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Implementation of GA-based Feature Subset Selection Combined with
SVM for Biological Water Quality Monitoring

DU Qiu-ju, XU Jian-yu', GE Ying-hui
( Faculty of Electrical Engineering and Computer Science, Ningbo University, Ningbo 315211, China )

Abstract: In recent years, the water pollution incidents have been reported more frequently than ever before,
imposing hazards to the drinking water. Bio-monitoring method can be used to perform a comprehensive check
and analysis of water quality. In this article, Danio rerio is selected as a testing organism, the fish responding to
stress under the action of toxic substances is observed. Image processing technique is used to quantify the fish
population parameters. The support vector machine (SVM) and genetic algorithm with characteristic
chromosome are applied for feature selection and SVM parameter optimization simultaneously, analyzing the
key quantitative parameters issuing the water quality warning. The method reported in this work achieves higher
accuracy than both Grid algorithm and the genetic algorithm without characteristic chromosome.

Key words: water quality monitoring; Danio rerio; feature subset; genetic algorithm; support vector machine
(SVM)



