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Hybrid optimization algorithms of support vector machine
ensembles and feature selection

YANG Hong-hui, SUN lJin-cai, NIU Yi-long, ZHAO Ni
(College of Marine Engineering, Northwestern Polytechnical University, Xi'an 710072, China)

Abstract: Two hybrid optimization algorithms of ensembles of support vector machine (SVM) and
feature selection are proposed in this paper. The main idea of these two algorithms is that
searching the effective feature subset during the training of base classifier. Experiments are
performed on real-world datasets, and the results demonstrate that the proposed algorithms are well
suited for ship radiated noise recognition. Algorithm 1 is more suitable for targets whose features
are highly redundant. The number of classification features selected by algorithm 2 drops to 30%
of the original feature set, meanwhile the classification accuracy increases by about 10% compared
to the accuracy of a single SVM classifier.
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Table 1 Datasets for the experiments
X
27 3 300 450
h(x?) , Wine 13 3 100 178
Sonar 60 2 150 208
iris 4 3 100 150
diabetes 2 400 768
X
; | X", 4.2
| )
, : SVM
SVM | h(x") 50 50
1 y 2
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2
Table 2 Results of experiments
SVM
5+1 9+1.3 0.820 0.811 0.981 0.967 0.886 0.869
Wine 7 3+1.2 0.952 0.922 0.995 0.951 0.98 0.972
Sonar 10+2 30+7 0.83 0.810 0.951 0.922 0.754 0.734
Iris 1 2+1 0.879 0.870 0.902 0.902 0.891 0.900
diabetes 5 2+1 0.752 0.754 0.714 0.723 0.700 0.708
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