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Aeroengine gas path parameter prediction based on
dynamic ensemble algorithm
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Abstract: For the problem that single global modeling methods cannot get satisfactory
aeroengine gas path parameter prediction results, ensemble algorithms with a combination
method called dynamic weighted kernel density estimation (DWKDE) were proposed.
Neighboring samples of the test samples were chosen. The weights of the base learners were
dynamically calculated by evaluating the base learners” local performance in the neighboring
samples. Based on the calculated weights, the integrated prediction of the time series was re-
alized by the weighted kernel density estimation. The proposed combination method was in-
sensitive to outliers and deviations from normality. Applying this combination method to Ad-
aBoost. RT and AdaBoost. R2, experiments were conducted on gas path parameters of aero-
engine, verifying that the proposed algorithms can achieve higher prediction accuracy than

the single neural network and the traditional ensemble learning algorithms, for example, the
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root mean square error (RMSE) can be reduced by at least 27 %.
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test set by the algorithms

RS2 I HVECH T X T4 0L I WL 52
e Wi E T=5. K51 E T M 10 ¥4 fm % 150,
TRy EN 10, KRR EME 1 85
WRSZES TS 10 YK 10 A0 45 S 1 Y R
AT LS R, MAE,RMSE,MAPE 1 MASE
A JHEH T e g amEl 5 s .

MIE S AT LU AT e bR L A
B2 WA 2T HILEE) e A RICHRE v 0 RG L 2 A
I HUARRE = 5> 2 ) B AT A 48 s 10000 A B2 L OF:
H R H S HLECH B3GR, £ 5 A 2 Y e
AP e TN ORG B . (H Y B S HLEH i R
TR A IR AR N EE B S R AR . HE



2292 i o= 3

J1o% %33 %

HMUECH T M5 382 40 i), 4% 46 i 2 2 HL3Y BE
KR 1 TOKS B . ORT  KDERT #1 DWRT #£
RMSE 48 b5 I+ 20 0 BEAR T 7. 49% 13,97 % Al
36.49% , HEAESJHLAEC T M 40 m = 70
25 B 2= 2 PLRE /N IR R B OKS B2, ORT.
KDERT H1 DWRT 7£ RMSE 4§ ¥5 I 4> BIF&AE T
4.94% .5. 31 %1 10. 08% . 24 T f 70 #% = 150
i, ORT.KDERT #1 DWRT 7 RMSE #& 5 I {2
A BIREAR T 2.09% 3. 47 % Fl 7. 28 % , A Vi, itk Aef
B8 127 2 WL T D0OKG B3 45 o R B AR A B L 2ok B op
HEEBESRE/NEREDG .

—&— ORT
—8— KDERT
—o— DWRT

0 50 100 150
2 STHLECE A
(a) MAE

—8—KDERT
—&—DWRT

0 50 100 150
He2e P A
(b) RMSE

1107

map
i
i
e
i

E

ol —6— ORT
—8— KDERT
—G— DWRT
5 -
0 50 100 150
He2E BB A
(¢) MAPE

0.07

0.06
0.05
o 0.04

0.03

0.02

0.01

0 50 100 150
BE A PUEE A
(d) MASE
& 5
Fig. 5

25 2] BLITLIN R BE il 2 > LA H AR Ak 3
Prediction accuracy varying with the number of

base learners obtained by the algorithms

TR S WL B T<<40 B, KDERT %%
TS AL T ORT Bk, X E®EEH T
KDERT >k KDE 414 75 ¥ » #% % B Al 78 b
FBUDIT SRR AT 45 R . 2 410<<T<C100
i, KDERT {9 75 UK B2 A1 ORT (%) 35 000 4 3 ik A
— B KR T S R R A AT 18
B L] 5 0 25 R X 45 KDE 44 J5 i 7l LU
BCR—MH R H A A 2 T>100 B AR 4
%4 Ff 15 . KDERT Ry 1000 K 5 25 g & T
ORT, 3 J& iy T 4k 223 2 5040 5] DLtk — 2D 4
A2 5 FE AR VT 1) AT S L T BROAS A e 1 T 2R

WS Rf LUE S SR L TJee T BT ]
M I T NNLORT #1 KDERT, 3% H 4= 3¢ %2
) DWKDE 204 77 1) DWRT 533k ¥ fig U5 i
W45 R M T ORT fil KDERT. 8k T figfii
75 DWRT 55 vk i 15000 RS 2 75 30 07 K i 32 1 48
Fo dehh NEL S () Hal DUE . fE RMSE 4845
1 ORT #£ T=150 W} HUA5 f/IME M 0. 001 687,
KDERT #£ T=140 B} 5 & /ME R 0. 001 661,
i DWRT 7 T = 5 B %} i B9 RMSE 3k
0.001434 ./ AT 51, A LT T=150 By ORT
kM T=140 i} KDERT 4%, DWRT {47
5 AN F 2 S Lt BE AR A5 0T 47 %) 00 45 2R L B K Ml
B T RE M B 24

AR T 5 LT S (R 4 i) 5 9
A [R) 8 I 2 4 0 3k 4 Rl 4, 6 T RO R 42 R
4t (neuro-fuzzy system, NFES) A1 H [ )3 F1 531 3)
SE R A (auto-regressive integrated moving av-
erage model, ARIMA) # ! T NFS-ARIMA (4,
0,0)Fl NFS-ARIMA (4, 1,0) #5778 3 48 - 114



5919

T — R A R T B A AR R B A R S LS R 2293

RMSE 434125 0. 0013 F1 0. 00086, 7 SCHE H Y
DWRT 7E T=40,80,100 i35 15 5 #) RMSE
S92k 0.00091,0.000 88 F1 0.00078, fEE 5
(b) *f, DWRT Jr fig B 8 & /M 5 RMSE X
0. 00076, ILA} T=140,

25 I AR SCHR AR ] DWKDE 2414 5 i 1)
DWRT 5k & —f MM E S % I, LT
ORT F1 KDERT 53, DWRT 5 ¥ fig 48 15 5 4
AT R . AR SCE#ECR Fl DWRT 855k B, 2%
SIHLEH AT LLEULE 40~70 22 [a] o b B 7 {7 4 2
() NN [R] B 475 B8 2R A5 3¢ e 10 Tl g 1

T=100 i} ,DWRT Tl &5 5% an &l 6 fros.

FUSEA
DWRT il |

NN RARANE

04 : : : :
500 600 700 800 900 1000
FRES
(a) DWRT & Mackey-Glassill izt 4 Fiim| £ 5

FLIE

130} e DWR T
129}
=
E128
|

127}

126}

943 94I4 945 946 94? h()-'IIS
SR
(b) X {15 22 e KA R I#
K 6 DWRT X Mackey-Glass I 4 10l 45
(T=100)
Fig. 6 DWRT prediction result of Mackey-Glass
test set (T=100)

A4, K OR2 \KDER2 F1 DWR2 {4 %} Lt
SN, ARk E AdaBoost. R2 R FH £k 9E it
BAKRE, & T=40, KRR E M Ada-
Boost. RT (5515 8 — 8, 84 5050 10 LY
B XTI A B I 45 SR n % 4

# 4 Mackey-Glass B [8 B 51 75 il %% 5
(T=40, & F AdaBoost. R2)
Table 4 Prediction result of Mackey-Glass time
series (T=40,based on AdaBoost. R2)

R Xt 8 o ut

e A
BRI BRI
HA~NN  0.00179 0.00226  0.19354  0.06508
OR2 0.00607  0.00719  0.73074 0.22020
KDER2 0.00142 0.00172  0.15457 0.05138
DWR2 0.00059" 0.00086" 0.06375" 0.02159"

VE I % I R 4% B Bk UG

MR A4 P FE L A X F OR2,KDER2 8.7k
#) RMSE F & 1 76.08%, a] W, KDE 4H & 77 1%
WA Sk, RIEE, SR 3T DWKDE 414 1
DWR2 2 ¥ i), # RMSE # %f F OR2 FR& T
88.04% , tt KDER2 FFg 1 50. 00 % , L #4> NN
FRET 61.95% . ALOL,OR2 MR 2 . HE %
T A NN 5 X E 2L OR2 B BEA AL
BT T SR W 25 5 B0 T S R R AR R AR
S W REAR AR B JE 8 U G IE B RE AR 20 AT 45 3
R g i 2

XF 2 2 FNg 4 WAL FEIZ A SRR bR L
KDER?2 il ks i % %5 T KDERT,.DWR2 5 il 4%
FEHEE T DWRT, OR2 4 & 7 )8 T
HATE A G T7 1 5 52 FE A A X B 43 A 1Y
S0, H OR2 AR B i AR 5155 J7 X4 753 0%t
SR REA R i KDE 414 7 ¥ fil DWKDE 44
G AR A OR2 B3 W b Bk b, H DWR2
A HUE e KDER2 B3 A 45 5 . 3 ¢ B 1000 K
T2 T AdaBoost. RT 1 AdaBoost. R2 &8 T
KDE #1 DWKDE 4 & J5 ¥ 7] 5Z 38 ¥ U kS B %

i It 7] 1, DWKDE 4 & 7 i [ FE 3 H
AdaBoost. R2, A] $i2 p5 FCH0M S B
4.2 MEEHHNSESHTN

fiizs K sh LR 2 A 52 2%, ik 90 26 19 & 8
B s 2 AR A I B A5 S BB AR 9% FH o k8
HUELERS B IR 60262, [N I, S S 1 ik s 12
Wr7F EHM(engine health management) 24t 54
HEMHA . K SIHLEZN IS EONHEREE
(EGT. 8510 R To) AR5+ 7% 3 (N1, &3 4F
e N MO (N2 B 590 A Ny Fk
R ECEF B SN Fo.Hd N, B2RIPL



2294 i o= 3

AN S ¢ EHRRE

S H . AT i as K S LS 2 BB X 4
S HE IR AR (EGTM.L #5510 8 M) Kb
HILA A 22 1B CAN, ) SR IAE &5t i 22 L (AF D
e 1300 3R A M 551 AN, FEHIHI AF,
Jr 9 BEAT 20, B 5 i 28 0 28 A Dy 2 2T L R
— LTI . X T% 3 Bl S B 51 R A
LR 25 1) TINS5 R 53 5 O 6-10-1,8-15-1,6-15-1,
R FH A0 592 56 19 B B8 R - I ke R SR AR B
200, Yl 2k K B SR ¥ 05 4R 22 43 il 3k F) 0..000 1,
0. 00001 0. 00001 ,2£2J KA 0. 05, 31| LR 2 1k $&
A Levenberg-Marquardt (LM) 8 ¥, % & % ) )2 1%
I oK 2R o R R TS PR B Log-Sig-
moid B PR, SEH Y HANAR S BC B AR 5.
£5 SHESHMEAFIRUZREE
Table 5 Experiment setting of gas path

parameters time series prediction
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