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Abstract

The Multistage Feature-based Classification Model(MFCM) is proposed in this paper. MFCM does not use whole
feature vectors extracted from the original data at once to classify each data, but use only groups related to each feature
vector to classify separately. In the training stage, the contribution rate calculated from each feature vector group is drew
throughout the accuracy of each feature vector group and then, in the testing stage, the final classification result is
obtained by applying weights corresponding to the contribution rate of each feature vector group. In this paper, the
proposed MFCM algorithm is applied to the problem of music genre classification. The results demonstrate that the
proposed MFCM  outperforms conventional algorithms by 7% - 13% on average in terms of classification accuracy.
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Fig. 1. Conventional Classification Model.
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Fig. 2. Multistage Feature-based Classification Model.
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