,/;\. ~ V3
264 o = % 5 kX 2011 4 2 J
Vol. 26 No. 2 Control and Decision Feb. 2011

XEHS: 1001-0920 (2011) 02-0316-04

ETHEMERE AN TR S HSHEE

E S EX
(LRR 2 A5 Syl TR 2R, V198 Jo8 214122)

1 E: O TRERNEBEAZ A, 32— M3 T AdaBoosting 52 I4LA S FE R RAL (SVM) A, 1% )5 304
DU ST 53 AT IR R b, R PR AR 2 40) 5 A0 18§11 2R, s [ 3o i o (1 4% 2 o 00T 0 78 1 R BOBLE, {43 SVMLT
GRS, 59258, S8 — Lo B EREARRIVE M, DR BB G VRS EE A2 AL B8 ). 0 L 45 SR W, A% s i it
SEMAH G BB ) 0 A T O SR B A T R D FZ AL e

KA ZEFMENL; BIGNE A, AAHRE

hESEE: TPIS; TP274 XERFRIZED: A

Compositional model of SVM based on AdaBoosting algorithm
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Abstract: In order to improve the generalization ability of a soft-sensor model, a compositional model of SVM based on
AdaBoosting algorithm is proposed. On the basis of Bayesian analysis, the penalty coefficient is initialized by using the
Bayesian probability of the samples, and then the penalty weight is updated by the loss function in the regression process
so that the SVM training model can highlight some important samples to improve its estimation accuracy and generalization

ability. Simulation result shows that this approach can greatly improve the estimation capacity and generalization ability of

the model.
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