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Two-person interaction behavior recognition based on joint data
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Abstract: In recent years, significant progress has been made in two-person interaction recognition based on RGB video, but there are
still many problems in RGB video data that seriously affect the recognition rate of two-person interaction. With the rapid development of
depth sensors (such as the Microsoft Kinect) , it is possible to directly obtain a data point that can track human movement, making up
for the lack of RGB video data. Therefore, a two-person interaction behavior recognition method based on node data is proposed. First,
HOJ3D features and joint distance features were calculated from the data of the node, and then were graphically sent into different
convolutional neural networks. Then, the two features were extracted and splicedtogether. Then, Softmax classifier was used for
classification and recognition. The test results of the method on the SBU Kinect action dataset show that the recognition accuracy of the
method has been improved to a certain extent, reaching 94.4%. The method is simple to implement, has the ability of real-time
processing, and has a good application prospect.
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Fig. 1 Framework flow chart
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Fig.2 Human skeleton and spherical coordinate system
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Fig. 7 Accuracy of joint data training and testing
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Table 2 Comparison between the experimental results

and the recognition results of other algorithms
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