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A Clasdication Method For Imbaance Data
Set Based on Kernel SMOTE

ZENG Zhi-giang'* WU Qun’ L IAO Bei-shui® , GAO Ji?
(1. Department o Computer Science and Technology , Xiamen University d Techndlogy , Xiamen, Fujian 361024, China;
2. Colege d Computer Sdence and Techndogy , Zhgiang University , Hangzhou, Zhgiang 310027, China)

Abstract: An gpproach based on kerned SMOTE (Synthetic Minority Over-sampling Technique) to solve classification on
imbalance data set by Support Vector Machine (SVM) is presented. The method first oversamples the minority class in feature space
by kernel SMOTE al gorithm ,then the pre-images of the synthetic instances are found based on a distance relation between feature
space and input space. Finaly ,these pre-images are appended to the origina data set to train a SYM. Experiments on rea data sets
indicate that compared with SMOTE approach ,the samples constructed by the kernel SMOTE agorithm have the higher quality. As
a result ,the effectiveness of classification by SVM on imbaance data set is improved.
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