.6 72.1 78.7 66.7 73.6 74.6 70.7 81.2 63.5 74.2 61.4 72.4

TA-LSTM (~+RGBP) 81.4 84.5 77.8 82.1 75.3 79.8 85.2 82.5 84.7 70.3 855 77.4 80.5
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