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Anomaly detection based on contrast convolutional neural network
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Abstract: Aiming at the problems of fuzzy and spatio—temporal incompleteness of interactive objects in human—computer real—time
interaction scenes, a contrast convolutional neural network is proposed to study anomaly detection from the robot perspective. Firstly,
the difference map and energy map between image sequences are constructed by using Gaussian convolution according to Gestalt
principle, and the consistency histogram is established based on Kulback-Liebler divergence. Then, two parallel convolutional neural
networks are used to extract the features of the consistent histogram, and the difference statistics are carried out according to the log—
likelihood distribution. Finally, the spatial and temporal relationship of the two networks is characterized by the global distribution
probability, and the network is constructed by comparison and serial operation. Experiments are carried out on interactive behavior
database, and the average recognition rate of the proposed method is 79. 3%, which has higher accuracy than other methods.
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Fig. 1 Architecture of contrast convolutional neural network
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Fig. 2 Examples of anomaly detection database
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Table 1 Confusion matrix of anomaly detection ( Loss/Loss2/Loss3)
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Table 2  Comparison of results of different anomaly detection
methods
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