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Abstract

We propose a multi-class AdaBoost algorithm for en efficient classification of muiti-class data in this paper. Traditional
AdaBoost algorithm is basically a binary classifier and it has limitations when applied to multi-class data problems even
though muti-class versions are available. In order to overcome the problems on the AdaBoost algorithm for multi-class
classification problems, we devise an AdaBoost architecture with a training algorithm that utilizes multi—class classifiers
for its weak classifiers instead of series of binary classifiers. Experiments on a image classification problem using
collected Caltech Image Database are preformed. The results show that the proposed AdaBoost architecture can reduce its
training time while maintaining its classification accuracy competitive when compared to Adaboost.M2.

Keywords : Image Classification, Data retrieval, Adaboost.
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feature SOM CNN M2 MC
HSV 52.30 5767 70.89 71.56
DCT 4821 49.60 69.80 65.33
Hough 42.00 4722 68.52 68.12
Wavelet 54.83 57.30 7952 7104
Conc 64.47 67.18 90.18 89.20
¥ 1 SOM(Self Organizing Map), CNN(Centroid
Neural  Network),  M2(AdaboostM2),
MC(Multiclass-based Adaboost)
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