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Tab. 2 The classification accuracy of four algorithms on experimental data sets
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An Improved Adaboost Algorithm by Add Dynamic Weight

XIONG Lin, TANG Wanmei
(College of Computer Science, Chongqing Normal University, Chongqing 401331, China)

Abstract: [Purposes In order to solve the problem that the voting weight of weak classifier of AdaBoost algorithm is fixed and leads

to low classification accuracy for different samples, a learning algorithm AdaBoost_DW is proposed. [ Methods | This algorithm re-

tains all the weak classifiers generated in the training phase of the AdaBoost algorithm. In the prediction phase, add the dynamic

weight that can measure the adaptability of the test sample and the weak classifier, the voting weight of the weak classifier is deter-

mined by two weights. [Findings]The experimental result on many data sets on UCI databases show that AdaBoost_DW classifica-

tion accuracy was higher than the AdaBoost algorithm in the most cases. [ Conclusions] This proved that the dynamic weight can im-

prove the classification accuracy of AdaBoost algorithm on each data set.

Keywords: AdaBoost algorithm; local region; adaptability; dynamic weight
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