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Aeroengine direct thrust control based on neural network nverse control
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(Coll of Energy and Pawer Nanjing Univ of A eronautics and A stronantics Nanjng 210016 Ch ina)

Abstract

Dynam ic neural newvork nverse control is applied to aeroengine direct thrust contwol for the first tme For a-

voil ng steady state error caused by constmuction error of neural nework nmversemodel which can not be exactly the sane as

nverse model of aeroengine an integral cam pensatorwhich parallelly connects w ith above neural nework nversemodel is de-

sioned Dynam ic neural nework mnverse controller i obtamed An aeroengine thrust estin ator is designed w ith neural net ork

for overcan ng a difficult problan that aeroengine thrust can not be m easured accurately by sensor D igital smulation results

show that this control scheme has good dynam ic and steady state performance high precision and fast track ng ability

K ey words

il

1 35l

1986 4E £ [H 2 # W drow BIEH T i 37 i 4%
Ml LAk, fE2E AR S5 R K w8 T ik
FEAEAR: X T4 R, 55 H X RGBT A i ]
AR S B8 7 i S R « a P AR 43t ”, R R M R
NBEA AL B RN H O MAER — R oL R
(FRAWEME R S ), S8 )5 TR H 6t R 40 1) & Fh ik
HELRSE AN ER T RA M iAo W 0 07 i1 M AE
LRI —ANE U 7 i, BT R T
3T T B N FH TR0 DA S Bl i A e R AR RO R B i
LR, R RGN SRR TN
FI' o SR, 30 45 1 0 3k S SRR B O B R A X, T
K2 B %% G A B A BRMHELR AT N, 1 e LA
F AT RS BRI, RO S AT AR 2 B i Y,

«  UEEER: 2006-12-17 {&iTHHR: 2007-07-24

A ircraft enging Control Thrust estinator Can pensator Neural nework

TR MESR H R AR AR 0 D) R 00 428 ] 75 VA AE SE B B2 A o
AFAE “IREH 7, T A0 22 X 48 D i DX A Il i S it 17 A
R T H .

2 ETHEMBRIEESIFGE

21 BEXREBRE

P25 [RR) 248 106 8 1] 7 9 B B A R AR - G e o)l G
2 2%, 15 BIIE T P X R B ) E R e 4 X 4%
RS, SR H e B A b 2 X 4% L T R 40 B AR 1T
B A2 P 25 SR ) i B 2R A A X R B R 4, R H
BEZh S A2 0 24 4 1) B e b IR 2R M s 6 R gk AT
gl MY ONTITES e ol = 8 I O B 1 7 7
HFS A W 2 W 6 B A A TR T B3 R
FE AR R AN S H0 ) R Re

W on HHEEREHESDERGEEN

HEE&WH: ExaRE%ES (50576033); fiafl454 (04C52019).
fEEEA: = (1981—), %, k4, PrRSENNZERIPIER S50 H. Email yaoyanlbngyy® nuaa. edu. en



250 E it i A N 2008 4F
;‘;. = f(x’ %> ﬁ} ( ]) . E‘l);n;m‘:.-:m-rr:iIn-ﬁ:i;i:m-:ir'j'n‘:rl:lr:ﬂ]:!-‘! .
b AR RBL, x (1), x¥1) ER" RIRSEE, Oy Suiconl st (LY o gy [T

§¢) ER"ZEFEHIA R . W (1) wT H A,
AL R R R
X = u (2)
u = f(x x>9) (3)
K u(e) ER Ry, 2 (3)Mar H
(4) k"
6= f'(x x>u) (4)
R B SUR okl 3 DU Ol S o | 2 X =
N ok REIE K (4).
2.2 1BHILEH
KA BPAPL W 4838 I #3500 S, 1515
) ) 3R A Sl g et S s o 2, 0 T R L o 2
it QR BGRAR SR EAR R AL R g, W 1
Flione (B2, BHFHPEE 4810 R0 AN ] Rl 5 48 i 4
PEXT A1 2R G, M PE AR 40 8 X 28 300 R 5 4 3 iR
Z, LA RS B B R K. N T fRRIX—
R A) B, AR SCHR R S M A I 4 W 4 | 2R A R
BASFFME R AR 23 0 132 2% I A BR 2 25 4 28 I 4% 3 4
il % 4 hl T &, W 2R, o5 REiE A ME
A5 P AMEAE FH AT LA Bh 25 Hh 5% R0 41 28 I 45 300 % Gt ) )
R ZE, B EIVERRED AR 22 M RCE, R RRMEL
HA: RGNS AR ZER, B MES
BT — M AMEE S R, Bl IR EE H18 2%
Rz

- ! =
Command, ontg\;i
input | _Seati twork 21140 €
P - (Static neural networl Plant

|
System output
i

inverse controller

L e e e A =

Command- === ccccc et T e mecm o =

input_| g 1 |

Fig 1 Diagram of direct canmand control based

on steady state neural network inverse control
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Fig 2 Diagran of direct conmand control based

on dynam ic neural network inverse control
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Fig 3 Diagram of aeroengine direct thrust control

based on dynam ic neural network inverse control
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Fig 4 Diagram of neural network for thrust estinator and inverse model of aeroengine

Table 1 Information statistics of thrust estin ation results
Setmadel MAX MED AN M EAN STD Cov
Train ~2.345x 107" +7.9312% 1077 +3.8421 x10°° +6.766 %1071 +4.6194%x 1077
Tesl —- 2.8108 x 107° — 4.6090 % 1077 ~ 8.2982x107° + 7.8719x 107 * +6.1967 x 1077
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Fig 5 Simulation result of direct thrust
inverse control with afterburning
whenH = 0 km andMa= 0
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