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ABSTRACT

As machine learning and artificial intelligence technologies become popular, various techniques

are being developed for the automation of vibration-based condition monitoring and diagnosis.

Variational autoencoder (VAE) is one of the models that generate new data based on training data.

It automatically extracts important features by reducing the dimension of data during training. This

characteristic enables it to represent the difference between multidimensional data as a single varia-

ble, and it can be directly applied to anomaly detection of machines. In addition, the importance of

information for anomaly detection can be easily adjusted by the weight of the input data; anomaly

detection based on user's knowledge rather than a simple data driven method is more suitable for the

industrial field.
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