55 42 4 5 3 1 fn= &zl Vol. 42 No. 3
2016 4 6 Aeroengine Jun. 2016

KT RATIA S B R i K sl
0k 5% A A R A i

TR &, SR 2
(P E AT IR FE B, PE & 710089 )

WE: AHPMERAN AL ET mREGSER BRI EAMERANEFEFEAUREFEEEFTEN ATREHR
WHAT O EE BRI R RALRE NN BASHTMLR, FAH 3B MALHE WL, LT EEB RSP R 5
AR FHRAPXESETNEE, L 5B TMAER TN E RS AT KRBT FKRAEHAT T 0o, B e AR F A8y ¢
R BAFIAE T B R A W2 ek o 25 R R W 90 IRA5 2 i & 2h LA 2 7 o T AT A4 Bt 22 B T AR X 3% 2 1 48 3 3%, 22 3 ]
¥ 5 1 31 18] 5 BTN AR X IR 22 1 A8 3 5%; I3 8 b B A A S 3 TN AR 22 A8 3 3%, 1F 9 1% AL & 20 AL A Bk UM AR A T DUAR 4 340 T
MEANBEATRINSHEMEN ZFENELLANEMREN I BRI RSB ENER L e T8, i vV E LA E A
HEARDVRASHTNSEERES L,

K A R AT W2 W4 A s R AL

FESES: 23513 SCERARIEAD : A doi:10.13477/j.cnki.aeroengine.2016.03.015

Throttling-Transient Model Identification of Twin Spool Aeroengine Based on Flight Test Data
PAN Peng-fei, MA Ming-ming, XU Yan-zhi
(Chinese Flight Test Establishment, Xi*an 710089, China)

Abstract: In order to identify transient process model of an aeroengine during the flight, the flight test data of the aeroengine during
the processes from idle state to middle state and from middle state to idle state has been analyzed. The actual throttling-transient process
has been simplified as static parameter predicting of the gas turbine engine. The key parameter predicting model of the transient process of
turbofan has been built with three -layers feed -forward artificial neural networks. The simulated results of identified model has been
compared with actual flight test data, and the generalization of the model was validated using extra flight test data. The results show that the
relative error of parameter prediction from the identified model is below 3% in stable throttling period, below 5% in transient throttling
period, and the relative error of parameters prediction on verification points is below 3%. It shows that the parameters prediction model of
an aeroengine can predict best parameters variation conditions of transient process. The method lay the foundation for building parameters
variation model of aeroengine other throttling transient processes,and would provide conferences for aeroengine transient parameter
predicting model in global flight envelope.
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