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Feature selection based causal network algorithm
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Abstract: A statistical definition of the reduct is propose and a RS feature selection algorithm upon the
definition is developed. A water—pollution multisensor fusion system is described by the causal network
model. Comparative test shows that with the selected features, the computation time of the causal
network searching algorithm is greatly saved, at the same time the classification accuracy is maintained.
Also it shows that the causal strength of the causal network model can be derived from the information
table by utilizing rough set theory.
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