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Error data detection and repairing in temporal data; a survey
DING Xiaoou, WANG Hongzhi, JIN Helin, GAO Meng
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[ Abstract] With the increasing quality requirement in data, time series data cleaning has attracted more attention in both research
series data cleaning.
=]

and application fields. Error data detection and repairing are two key steps in data cleaning process, where researchers have made a

lot of research and exploration. This paper introduces the progress of current research techniques from the aspects of time series data

quality problems, error data detection and error data repair steps, and reviews the difficulties and deficiencies of the current time
[ Key words] data cleaning; temporal data mining; anomaly detection; data quality management
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