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SVM -based RSM model fitting approach
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Abstract: When a complex process is featured with multi-extrane of quality reponses aswell as high order
interactions and constraints anong influential factors, parametric reponse surface method (RM) fails to fit
the real surface and is hard to achieve global optimization; W hile non-parametric R34 results in poor generali-
zation perfomance when the sanple size isfinite and is hard o optimize the reponse aswell In thispaper,

the model fitting phase of R is described as a ort of restricted snall-sample learning p roblem which is able
0 actively gain sample points Then, a SupportV ectorM achine(S/M) based method isproposed for the mod-
el fitting phase of R. A practical method for selecting S/M kernel functions and paraneters is put foard
for R aswell The simulations show that, by using the proposed method to <elect kernel functions and pa-
raneters, the average deviation ratio of /M generalized error from the exhaustively searched minimum is less
than 20%. The S/M based R model fitting goproach has no rigid restriction for the nomality of the re-
gonse and non-constraints among the factors Furthemore, it oufperfoms the existing R3 gpproaches in
generalization and surface reconstruction performance Campared with non-paranetric R34, the average gen-
eralized error and the sample size of the proposed gpproach decrease by about 20% and 30% regectively All
these demonstrate the adgptability and superiority of the proposed approach

Key words support vector maching, regponse durface methodology, complex process model fitting



