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Exhaust Gas Temperature Margin Prediction of Aeroengine Based on
Fusion Neural Network

Li Jie,Meng Fanxi,Zhang Zichen,Zhu Wei

(School of Electronics and Control Engineering, Chang’an University, Xi'an 710064, China)

Abstract: The change trend of exhaust gas temperature margin (EGTM) of civil aviation engine reflects its per-
formance degradation. In order to employ the change trend of EGTM to map the performance degradation of the
engine, an deep integrated neural network prediction method based on empirical mode decomposition (EMD) al
gorithm and convolution short—term memory network (CNN-LSTM) is proposed in this study. EMD was used
to decompose the original EGTM sequence into multiple natural mode components and residual components, and
all the resulting components were used as model input. The convolution long—term and short—term memory net-
work was used to capture the nonlinear correlation of each component and extract the long—term dependence to
construct the framework of deep learning model. In order to verify the effectiveness of the proposed method, the
actual test data of EGTM of an airline for 10 years were used for experimental analysis, and 5 kinds of neural
networks were designed as competitive models for comparative study. The experimental results show that the
proposed EMD-CNN-LSTM fusion neural network model can reduce the mean absolute error and the root mean

square error by 37.82% and 33.01%, and increase the goodness for fitting by 1.02%, compared with competitive
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models. Furthermore, when EGTM is in the sensitive area, EGTM single —point prediction accuracy of the pro-

posed model is significantly higher than that of other competitive models. Therefore, the proposed fusion neural

network model has good accuracy and stability in EGTM prediction of civil aviation engine.

Key words: exhaust gas temperature margin prediction; civil aeroengine; empirical mode decomposition; fusion

neural network

Citation format:LI J,MENG F X,ZHANG Z C,et al. Exhaust gas temperature margin prediction of aeroengine
based on fusion neural network[J]. Journal of East China Jiaotong University,2022,39(6) :90-97.

F AR s AR K B, HHER IR E (exhaust
gas temperature , EGT) FIHE R EHE (exhaust gas
temperature margin, EGTM) J&—Fh 5 & shHLIR & K
PEREIRAH OGS EL, RS K sh AL A 21
M HEESH 2, i A RTESbr iz E T i
I B T AL EGTM MR s L, 1 i KL A 3
LA @ BOIRES , X T R Shblis iy i 2t 5 25k
HAEEE S, BEE N TR REBORM AR, AR E S
Shy Bk PR R B 2 2] SR A A i TN 5 1) 4 B 2
79 EGTM R B4R 46 18 i S % . 140, Ding S04
BT —FRTERMERME (comvolutional nearal
network , CNN ) (1) £ H b 6] 23 {657 FH 7 i 19 000 R £t 457
PO7 v AT CNN SRR 5 b i B s, A
BT R FINAR E P . Miao MM THITEEST 1 UK 0]
1242 M 44 (long—short term memery , LSTM ) A & it (1)
WAL 55 A EAZ 2% T s K shPLIR A6 3T
it R A 25 i T A 3K 527 > o RenPHHY 17—
Rl TRt CNN I LSTM fr) £ o, i 77 5000 7 2%
KAz A BREE PR EE R

Z B B 43 f# (empirical mode decomposition,
EMD)7HI CNN-LSTM #f#l & ) EGTM #lJ5 i , %
F EMD )5t EGTM J¥31 73 fift Ay 201 [T A B850 i
M2y, AR b dE— 2D T
EGTM 155 WM B SC 8 s o A s B
ICH BRI IR T2 M 26X EGTM 5519
i, A T SSIEIZO B A R, B T 22 RS
(multi-layer perceptron, MLP) CNN . f/f ¥ fift 28 % 2%
(recurrent neural network, RNN) .LSTM I CNNLSTM
VERSE GRS FL I e 1 i3 Hh AR A PERE

1 RMABNHHESEERESN

11 RMEBVNNHSIBEEBREENX
EGTM & X R fii a8 A& shHLAE i1 1 5 g LK 43

SRS, 2T SR Ci & s HE IR E (EGT)
5 EGT S5 KAA Z M W 22 Toow IR TN
Tov=Time—Thn (1)

N T J R S I K HE R, C, BRI R S HL T
VERE AR, I 28/ 1 0 0 SR B KA, S i
BANNLBTT T R 45 W E BT S E Tw I & Sl
b T A D ERAS I A HERREE AR, °C, S R et T
L COR A B, R L HEAT R DU, Ry B2 B Bl B Ak B
B RSz — W EGTM A7 T 18 % shil
ER LR ME R,
1.2 ZWHENBELIE

AR FH R 2 A ) FE AL 30 5 RO & s AL
TE R ALK A 200 A4 RATHE H (Cycle) T A9 EGTM
T3 5 A (TR — 0 IR B ) AR A B 4 LIVEMY
PR RS PR RE . AR SO BEMLIE LR 25 & R
REHLE EGTM Bl 1E Rl 2k 4 (£15% 1 465 1~
VE R, RATIRIR RN 1 465%200=293 000 X ), Fl 4%
5 6 R SIPLH EGTM Bdi/E R I (15 291 4
TAES, RITIE IR AR 291x200=58 200 X ),

K1 /R T % 30 &5 Rt & s L EGTM %%
(B IE 254 A 16 0, A AT A, Bode B AR A LAY
B} 70 CHYIEZS I A (W FR I35 ) 3% 4 A F T I
SRR R AE B R4y EAE R, SR L B
BUAE T & — Bl e, HEACR A B b A LU S5
70 °C AL EI[60 °C,80 CITE BBl N 4 5 e fie i
A W I B R & B HLAL TR e i AR . A&
2 EGTM {H T B 5 60 CRf i, ] 156 B 12 784 B A
KA HLEE th o TAE X o ¥ 250 °C,60 ClrY i
JETAE X, B 60 CAE N USRS 452 EGTM
(B 5 2 T FEIE | [40 °C, 50 CIR0 SR BoE Bt T
RGO, XEWEZMREM ANV G BT
AN TRV B A 1 B AR 4, Bl R X et U 3
HiRIX



92 LS S T N

2022 4

T
= .

--------------------------- 2 The proportion
/" decreased sharply

0 1 1 1 1 1 1 1 1
Box plot distribution of EGTM data

1 Ri&z#l EGTM B #E5
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Tab.l1 Parameter settings of the model

Type Parameters

First layer of ConvlD 5(size=1x3)

Second layer of ConvlD 5(size=1x3)

First layer of LSTM 200
Second layer of LSTM 50
Dense 1
learning_rate 3.5e-2
batch_size 64
epoch 50
Loss function MAE
Stride 1
Time step 7
Optimizer Adam
Dropout 0.5
Pooling size 1x2
Activation function Relu
31 EEEITM SR

e 34 45 X6 5% 22 (mean absolute error, MAE),
75 B 12 2 (root mean square error, RMSE) DA f&
AR EE R? AE S A SC i 4 53 1 0 1k Be 8 A, X
EGTM By #UI0 # BEMOF 4 . Herh MAE f1I RMSE, R
30 4 £ T (B S 2 TR A 22 DA RCIE AN Tl
D5 B SR 2 (Rl T 45 B, Hog S MAE R4 2%
PR%I(Loss). MAE,RMSE LA K R? B35 5 i 410

1N e
MAE=- (Z |h=h& |) (10)
RMSE:\/1 (11)
m
Y (h=h)?
R=1--"—— (12)
Y (h=ht)?
i=1

M MAE RMSE DA} R? i) 2235 AT 20, 4 i il
{8 5 L S8 3 0 I MAE , RMSE F 188 /)N R {H

AR, RO 22 8 /0N | 4006 B R S AR ) o R FIORG
JE R
32 ZRRIEESBOW

EGMT % 2253 EMD #E4T & 55 0 it )5,
58] 8 /4~ IMF 43 5 Ml 1 4~5% 22 T (Residual ) , 21 &
4 i, mE 4 ", s KSR EGTM A
AW R RS S ER GE EGTM £l 475 54 17
TEPE SN AT EYE . &3d EMD 43 5 1 5% 22 43
B R AT, k200 B R KM
MR R, (FURE 28 1 IR 0 25t i 5 PRI AR e . AR
M5, IMES 7318 47 76 [R) 2 B 0 i 2l , A 3 i 10 i
1, 4 IMF1~IMF4 J3 & 5 R 1 9% 8, 4 IMF5~IMF6,
K, I IMF7~IMFS, H. IMFS 23 & BA % /N1
BRAE, X ULU] IMFS 43803 T s i vh iy 2
Wesh oy, R R R A 0 B s vk . H AT DL,
IMFS 3 fE e 1 5 i 5 s i il sh v, = D i B s
ANERE W I B 8% 22 0 DR T D0 O 1 R A
e IR RS 1Y B2 R A3 o 6 IMES (/6 I T
DA R T i s TOUIDORG B2 10 X A% 2 43 8 (1% o LI
2 AR TN 235 SR o 0 11 G A

—  haw
2R TR WA e
22 F——IMF1
o%%-wﬂuwwwwwwwn <
_%8 ——IMF2
O*WMM%MWWWWWWW -
%(1) —lMl*?)
0 1”“\5;\”“\;,
30t L L . . . . . .

0 200 400 600 800 10001 200 1400 1 600

Time series sample serial number
(a) IMF1~IMF4 series

27 F—IME,

0

=271 i : : : s \ . .
F—IMF8

0 200 400 600 800 1 000 1 200 1 400 1 600
Time series sample serial number

(b) IMF5~IMF8 series and residual

E 4 EMD #fE&R
Fig.4 The result of EMD decomposition

Tr(‘w/ %

|
—_

bmdbowﬁohwo

TE(;M/%

o |
AOPRW Wh A




55 6 41 AR AR T RS PG 2 11 e S AL HE SR A R TR0 95

33 #HABITFSIRESH

A3t T MLP,CNN,RNN HI LSTM 45 1% &
22 ) 28 BT AE Oy i e A RY X LG I T B Y
EMD-CNN-LSTM 21 4 7 ) 45 71 i) A B A n] 5 4% |
[ T 39k EMD B sTik, % & se A4 EMD
B 1 35000 7 B

Bl 5 JEn T bR A [RIASE 7 A 3 25 ok 7 vl ) 46
I BRBICAE AR5 | v R Al bR e AR A ot A v
1% AR AL

______________________________________________

o
P 28 o MLP ——CNN i

01§ 260 o RNN - [STM
2241 —* CNN-LSTM

A Lop o —
201 37 48 491
101 ‘ Attention area

0 10 20 30 40 50

Epoch
B 5 gL EPR loss BEN
Fig.5 [Iterative trend of loss value during training

HI Il 5 AT, 5 4 A58 80 A 458 % o 7 2 AR A
HRFEAE AN [ 7 BE 9 0 Sl 0, 3K b ] 5 4 A6 28 7 3
Gd B EA TR R LA . T EMD-CNN-LSTM
UEPNITEE Ci i AR ol L N e a7 K R NI R 5
BARRITRE

T RN ZRr BE Al F Sy 1 4T 7R BT A5 A
AIPERE, BENLAINIKSE k% — G R sh Lt 17 2
Br g5 R 6 B, 1B 6 thEsR 1 AN [m) i % B2 pf
28 W 25 AL T ) EGTM 224kt %, Hi &l 6 ml I,
16 EGTM 1 - 11 F00 00 1), 7 A7 A 284 347 7 A6 A [ A J3E
MPe g, S EOLICE HER I 2 EGTM 1922 1L
e, BVEUR X S EGTM 1 HE A 5000 114 52 B 2 SCHE
KIS o U X BN 9 EGTM 82K, ks fl 2
AT YEE B T I A RE SR B EBR SRS K
Frfas v EGTM By ALAs B0, nl o A sl ML b ik 4
& Aedr RAT I E SR AR . 78 EGTM 4k
THUR DN I 52 4 A58 2 AN [ A B8 4 i 25 L5
{EL, CNN-LSTM -t H 3 1 %8¢ oAy 7™ o 14 o i 90 00 i iy
JE PN e, X U6 B R K B A e A AR A R
T EGTM iy B B A ™ S i TR . 78 EMD

100 % ——Real--*-CNN --*--MLP--v-ESTM
s 9 2 == RNN--4-- CNN-LSTM—— EMD-MLP)|
——EMD-CNN——EMD-RNN
o) 80T e PMD-LSTM —— EMD-CNN-LSTM
. u A s .
§ 60 Atl t. --l. N o . T : :" »
= ention line Attention area ; | W
40r . . o i Y
5 10 15 20 25 30 35 40 45 50 55 60
Time series sample serial number
(a) EGTM prediction results
62r~——— ——Real —* CNN-—+ MLP-—~~-IST™
StSaa --<-RNN --4--CNN-LSTM ——EMD-MLP
60 Tt ——EMD-CNN——EMD-RNN

"“uﬁ_flﬂ\ﬂ)—ISI‘M —— EMD-CNN-LSTM

T/ C
W
=

56 Attention area

50 51 52 53

Time series sample serial number
(b) Attention area

B 6 B—RMARIIE EGTM Hill
Fig.6 EGTM prediction results of a single civil aviation
engine
fIFE IR, CNN-LSTM f T30 4 25 A Fr 243, HAE
TR DX S N 7t R AR A P AR E K
G BTN 45 R AN 3% 2 o
R2 XRERMEER

Tab.2 Comparison of the experimental results

Model MAE RMSE R?
MLP 2.62 3.69 0.942
CNN 1.88 2.72 0.967
RNN 2.23 3.01 0.962

LSTM 1.84 2.52 0.973

CNN-LSTM 1.56 2.09 0.982
EMD-MLP 1.46 2.26 0.980
EMD-CNN 1.54 1.98 0.983
EMD-RNN 1.35 1.88 0.985
EMD-LSTM 1.22 1.74 0.987
EMD-CNN-LSTM 0.97 1.40 0.992

M 2 A, A% F MLP,CNN,RNN,LSTM,
CNN-LSTM %5 5% 4+ 5  EMD-CNN-LSTM ) MAE
45 R BT 62.98% ,48.40% ,56.50% ,47.28%
37.82% ;RMSE 43 5 T B¢ T 62.06% ,48.53% |,
53.49% ,44.44% ,33.01% ;R* 5 9 £ T+ T 5.31% |
2.59%,3.12%,1.95% ,1.02%, 74k, #4F EMD-
MLP,EMD-CNN,EMD-RNN,EMD-LSTM % f& 4 |
EMD -CNN -LSTM ) MAE 74> % F B¢ T 33.56% ,
37.01%,28.15%,20.49% ; RMSE /35!~ % 17 38.05%,
29.29% ,25.53% ,24.29% ; R* 73 % LT+ T 1.22%),
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Tab.3 Parameter comparison of fitting analysis

Model 0 b R
MLP 1.139 95 -8.274 19 0.987 19
CNN 1.004 06 0.519 20 0.986 08
RNN 0.931 66 6.110 02 0.986 90
LSTM 1.014 08 -0.223 97 0.988 25
CNN-LSTM 0.992 04 0.395 68 0.990 81
EMD-CNN-LSTM ~ 0.996 45 0.304 88 0.995 83
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