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Feature Weighted K Nearest Neighbor Algorithm with SVM

CHEN Zhen zhou" >, LI Lei's YAO Zheng an”
(1. Institute of Software, Sun Yat sen University, Guangzhou 510275, China;

2. School of Mathematics and Computational Sciences, Sun Yatsen University, Guangzhou 510275, China)

Abstract: As a nonparametric appwach, K Nearest Neighbor (K NN) algorithm is very efficient and easily to be

realized. The & NN algorithm has been successfully used in classification, regression and patiern recognition. Two

aspects the weight of samples and the weight of features, must be paid attention to when applying K NN to solve

pwoblems. SVM (support vector machine) to quantify the weight of features was used and FWKNN (feaure weighted K -

nearest neighbor algorithm with SVM ) was pwoposed. Experiments on artificial and natural datasets FWKNN was proposed

showed that, in most cases, FWKNN improve the accuracy of classification.
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