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work operation and maintenance. KPI (key performance indicator) anomaly detection is an underlying core technol-

ogy of intelligent operation and maintenance. A survey on the KPI anomaly detection technology was given. Firstly,

the KPI data and KPI anomalies were described. Then the research progress of single-dimensional KPI and mul-

ti-dimensional KPI anomaly detection were introduced. Then, the deployment and application problems of KPI ano-

maly detection were analyzed. Finally, future research directions were discussed.

Key words: intelligent operation and maintenance, KPI, anomaly detection
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