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Abstract

Aiming at data characteristics of small samples and noise existing in the product sale series, an
iterative support vector machine (Ie-SVM) is proposed in this paper. During the gradually reduc-
ing process of Ie-SVM’s parameter &, the samples greatly affected by noise are iteratively amended
to reduce their influence on the final forecasting model generated. Is-SVM is applied to a numeri-
cal value example and the automobile sales forecasting in contrast with the £ support vector ma-
chine (e-SVM). The experiment results indicate that Is-SVM is effective and feasible, by which more
accurate forecasting results are obtained over the e-SVM.
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Figure 1. The flow chart of [e-SVM
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Table 1. The forecasting errors of two models in the numerical experiment
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Max(e) Min(e) Mean(e) Var(e)

&-SVM 0.1063 4.68e-04 0.0298 0.0012

ho Ie-SVM 0.1059 5.69¢-05 0.0296 0.0012
&-SVM 0.1024 3.39¢-04 0.0388 0.0010

o le-SVM 0.1123 0.0012 0.0363 0.0012
&-SVM 0.1500 0.0036 0.0627 0.0015

b le-SVM 0.1408 0.0017 0.0582 0.0013
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Figure 2. The decline curve of the average forecasting error of Ie-SVM in iteration when / =6
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Figure 3. The forecasting results of two models when /, =6
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Figure 4. The decline curve of the average forecasting error of [e-SVM in iteration
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Figure 5. The forecasting results of two models
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Table 2. The forecasting errors of two models in the practical experiment
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