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Anomaly Detection Based on Deep Learning

Using Video for Prevention of Industrial Accident
OSatoshi HASHIMOTO (Chuo Univ.), Yonghoon JI (Chuo Univ.), Kenichi KUDO (Chuo Univ.),
Takayuki TAKAHASHI (Prima Meat Packers, Ltd.), and Kazunori UMEDA (Chuo Univ.)

Abstract: This paper proposes an anomaly detection method for the prevention of industrial accidents using machine learning
technology. Currently, a comprehensive system for preventing such accidents is basically done manually, and has not been
automated. In order to carry out anomaly detection reliably, a sequential skeleton map of a person is used as training data
from skeleton information extracted by OpenPose. Here, long short-term memory-based variational autoencoder (LSTM-
VAE) is applied as a deep learning model. It is confirmed that this produces detection results with higher accuracy than

conventional methods.
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Table 1 The list of actions

Normal action Abnormal action
Work (for training and test (for test dataset)
dataset)
1 Carry the chair with Carry the chair with
both hands one hand
P Cut the paper with Cut the paper with
both hands one hand
3 Discard trash Discard trash
in front of the box by throwing
4 Carry the box with Carry the box with
both hands one hand
5 - Dig in the trash box
6 - Work while running
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