22 1 Vol.22 No. 1
2007 1 Journal of Aerospace Power Jan. 2007
: 1000- 8055(2007) 010137 05
o FRa, R, xIEH
( , 710038)
(SVM) , (SVM R) SVMR
\ PID (SVMC) \

: V233 7

Support vector machines PID adaptive control in aeroengine

LIANG Hua, LI Yinghong, WEIXurrkai, LTU Jiarxun
(The Engineering Institute, ~Air Force Engineering University, Xi an, 710038, China)

Abstract: The support vector.machine principal~and the support vector machine return

model are introduced first, and-the self-adaptive PID_suppott vector machines’ controller is

established. It makes use of support vector machines’ strong nonlinear mapping ability, and

network’ s structure is optimally.auto created. Finally, the aeroengine controller is designed

at the design point. Application results in an aeroengine show that the controller possesses

much better performance when the work of the aeroengine deviates from the design point.

The presented-control strategy introduces a new way for nonlinear control.

Key words: aerospace propulsion system; support vector machines; aero-engine; self-a

daptive control
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