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Abstract: Because of the strong non-linearity and time-varying properties, and the existence
of localminma, overlearning of conventional neural neworks, a novel aero- engine identification
model is introduced Themodel isbased on modern statistical learning theory, and Structure Risk
M inimization (SRM ) principle It hasvery good generalization ability. By ®lving a quadratic con-
vex progranm ing problem, aglobal optimum can be automatically found T he identification mod-
el w as established based on support vector regression machines using the real flight recorded data
as learning samples The reaults show that thismethod reveals high precision, good robustness
and fault-tolerant ability. It provides a general w ay for aero-engine model identif ication
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Fig 2 Identification structure
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