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Abgract : For improving the generalization performance of support vector machine (SVM) dfectively, two ensemble
algorithms are proposed to train SVM. Firstly, the efectivity of two different disturbance mechanismson augmenting
the diversties among member classfiers, disturbing feature subspace and disturbing model parameters is analyzed.
Then, two ensemble a gorithms are proposed based on the double disturbance mechanism. The common character of
themis that , member classfier is generated by disturbing feature subspace and model parameters, and the finial
decison is made by the majority voting procedure. The experimental results show that both algorithms have the ability
of improving the generalization performance of SVM sgnificantly because they reduce the bias part and the variance
part of the error smultaneoudy.
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