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Sparse Regularization for Minimum Class Variance Semi-supervised Classifier

LIU Jian-hua, WU Dong-yan
( School of Information Engineering, Zhejiang Business Technology Institute, Ningbo 315012, China )

Abstract: This paper presents a sparse regularization minimum class scatter semi-supervised classifier (SRMCV)
based on the theory of sparse representation. For the problems of pattern classification, SRMCV aims at

achieving smooth changes of the predicted spatial function in the structure of the global sparse representation by

introducing sparse Laplacian regularization term and the information of inner class scatter. In addition, through

the scatter structure of inner class data, it is intended to further optimize the discriminant direction of the

decision-making function. This method can solve some problems existing in the SSL method such as sensitivity
to the model parameters, the lack of robustness in the noisy learning environment, etc. On the real data set, the
experimental results manifest the effectiveness of the proposed method.

Key words: semi-supervised learning; sparse representation; support vector machine; minimum class scatter;

kernel trick



