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Abstract: With the widespread application of anomaly detection technology in domains such as financial risk control, network security,
and medical diagnosis, addressing issues like the high cost of labeled data and elevated false-positive rates has become increasingly cru-
cial. In response to these challenges, active anomaly detection has emerged as an effective solution aimed at reducing false positive
rates and enhancing detection performance through an intelligent interactive learning framework. This paper provides an in-depth explo-
ration of anomaly detection and active anomaly detection, systematically elucidating the components of the latter and highlighting its
significance in minimizing data labeling costs and the occurrence of false alarms. Furthermore , the paper categorizes active anomaly de-
tection methods from three perspectives: anomaly classifiers, active data selection strategies, and the utilization of feedback informa-
tion. Finally,the paper analyzes the challenges encountered in active anomaly detection and proposes innovative directions for its future
progression.
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Fig.2 Active anomaly detection framework diagram
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Fig.3 Classification of anomaly detection models
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