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FoundationsType of anomalies
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Anomaly Detection methods: taxonomy
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Percentage

Anomaly Detection methods: taxonomy
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Anomaly Detection methodBistancebased

Methods that usealistance computatiofbetween subsequences (or group of subsequences) to detect
anomalies.
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Anomaly Detection methodBistancebased

Methods that usealistance computatiofbetween subsequences (or group of subsequences) to detect
anomalies.
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Anomaly Detection methodBistancebased

Methods that usealistance computatiofbetween subsequences (or group of subsequences) to detect
anomalies.
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Anomaly Detection methodBistancebased

Methods that usealistance computatiofbetween subsequences (or group of subsequences) to detect
anomalies.
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Anomaly Detection methodBistancebased

Methods that usealistance computatiofbetween subsequences (or group of subsequences) to detect
anomalies.
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Anomaly Detection methodBistancebased

Methods that usealistance computatiofbetween subsequences (or group of subsequences) to detect
anomalies.
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Anomaly Detection methodBistancebased

Methods that usealistance computatiofbetween subsequences (or group of subsequences) to detect
anomalies.
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Anomaly Detection methodBistancebased

Example of distance computatian

(a) Euclidean distance (b) DTW distance
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