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Abstract : Most of the time series’ anomaly detections are processed with the similarity analysis, and their time complexity is rather high.
In order to reduce the time of anomaly detection, it studies and discusses the method of knowledge granularity in this paper. Knowledge
granularity is widely applied in the anomaly detection of data,but rarely used in anomaly detection on time series. In view of context de-
pendent anomaly ( point) detection in time series, the knowledge—-granularity—based anomaly detection is proposed to search the anoma-
lous data in time series,in which the more the attributes are, the finer the detection granularity is. Experiments show that the method based
on knowledge granularity does not require a priori information, partition of the abnormal data and normal data through the combination of
the attributes without analysis of historical data previously,and the efficiency of anomaly detection has been improved. The knowledge

granularity method is very prominent in the research of uncertain information processing. It tries to apply the knowledge granularity in the

anomaly detection of time series in this paper,thus to provide a new approach for anomaly detection of time series.
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