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Sparse Least Squares Support Vector Regression Machine Based
on the Scale of Linear Independency

ZHAO Yong-ping,SUN Jian-guo

(College of Energy and Power Engineering, Nanjing University of Aeronautics & Astronautics, Nanjing 210016)

Abstract A novel method which selects the approximate bases of high dimensional feature space based on the scale of
linear independency is proposed;and after combining the presented method with the partial reduction strategy , SLS-SVRM
(Sparse Least Squares Support Vector Regression Machine) is built. In addition, the recursive trick is used to accelerate
the establishment of SLS-SVRM. SLS-SVRM obviously decreases the number of support vector without loss of the predicted

accuracy. Finally, three UCI (university of California at irvine) datasets confirm the effectiveness of the proposed model.
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