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Human Interaction Prediction Algorithm Based on Statistical
Features of Interest Points
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Abstract : A human interaction prediction algorithm based on statistical features of interest points method is proposed to solve the problem
that human interaction needs to be predicted quickly and timely in some complex and sensitive scenarios. First, the spatio—temporal
interest points are extracted and performed 3D -SIFT description, then the bag of words is used to represent the action video. In the
training , Gaussian models are used to establish the action model for each action at different time scales. In the prediction, the bag of words
representation is extracted and compared with the established prediction models of different time lengths to obtain similar prediction proba-
bilities between the models for an action video of unknown length. Finally, the recognition and prediction of interaction prediction is

completed. The experiment on UT—interaction dataset demonstrates that the proposed approach is easy to implement with better real-time

performance and predictive effect.
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