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Detection of Sabotage Motion by Time Series Analysis of Video
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In this research, a new method was developed to identify the “hand motion” of malicious sabotage behaviors.
The Auto-encoder and Auto Associative Neural Network were applied for identification, and the time-series
data of finger tips position were used as the training data of these Machine Learning. The identification

reliability was more than 66%.
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Fig.1 Deep-learning using Auto-encoder [2]
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Fig.2 Deep-learning using AANN [3]
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Fig.3 Output of Auto-encoder for 5 motions and unknown
motion
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Fig.4 Output of AANN for 5 motions and unknown motion
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Fig.5 Identification Results of 5 motions and unknown
motion by AANN
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