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Abstract Aiming at the existing support vector machine ensemble’s problems, e. g. strong randomicity, larger scale of
the training subsets and high complexity of the ensemble classifier, this paper put forwards a novel SVM ensemble con-
struction method based on clustering analysis. The samples were clustered into several clusters according to their distri-
bution with rival penalty competitive learning algorithm. A small quantity of representative instances were chosen as
training sets and training SVM that adopt self-perturbation in population convergence speed. Ensemble Improvement
SVM was constructed by relative majority voting, Sequence targets classfication is used by this method,and classfication

precision of this method has higher classification accuracy and lower time and space complexity comparing to Bagging,

Adaboost etc. selection algorithms.
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Switch (i)
Case Label=1,add sample x; to Class m ;
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Adding it to the ih training dataset;
end for
Training i* PSO_SVM on the it dataset; //F) FI B A I ke A 4
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end
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