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Fast SVM Classification Algorithm Based on Similarity Analysis
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Abstract Aiming at the bottleneck of SVM that the speed of classification depends on the number of support vectors, this paper proposes a fast
classification algorithm for SVM. In feature space it constructs the minimum spanning by introducing the similarity measure and divides the support
vectors into groups according to the maximum similarity. The determinant factor and the adjusting factor are found in each group by some rules. In
order to simplify the support vectors, it takes the linear combination of determinant factor and adjusting factor to fit the weighted sums of support
vectors in feature space, so that the speed of classification is improved. Experimental results show that the algorithm can get higher reduction rate of
classification time by minor loss of classification accuracy and it can satisfy the requirements of real-time classification.
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TIs N P/(%)
Nir dim N
FCSVM FCSVM FCSVM
svmguidl 5089 4 2000 0.218 0.184 0.094 608 453 292 91.680 91.000 90.900
svmguids3 83 21 447 0.063 0.054 0.016 301 291 100 73.378 68.900 69.821
Splicse 2175 60 1000 0.953 0.498 0.063 785 392 80 90.500 79.900 88.500
ala 1605 123 7796 7.172 4.231 3.983 581 498 342 77.296 75.948 75.936
a3a 3185 123 3445 6.329 4.094 0.609 1165 729 108 76.633 76.035 75.414
2 (%) 4
R Ry Erro ScErro SVM
svmguidl 51.970 56.880 0.750 2.305
svmguid3 66.780 74.600 3.557 3.831 SVM
Splicse 89.810 93.390 2.000 5.400
ala 41.140 44.460 1.360 1.590
a3a 90.730 90.380 1.219 11.500
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