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A Study on Usage of Reconstruction Error of Deep Learning
for Anomaly Detection on Time-Series Data
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Deep learning, a type of machine learning, is recently attracting attention for its use of extracting features from
data automatically. Deep learning can extract features robustly even in data with noises. However, in data with
momentary anomaly, it will smoothen the anomaly as if it were noises, which makes it harder to detect anomaly in
practical use. In this paper, the usage of reconstruction error of deep learning for anomaly detection on time-series
data is considered. As a result, we found that the reconstruction error can be used as threshold to detect anomalies,
and the reconstruction data can eliminate artifacts of EEG data.
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