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Abstract: In order to achieve direct thrust control and health management of aero—engines, the thrust esti-
mator with high precision and high real-time is needed. A design method for thrust estimator was proposed,
which was based on K—means clustering and particle swarm optimization (PSO) kernel extreme learning machine
(KELM). Firstly, the K—means method was used to cluster the measured data in the whole behavior range. Then
the thrust estimator model was established by KELM in each sub—class, and PSO was utilized to search the best
kernel parameter and penalty coefficient. The stability and non-linear fitting ability of KELM were fully utilized
to estimate engine thrust. Finally, the training and testing results of turbofan engine bench test data show that the
average forecast time of thrust estimation method is 0.27ms, which meets the requirements of direct thrust control
and airborne on—line state assessment, and it is more accurate than the existing methods.
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Fig.1 Extreme learning machine structure
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Fig. 2 Thrust estimator based on K-means clustering and PSO-KELM algorithm
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Fig. 4 PSO-KELM algorithm scheme
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4.2 K-means 2%
K-means 2SR 45 45 1 ok 0 ST AR, 3 HE B lr 4B 2R

K JEI) G 0 K A2, P A KA, [/l — 28 1)
B 4 43 A AE B0 JB L W B AE S 2 X b AR E 2 ]
TN 3 N £ £ I - K - X A LIS B R (S S
Z L 08 AR AR 2 80 2 (0] AR S MK SR 8858, Mahalano-
bis 1 2 B 78—V HE &7 5 26 1 28 e b AR B N AR 19 4
B, R A E Y Euclidean B ES 7 15 90 A 56 1
b 5 5 5 LB SR B (o, ) RE UK
V= ﬁ[ﬂ(%_f)(%_f)
d(xen) = (5= 2) V' (5~ x)
K B ) 7 AR S B0 T 28, BIS 5
MR YR & R 20, T3 H S Yy e AR AR an & 6 fir
No A LLE B RZEEH 135K 4 B FR36 0 3R 25507
BEa N Rty ey N A TV N ST A N - o A
Wy AR B K 0 2 T, R AR R ) AT DL B e R
KEHN 4,
g 6x103
5x10°
4x10°
3x103
2x10°

1x10°
0

(19)

(20)

Average degree of distortio

0O 2 4 6 8 10 12 14 16 18 20

Number of clusters

Fig. 6 Average degree of distortion

SR 328 3B R A1 2 50OR 3R 28 B0 38 4 B4l i A 7
TS TE LIAR AT JR I 30 B | v T 2 3 A 48 55 e
PR BE 2 AT R ARG B A = 4 25 8], B A AR
PR RO SE 30, N 7 s o X EE e R PSS



264 #e ot

20194F

Ab AT A SEBR B, A S AL I IR 2 ) B 3
B ek — DX, 2 S LAY I ) AE A W AR AL [ A
T — € R I A, S RS T I HE A —E W
DS, BT 7 2 s ] v 3R 52 SORE SN

Sub-class 1
- Sub-class 2
Sub-class 3

Sub-class 4

Burner entrance total
pressure

Fig.7 Clustering distribution result

REZJG & FREIE A mRmE 1, NE
FgE b R B, 45 F 28 W EUE R 2 8fe B ) Ak AR
Je M X R T R SHLIERE T T R S 4L
B N S S AR (TR0 - O ) = R B £ R
o RECHIRIRE . I N 4T 2R R
AR B0 SRR S 90 £ 43 AT s 0 e B, T 2% 1 KRB I &
ALY f KRS, F 28 2 REBOG Rk 2, 7253
KRR ISR, T2 4 KRB R 18 4R S, Xl
IEM T K-means B2 IE#M: . 7E8 G K sh Lk 4=
Bl i 2B b, i 1 A A O AR
JE AL, o 9 A5 1 i Bk 2R 2 SRR S BOR 2R 8K
Hit 2, 24k i 2 508 it 2 65 2 i mT [ sk H
MR —2%,

43 HEHEITERERIE

W45 F 25 87.5% 1 B AF R Ul 2 Bl iE L 12.5%
) B AR S R o 3 BRUAS o] K& RBF 4 O KELM
F % BRKI, SR L PSO B MBS R 8 ¢ M S 8 o it

Ak, PSO B3k 1 f K 32 AR ECh 200, B B £
950, N F e, e, ¥k 2, 25 4 1 F Al 2% 0
S B ARG R 2,

W45 T 2 0 I 25 8080 A 3 a0 4 AR Ak R
K e T o ek e = M 8 1| 7| D S B O R
22 E sy FIFART 1R 22 E A R VP00 48 F5 X5 Al 145 SR 817
WA
Y=

Ya

W3R LUE B 4 ) A TS 1,3 F 4 de 3l
SRBHE BRI B RS B R TR A
2 2 1L YRR | oA 27 2 3k 3 B a0 1) s i
i TF 2 2 H I 2R B0 AR IR 22 5 KA K T I B
AHX 15 25 i R AR H X HOEAS IS, 325 F M
R 22 - B (E FUAR o 22 o IO B A = BIIE AR IR
FAGTEA 3, FAGIRE 1, FAG IR 2, FAG 4R 4. F
it 4% 3 BN FE dic ey, X0 HH T 128 3 B AR 0 i
AR B B A e, 32 Bk PSR TR B T =
ZH R A B2 AR 22 0L, MR 7 Al T 2 4 0% 22 B 0
KX T 28 4 FEA T A8 RS Z s dLE
HAERE , AU B S 500 6 RN K8 |, 5 35008 22
o PR T8 4 S5 RS B A X R 22 - BEA R T
5% , HoAk 45 F T LAy sl L Ad B 45 3 AR 35

T2 2 R £ 4 A PSO-KELM #E 7 4 %R
W E 8 Fr i  #E 34k A A X R 25 An i 9 v o 1T LA
F B AT T 5 SE PR AE 7 BN TR I A AR A RS A
AR T HE T BRE R

Ry B E AR R A M SR PSO-ELM A1 PSO-SVM
PEATXT HE, ELM 3% £ Sigmoid 3470 ML, L S HON B

E = x 100% (21)

Table 1 Sub-class numbers and distribution

Sub-class Numbers Fuel flow average Fuel flow STD N, average N,., STD Thrust average Thrust STD
1 5556 0.2296 0.0571 0.9504 0.0231 0.5729 0.0642
2 1594 0.1307 0.0407 0.8772 0.0150 0.3562 0.0460
3 1639 0.9429 0.0946 0.9743 0.0143 0.9434 0.0783
4 2456 0.0190 0.0081 0.6357 0.1792 0.0096 0.0056
Table 2 Optimization results of each sub-thrust estimator
Sub-class Numbers Numbers of training data Numbers of test data o c
1 5556 4862 694 972.068 0.273
2 1594 1395 199 728.392 0.066
3 1639 1435 204 1031.909 0.270
4 2456 2149 307 584.062 0.137
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Table 3 Sub-thrust estimator relative error analysis

Sub-class Data type RMSE Max Medium Min STD Mean
Training data 1.171x10°° 0.025 9.48x10™* 5.627x107° 1.479%107° 1.292x10°°
! Test data 2.597x107° 0.040 9.44x10™* 5.120x1077 2.964x107 1.437x107°
Training data 8.89x10™ 0.027 1.375%107° 5.735%107 1.933x10° 1.841x107°
? Test data 1.020x107° 0.012 1.798x107° 3.831x10™° 1.997x107° 2.638x107°
Training data 1.143x107° 0.016 6.94x107* 3.316x107* 9.88x10™* 9.02x107™*
’ Test data 1.423x10°° 0.018 7.60x10™* 1.778x1077 1.571x107° 1.076x10°*
Training data 4.76x10™* 0.111 4.21x10™ 7.107x10°° 1.865%x10° 4.369x107°
* Test data 5.09x10™ 0.153 4.3x107° 1.815x107° 1.978x107° 5.177x107°

Table 4 Sub-thrust estimator relative error analysis
1 2 3 4
Style

Max Mean Max Mean Max Mean Max Mean
PSO-KELM 0.040 1.437x10°° 0.012 2.638x107° 0.018 1.076x107 0.153 5.177x10
PSO-ELM 0.058 2.312x10°° 0.013 4.947x107 0.057 6.052x107° 0.173 1.0274x107°
PSO-SVM 0.073 9.348x10™° 0.018 6.953x10™ 0.098 1.0994x107 0.251 5.0497x107°
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