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Imbalanced Data Classification Method Based on Support Vector Over-sampling
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Abstract Traditional support vector machine has drawbacks in dealing with imbalanced data. In order to improve the
recognition accuracy of the minority class, an over-sampling method based on support vector was proposed. Firstly, K
nearest neighbor technology is used to remove the noise from the original data set. Support vector machine learning is
then used to obtain the support vector. Noise obeying a certain rule is added to each support vectors of the minority
class to increase the number of minority class samples in order to obtain the relative balanced data set, Finally, the sup-

port vector machine is learned on the new data set, The experimental results show that the proposed method is effective

on both artificial data sets and UCI standard data sets.
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