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Anomaly Detection Based on Deep Learning

Using Skeleton Information for Prevention of Industrial Accident
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In Japan, the number of casualties due to an industrial accident in 2009 was 114,154 people. Currently, a
comprehensive system to prevent such an accident is basically done manually. Furthermore, it has not been automated.
Therefore, in this study, we develop an anomaly detection method for the prevention of industrial accident using
machine learning technology. In order to carry out anomaly detection reliably, we use a skeleton map of a person as
training data from skeleton information extracted by OpenPose. Here, Variation Autoencoder (VAE) is applied as a
deep learning model. We confirm that detection results with high accuracy are produced compared with the

conventional method.
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Fig. 1 Proposal framework

2.2 OpenPose AL\ BHBEROME

2.1 HIZC, R L7z AJTEIZ%E LT, OpenPose & HWT
N OERAERZ TS 5. OpenPose & 1%, Cao H[4]DEH
WEFEEFEE LT 4477 U THY, Convolutional Neural
Network (CNN) ZHAADOED Z & T 1 BOBEB)NS 25 &
TN D BEFIEEDOE M E1T O Z ENTFRETH 5. RIT, 15
DITEREERICATLER A HE L, FEEHR~ > 7°’(i’f/EEJZTé.
ATLEE DAL % Fig. 2 {2 9. £9, OpenPose AW TH L
NI N OB FEIG 2, B OMIEZ P& LT 480X480 DY

N2 0 LD . RIZ, 28X 28 DA RITIKAEG AL 24T 5 .

No. 19-2 Proceedings of the 2019 JSME Conference on Robotics and Mechatronics, Hiroshima, Japan, June 5-8, 2019
2A1-GO03(1)



ZZTTHBEITFEE LTS ) =T RERAWD. KB, L
427%wm&2@m%ﬁw,%%%%7y7%¢mfa

o

28x28

480 % 480

640 < 480
Fig. 2 Skeleton map from skeleton information
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Fig. 3 Framework of VAE
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Fig. 6 Inputs and outputs of VAE
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