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Imbalanced dataset classification algorithm based on NDSVM

LIU Yueting
( School of Media Engineering » Lanzhou University of Arts and Science, Lanzhou 730000, China )

Abstract: Aimed at the data of uneven distribution and indistinct boundary in imbalanced dataset, imbalanced
dataset classification algorithm based on neighbor density support vector machine (NDSVM) is proposed. In
this algorithm, neighbor density value of each sample in the majority is solved firstly. According to the densi-
ty, the data which on the majority class border or close to the border is equal to the minority samples in quan-
tity, which are selected and the minority class complete SVM initial classification. Then the resulting support
vector machine and residual data in the majority class optimize the initial classifier. The simulation results of
experiments on the manual and UCI dataset show that compared with WSVM, ALSMOTE-SVM and SVM,
NDSVM has better classification performance, which effectively improve the classification performance of
SVM algorithm on the uneven distribution and indistinct boundary in imbalanced dataset.
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