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New Algorithm NDR-SVM to Improve Accuracy
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Abstract A new algorithm based on neighbor domain rate NDR-SVM is proposed . Construct a neighbor domain for
each point in the training set. Figure out the ratio of samples in this sphere, which has the same label with its center,
and reserve or delete its center according to the relationship between the ratio and the eliminating range. Then the re-
mained are used for SVM classification. Through pruning the training set, the proposed algorithm decreases the effects

of noises on the generalization ability of SVM. Numerical experiments show that, compared with existing algorithm,

NDR-SVM has higher accuracy and greatly improves the training speed.
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ZBAREER 1000 MEA, +1 284 700 4, —1 FeiEAR
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£1 FRERHFBERLE

L ¥ BE w18 ()
SVM(C=1, linear) 76.53% 109.9
SVM(C=1,poly,d=1) 75, 02% 107.3
SVM(C=1,rbf,c=1) 70.67% 96,5
NN—SVM((C=1,linear)) 75.07% 50, 6
NN—SVM(C=1,poly,d=1) 73.46% 45,1

NN—SVM(C=1,rbf,6=1) 2% 36.5

NDR—SVM(C=1, linear) 75, 68% 58,4
NDR—SVM(C=1, poly,d=1) 76.88% 46.8
NDR—SVM(C=1,1bf,6=1) 72.67% 58. 3
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