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Tab.2  Comparison of classification methods

WA Single - SVM Bagging - SVM CSv - SVM DC - SVM
i Ji % Uil Ji %2 HiEE Ji % ik]ES i %
Tonosphere 95.726 - 96.496 1.0233 96.581 0.69786 97.009 0.726 36
Image Segmentation 91. 691 - 91.976 0.2136 91.898 0.1744 [92.184] 0.1695
Autos 84. 058 - 85.362 2.1002 83.768 2.8003 84.783 3.2226
Pima - Indians 78. 125 - 78.594 0.68406 78.477 0.7238 78.828 0.73195
Hepatitis 76.923 - 79.615 2.4325  80.192 2.407 81.346  3.2749
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Tab.3  Comparison of run time of classification methods s
HAE ‘Bagging - SVM : CSv - SVM - : DC - SVM :
IS pEEN pES EEN pES e
Tonosphere 30.109  4.5625 42.753 1.6984 42.753  1.054 7
Image Segmentation 5890.9  159.98  6336.2 57.641 6336.2 58.914
Autos 9.2734 2.3109 15.469 0.857 81 15.469 0.532 81
Pima — Indians 200.26  33.381  290.27 11.903  290.27 13.113
Hepatitis 5.0531 0.878 13 7.478 1 0.33437 7.478 1 0.248 44
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A New Dynamic SVM Selected Ensemble Algorithm

LIAO Yong'?, WANG Xiao —dan', QI Jun - jie’
(1. Missile Institute, Air Force Engineering University, Sanyuan 713800 ,Shaanxi, China; 2. Unit 95824 , Beijing
100195, China)

Abstract : Dynamic Selection of integration algorithm is usually accompanied with the situation that there is no way
to avoid the misclassification when the local classifier can not classify the test pattern correctly, accordingly a novel
dynamic SVM selection ensemble algorithm based on diversity — clustering is proposed. Clustering is applied to
training samples firstly in this method. To every clustering, appropriate classifier ensemble is selected based on ac—
curacy and diversity, and the sample areas which are misclassified by the classifier ensemble for every clustering is
demarcated, and a set of classifier ensemble for it is designed. During testing, the test sample is classified by the
appropriate classifier ensemble based on the clustering to which it belongs and the distance between it and the mis—
classified sample areas. Using this method can remarkably reduce the blind regions while the test sample is very
close to the misclassified areas mentioned above. Experimental results show the effectiveness of this method. Com-—
pared with Bagging — SVM and literature [ 10 | on UCI data set, the testing speed can be guaranteed and simultane—
ously the classification accuracy can be effectively improved by using this algorithm.

Key words : diversity — clustering; support vector machine; dynamic ensemble



