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Data Updating of Rough Relational Database
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Abstract According to the data characteristic of the rough relational database, this paper solves the problem of uncertainty data storage with

adjacency list and orthogonal list, and the adjacency list is for the equivalence classes storage and the orthogonal list for the basic table storage. The

data updating of RRDB is different from the relational database, in which the equivalence class updates according to the basic table. This kind of

storage structure can update the data quickly. In order to further discuss this problem, an algorithm for updating the data in RRDB is proposed and

illustrated by using soil analysis example.
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