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Abstract: The number of support vectors(SVs) of support vector machine(SVM) is usually large, which results in a
substantially slower classification speed than many other approaches. The less SVs means the more sparseness and the
higher classification speed. Therefore, an algorithm called FD-SVM is proposed, which employs FCM to cluster a dense
SVs set to a sparse set. Then, aiming to minimize the classification gap between SVM and FD-SVM, a linear least square
programming model is built for obtaining the optimal coefficients of the new sparse SVs. Experiments on toy and real-world
data sets demonstrate that, after reducing 50 % of SVs, an increase of 50 % on the classification speed is achieved, while the

performance of losing maintains a statistically insignificant level.
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musk 416 167 0.125 32768  373.0+£3.0  186.2+1.7 5.33 2.64 93.46 £2.68  84.01+3.24  9.3989 1
parkinsons 195 22 2 32768 130.8+3.4 65.0+1.7 0.69 0.28 92.89+5.58  91.7844.75 04706 0
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