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i E: X & A &% (Interval data, D)% B M4 B 4 X 18] 69 — K 38 . 4F xF K 8] & HC 48 09 4 % 1)
B, AL —F S AR X E AL E AR (Support vector machine based on Gauss interval ker-
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Support Vector Machine Classification Model Based on Gauss Interval Kernel

Wang Wenjian'*, Qi Xiaobo', Guo Husheng'

(1. School of Computer and Information Technology, Shanxi University, Taiyuan, 030006, China; 2. Key Laboratory of Computa-

tional Intelligence and Chinese Information Processing of Ministry of Education, Shanxi University, Taiyuan, 030006, China)

Abstract: Interval data (ID) is a kind of data which the attribute values are the interval. Aiming at the
classification problem of interval data, a support vector machine classification model based on Gauss in-
terval kernel (GIK_SVM) is proposed. In the method, the half-width factor is introduced which makes a
compromise between the median and the half width of interval data. Then, the Gauss interval kernel is
constructed to measure the similarity between two interval data. SVM model is applied to classify the
samples. Experiment results on artificial and real datasets demonstrate that the proposed GIK_SVM has a
better classification performance for interval data.

Key words: interval data(ID); half-width factor; interval kernal; GIK_SVM model
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Tab.1 Datasets used in experiments

pAE TS VIE RN 34 A B 45
Dsl 9 600 2 400 2
Ds2 9 600 2 400 2
Ds3 9 600 2 400 2
Ds4 9 600 2 400 2

HS Ds 5 842 1 460 2

TB_Ds 5 842 1 460 5

v, 4 4 4
(a) Dsl (b) Ds2 (c) Ds3 (d) Ds4

Bl1 A3 ot 4 1 3 A

Fig. 1 Distributions of artificial datasets
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IBV_SVM -

0 0 0
0.01 .10 0.50 1.00 0.01 0.05 0.10 0.50 1.00 0.01 0.05 0.10 0.50
%6 7 HHEHET o LERT
(e) HS Ds (f) TB Ds

B2 3 FhEE L A BN M R B o AL R SE IR 2

Fig. 2 Experimental results of the prediction accuracy with o for three algorithms
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Fig. 3 Experimental results of prediction accuracy with ¢ for three algorithms
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Fig. 4 Experimental results of prediction accuracy with o for GIK_SVM and decision tree models
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