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Research on Multiclass Classification Algorithm Based on Binary Tree SVM

WU Enying, LU Jia

(College of Computer and Information Science, Chongqing Normal University, Chongqing 401331, China)
Abstract: Multiclass classification algorithm based on binary tree SVM has good performance in many multiclass classification algo-
rithms,algorithms; however, its classification accuracy and efficiency are still not high. To solve these problems, a new binary tree
SVM multiclass classification algorithm based on euclideanEuclidean distance is proposed in this paper. The algorithm considers the
effect of the euclideanEuclidean distances between the two nearest samples and two class centers. Moreover, the algorithm can give
priority to those easiest separated classes. The experimental results on UCI benchmark datasets show that the presented algorithm is
effective.

Key words: support vector machines; multiclass classification; binary tree; Euclidean distance
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