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Research and analysis of methods for multiclass
support vector machines

ZHAO Churrhui , CHEN Warrhai , GUO Chun-yan
(College of Information and Communication Engineering, Harbin Engineering University , Harbin 150001, China)

Abgtract : The SVM isalimited sample learning method which was developed from statistical theory , and o-
riginally desgned for binary clasdfication. However, many practica problems are multi-classfication
ones. How to effectively extend binary classfication to multi-classification is an ongoing research issue.
This paper generalizes and analyzes multiclass support vector machines from four angles: combination of
several binary classfiers, hierarchical structures, one - off optimization and error correcting codes. Several
representative algorithmsfor various methods are introduced in detail and their advantages and di sadvanta-
ges are compared.
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