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Research on Online Anomaly Detection Models for
Multivariate Time Series

ZHANG Hongbin', XI Congting®?, TIAN Zheng', MA Yajie
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2. North China Electric Power Design Institute Co. , Ltd. , Beijing 100120, China)

Abstract; It is a core technical requirement for online multi-dimensional time series anomaly detection to ensure the sys-
tem stability, prevent failures, and reduce risks. To effectively detect the anomalies in multidimensional time series, a two-
layer adaptive multidimensional time series anomaly detection model (TAMAD) based on the characteristics of these anoma-
lies is proposed, which employs a hierarchical design, integrating kernel density estimation with joint survival functions to i-
dentify both local and global anomalies. To address the challenge of threshold determination in real-world scenarios, a dy-
namic threshold adjustment mechanism based on extreme value theory (EVT) is developed. Experimental results demon-

strate that the TAMAD model has optimal overall performance, balancing high precision with strong recall, making it suit-

able for reliability-critical scenarios. Simulation results further show that the model can effectively localize anomalies and

provide reasonable explanations for the anomalies.

Keywords: anomaly detection; multivariate time series; global anomalies; reasonable explanations
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