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Weighted least squares support vector regression based on
AdaBoost algorithm

PENG Dai-qiang, LIN You-quan
( Narying Institute of Elecironic Technology, Nanjing Jiangsu 210039, China)

Abstract: In the standard Least Squares Support Vector Machine ( LS-SVM) for regression, every training sample is
equally considered, which is unsuitable when there exists significant difference among the training samples. The weighted
least squares support vector regression based on AdaBoost algorithm was: proposed. Learning by a series of support vector
regressions, the proposed approach combined all the results in ‘accordance with 'some rule. At the same time, adaptive
weighted factors in LS-SVM were constructed to control the error function according to the regression error. It emphasized the
significant difference among the training samples by adaptive weighted factors and improved the performance of generalization

error. The experimental results demonstrate that the proposed approach has a competitive learning ability and acquires better

accuracy than LS-SVM.
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