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Summary of feature selection algorithms
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Abstract: Feature selection is one of the key processes in pattern recognition. The accuracy and generalization capability
of classifier are affected by the result of feature selection directly. Firstly, the framework of feature selection algorithm
is analyzed. Then feature selection algorithm is classified and analyzed from two points which are searching strategy and

evaluation criterion. Finally, the problem is given to solve real-world applications by analyzing infection factors in the feature

selection technology.
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