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Regularized Fuzzy Twin Support Vector Machine

LI Kai GU Li-feng HU Shao-fang
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Abstract Fuzzy twin support vector machine is an important machine learning method and it overcomes the impact of
noise and outlier data on classification. However, this method still accomplishes minimization of empirical risk so that
overfitting is easily produced in the process of training. In order to solve this problem, a modified fuzzy twin support
vector machine model was presented by introducing regularized item. Classifier was obtained by using quadratic pro-
gramming and over-relaxation method to solve the model, Some UCI datasets were selected to conduct the experiments.

The results validates the effectiveness of the proposed method.
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