Anomaly Detection In Time Series:

A Comprehensive Evaluation

Detecting anomalies in time series is of central interest in many areas because anomalies can indicate important events, such as
production faults or heart flicker. Data scientists have developed more 150 specialized algorithms for the automatic detection of
anomalous subsequences to deal with the time series’ size and complex patterns. However, choosing good algorithms for specific
use cases is difficult because no comprehensive study that systematically evaluates the different approaches exists. In our
comprehensive study, we carefully evaluate 71 state-of-the-art anomaly detection algorithms on 967 time series datasets.
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