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Fault Diagnosis Method Based on Machine Learning using Time-Series Sensor Data
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The progress of Internet of Things (loT) technologies has expedited the collection of time-series sensor data from various equipment in social
infrastructure facilities and manufacturing sites. Particularly in the case of facility monitoring systems, attention is being increasingly focused on
the effective utilization of large volumes of time-series data for anomaly detection and prediction.

In this context, Toshiba Corporation has developed a fault diagnosis method incorporating the following methods based on machine learning: (1)
anomaly detection to warn of the risk of changes from normality to abnormality with certainty, (2) anomaly detection to offer grounds for abnor-
mality determination by learning normal waveform patterns of time-series data, and (3) anomaly prediction to follow numerous state variations by
continuously learning the waveform patterns of time-series data. We are now carrying out the verification of elemental performance aimed at the

practical application of these methods to the operation and maintenance of a wide variety of facilities.
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Classification of fault diagnosis methods using time-series
waveforms
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Selection of anomaly detection model in delayed long short-term
memory (dLSTM) method
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Comparison of anomaly detection using conventional and dLSTM
methods
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Outline of one-class learning time-series shapelets (OCLTS) method
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Outline of online prediction of stream data with self-adaptive
memory (OPOSSAM) method
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Results of benchmark comparison of prediction errors in case of
using public time-series datasets
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