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EX :https://algobeans.com/2016/09/14/k-nearest-neighbors-anomaly-detection-tutorial/
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Anomaly detection using HTM
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Anomaly detection using forecasting methods arima

and hwds (E. H. Pena, et al., 2013)

SXQl AJZt 2iH(DTW, Dynamic time wrapping),
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Lof: identifying density-based local outliers (M. M.
Breunig, et al., 2000)

Variational autoencoder based anomaly detection

using reconstruction probability (J. An, et al., 2015)

Unsupervised anomaly detection with generative

adversarial networks to guide marker discovery (T.
Schlegl et al., 2017)

TadGAN: Time Series Anomaly Detection Using

Generative Adversarial Networks (A. Geiger, et al., 2020)




