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Research on aero-engine gas path fault diagnosis based on CNN-BES-ELM

Dai Langjie' Cai Kailong® Wang Ajiu' Huang Fei'
(1. College of Aircraft Engineering, Nanchang Hang Kong University, Nanchang 330063, China;
2. College of Aviation,Nanchang Hang Kong University, Nanchang 330063, China)

Abstract: Aiming at the airway fault problems occurring during the operation of aero-engine, an aero-engine airway
fault diagnosis model based on Convolutional Neural Network (CNN) combined with Bald Eagle Search Algorithm
(BES) Optimized Extreme Learning Machine (ELLM) is proposed. The aero-engine airway data are learned by CNN
and the fault features hidden in the data are extracted, the BES algorithm is introduced to optimize the weights and
biases of the ELM, and the optimized ELM is used to classify the abstract features extracted by the CNN, so as to
achieve the purpose of fault diagnosis. The experimental results show that the CNN-BES-ELM-based model achieves an
average accuracy of 97.80% ., which is 2. 7%, 5.4%and 7. 35% higher than that of CNN-ELM, CNN and ELM,
respectively, and compared with commonly used deep learning models such as Deep Belief Network (DBN) and Stacked
Auto Encoder (SAE), the accuracy is improved by 5. 4% and 3.4 % ; and still retains more than 90% accuracy in noise
environments such as random noise, Gaussian noise and pretzel noise, which overall shows good diagnostic
performance, generalization ability and noise immunity, and provides a theoretical basis for its practical application in
aero-engine airway fault diagnosis.
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Fig. 1 Aero engine fault diagnosis schematic
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Table 1 Failure modes correspond to airline components
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Table 2 Aero-engine failure modes and sample size
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Fig. 2 Fault diagnosis model based on CNN-BES-ELLM
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Fig. 3 Basic structure of convolutional neural networks
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Fig.4 Extreme learning machine network structure
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Fig. 7 Diagnostic accuracy for different training set shares
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Table 4 Diagnostic accuracy of various diagnostic models
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HI% 4 I3, 764 2807 . CNN-BES-ELM #9 & T
B 2435 B G RE A5G Vb AR 00 10 00 25 A S LS 1Y A% 26
[/q A

WEAb o AR SCHE Y vk TR B B S 45 (deep
belief networks, DBN) Fl1 4 & [ 4 i #5°" (stacked auto-
encoders, SAE) X #6 3= I TR & 2 X BL AU 47 LU 55, B A
RIS, AT 10 RSE 5, A3 45 R BOF- 2408, BARZ 1
5 PR,

DR T g M 0 4

Wiz Rk S HLAL B e 25 52 038 0 PR A5 AF A PL 8% iz
115 ZFhAH G R 2 MY R, 385 23 PRI G & FhAS [6) 1R R 75
T RS O 1 R A B 5 G L 52 R Bl AL B0 A TR B e
P 0 MR T R A AL L S A% U 2 SR AR Y BRI



AR F .4 T CNN-BES-ELM #4175 & 3h HL &, 5% 3 B 94 b BF 52

5013 W

RS BUHEBEHIRER

Table 5 Average experimental results for each

diagnostic model %

12 W R A R KR HEE F1 4%
DBN 92. 40 93.23 92.39 92.81
SAE 94. 04 94.72 94. 03 94. 37
CNN-BES-ELM 97. 80 97. 89 97.79 97. 84

S EAL A 2 1R 2= AR L S PR fE . o T
43#T CNN-BES-ELM 12 Witsi B 7E e 75 i P B L 7E A2 &
BHLA I EE A R BE A 30 B BE LR A S LR 15
F14 5 ST P D 7 R P R R O 0. 01 R BRER MR A . 23 Bl A5 3
3 PRI R R B2 W 2 R ME R R A5 R AN 8 TR .

100

CNN-BES-ELM [l CNN
& CNN-ELM EELM

95

%

2

>

3

RRKK2

90

X
2

P
>

d

929,

X
balal

QR

%

Q

>

Oat

X

85

X
X
a
2,

7
ba%a%

>

.v
S
s

X
4
ba %%

X
%%

e

o

X

Q
S

*,

80

e
K

X

R

X

e
X

Q>
>
X2
ha

a
&

SO
e

X
%

S

O
>
X0

R

>

X

X
ba%a%

X

75

P

Q>

X
X
SO
X2

K

X
e

X2
,

>

e

X5

o

HEHE/%

R

X

70

X
ba%a%

&

%
X0

a

X

>
X
X

X
X
3

X

a

>
>

9.
>

X
Q

e

X5

a

65

X
Daa®a

>

e
9.

X5

&
a

R

X
&

RS
SO
Q’Q’
R

X

9.
a

o

.

60 |

QR
>
a

e

>
a
*,

e
Q

"
e

0t

R

X

e

X
a

%
a
2,

XX
o
X

X

55

Ve
X
Q>

X

e
S
a

%

o0
X
&

S

X

e
Q
25

a
%

Q>
2,

>

e

A

Y

A Y

A Y

b
K2

50

l

o
&
H
[
=

L3 iR A

=-
L aE S
8 A [ B G 7 2% J7 vk MEAfy < %) L

Fig. 8 Comparison of the accuracy of each method for

&
o

I

different types of noise

M & 8 AT A5, FE AN [ i 28 e 75 A 2 I T L R ik Y o
TR AEARRBEN TR, HEHSTHEZT . CNN-BES-
ELM FRERE S e/, B2 Wi e o R0 8 T 90% . i W H A

BB A PTIRBE J1 3 T T2 R LB SR RS T
5 % i

XER BT —FEF CNN-BES-ELM ¥ fifi 25 % 3h HL
SIS W R, SCE IR ABEST T CNN H 4 BUZ fisth
L ZHH BB IR EE 5 LAY 2 e LA RS [ il 2 B 75 %)
CNN-BES-ELM Wi 12 Wr 458 8 14 RE /9 5% w38 5 1E R 1Y
IS AT H LU T 458

CNN-BES-ELM FBI7E 3 A4 B3 Ak % | I 25 4 B4
ditb ok 0.6 MG OL T BUS B4 I SO S 2 W s R . MR T
CNN-ELM.CNN Fl ELM 454 %] , CNN-BES-ELM £ &R
LA T €0 i vz Ak PR BB L T L 7R T X S [R] A 288 Y 7
Yo ik Fe B TR R S R AT R RE ) .

T 23 % S HLAY A< s Bk 2 2 B ef CNN-BES-ELM &2
25 3% 0 M IR 1R ) R 2 (AT A A — S TR i U, L

24 % B AL R T R R A v i 0 B R e A o B R

B LIS o AE TR f 42 IR M B SR AP A ik — 2 e

S % 3k

(1] BE&W, TEM, &% A & sh LA k2 b o

SR G R ELT]. mE M= At R K2 % 4, 2020,
52(4) . 507-522.
HUANG ] Q, WANG Q H,LU F. Research status and
prospect of gas path fault diagnosis for aeroenginel[ ] ].
Journal of Nanjing University of Aeronautics &
Astronautics,2020,52(4) :507-522.

(2] ZE—i. s0O6M, FmTE. i & shpl < i s Wi 4
ARBFFEIRLI . ERHLEAR L 2009, 22(3): 10-15.
LIY B, ZHANG G M, JIANG L Y. Current status of
aero-engine gas circuit fault diagnosis technology[]].
Gas Turbine Technology, 2009, 22(3): 10-15.

(3] M, 25, LH&E. ¥ MEEZIHIH IGWO-

KELM ¢ f 2 Wr 77 & [T1. HL W it 5 6 &,
2023(12) :36-40.
CUIJ G, L1 Y, WANG ] L, et al. IGWO-KELM
fault diagnosis method for aircraft engines [ ] J.
Mechanical Design and Manufacturing, 2023 (12):
36-40.

(4] xifesi . BIER MG, 4. 3£ T APSO-LSSVM fi

23 R B L T BE 2 W S A TN D). I 4 R,
2024, 43(1): 70-76.
LIU HR, WU X W, LIP, et al. Aero-engine bearing
fault diagnosis and life prediction based on APSO-
LSSVM[]]. Measurement and Control Technology.,
2024, 43(1): 70-76.

(5]  Zkigde, simnfk, sK52, . BT b4 4 FR B A5 0

JE 100 Bk Sl AL R T [T ], R Ge 0 4, 2022,
34(9): 2074-2086.
ZHU H L, JIA R X, ZHANG L, et al. Turbofan
engine fault prediction based on evidential reasoning
and confidence rule base [ J]. Journal of System
Simulation, 2022, 34(9) . 2074-2086.

(6] BILR, fhRWE, L, %, —fET TCN-LGBM

PR 25 Kk s HL 3B SRR a2 Wy Oy vk [T, F& T 4R,
2024, 45(1) . 253-263.
LYU W M, SUN CH F, REN L K, et al. An aero-
engine airway fault diagnosis method based on TCN-
LGBM[]]. Journal of Military Engineering. 2024,
45(1): 253-263.

(71 EH. BWW, N5, & EF2EAWICER I ML
B S & S BL e RS W [T, A0 &S 3 ) ¢ e, 2023,
38(7): 1784-1792.

WANG Y, ZHAO M H, LIU X Y, et al. Aero-engine
fault diagnosis based on twin reduced element attention

network[ J]. Journal of Aerospace Dynamics, 2023,

e 33



5 AT & v F o

T # K

(8]

[9]

[10]

(11]

[12]

[13]

[14]

[15]

[16]

[17]

(18]

38(7): 1784-1792.
BENYOUNES A, HAFAIFA A, KOUZOU A, et al.
Gas turbine modeling using adaptive fuzzy neural network
approach based on measured data classification [ J J.
Mathematics-in-Industry Case Studies, 2017,7: 1-14.
ZHAO J, PENG Y H, XIN N. An aero-engine gas
path fault diagnosis method based on OPABC-BP[C].
2021 IEEE International Conference on Prognostics and
Health Management(ICPHM), 2021: 1-6.

ZHONG SH SH, FU S, LIN L. A novel gas turbine fault
diagnosis method based on transfer learning with CNN[J].
Measurement, 2019, 137. 435-453.

CHEN Z K, YUAN X, SUN M Y, et al. A hybrid
deep computation model for feature learning on aero-
engine data: Applications to fault detection [ J .
Applied Mathematical Modelling, 2020, 83: 487-496.
ZHOU D J, YAO Q B, WU H, et al. Fault diagnosis
of gas turbine based on partly interpretable
convolutional neural networks[ J]. Energy, 2020, 200
117467,

TAHAN M, TSOUTSANIS E, MUHAMMAD M,
health

prognostics  for

et al. Performance-based monitoring ,

diagnostics and condition-based
maintenance of gas turbines: A review[]]. Applied
Energy, 2017, 198. 122-144.

R BREL WA, S SRR R S IL A
SRRz W R )], s KEL. 2022, 48(2): 33-49.
LISH CH, CHEN M, HU J T, et al. Advances in
gas circuit troubleshooting of aero-gas turbine engines
[J]. Aero Engine, 2022, 48(2): 33-49.

VPR IH, Ba R, &0k s k3L IR 2 i
SANNWA-PF 8 &% [J]1. fit = 30 Jy % #it, 2017,
32(10) . 2516-2525.

XU M Y, HUANG J Q. LU F. SANNWA -PF algorithm
for aero-engine airway fault diagnosis [ J]. Journal of
Aerospace Dynamics, 2017, 32(10): 2516-2525.
ZHANG K X, LIN B, CHEN ] X, et al. Aero-enginesurge
fault diagnosis using deep neural network[]]. Computing
Systems Science Engineering, 2022, 42(1): 351-360.
BrE R, AR, KB, . BT AR AR WA A/ NEEAR
RN RS W F 5T [T, AU AR 2 4, 2022,
43(10): 241-251.

XU ZH F, LI X D, ZHANG CH CH, et al.

network-based fault diagnosis of rolling bearings with

Twin

small samples[J]. Journal of Instrumentation, 2022,
43(10): 241-251.

WA . EAEE, B, % MEART ARIESRM

34 -

[19]

[20]

[21]

[22]

[23]

[24]

25 0 2% (VR Bl R R AR T ik [T . AR A SR 2 Al
2022, 43(9): 122-130.

LEICH L. XIA BF, XUE L L, et al. Self-correcting
convolutional network for

neural rolling bearing

faultidentification in small samples [ J]. Journal of
Instrumentation, 2022, 43(9) . 122-130.

T, R, BRSeH, % BT ONN IR ZE T80
REUN R GELT]. TR AR 2022, 45(19): 25-29.
YU B, LI J CH, CHEN X R, et al. CNN-based fault
bearings with variable

identification system for

operating conditions [ J ]. Electronic Measurement
Technology, 2022, 45(19) . 25-29.

HUANG G B, ZHU Q Y, SIEW C K. Extreme
learning machine: a scheme of
networks [ C ]. 2004 IEEE
International Joint Conference on Neural Networks.,
2004 . 985-990.

ALSATTAR H A, ZAIDAN A, ZAIDAN B. Novel meta-
heuristic bald eagle search optimisation algorithm [ ] ].
Artificial Intelligence Review, 2020, 53: 2237-2264.
T, D5, JE, 5. JEF BES-ELM Ay KL AL i e
L] HEEHUR TR A3, 2023, 41(10): 1023-1029.
WANG J,XI F,ZHOU CH, et al. Wind turbine fault
diagnostic model based on BES-ELM [ ]J]. Journal of
Drainage and Irrigation Machinery Engineering (JDIME),
2023,41(10): 1023-1029.

ke, TR R, AR, T DBN AFAE 32 A A
R OB 12 Wk L)L AR R F 4R, 2019,
40(10): 112-119.

ZHANG CH L. HE Y G, DU B L. An early fault

diagnosis method for analog circuits based on DBN

new learning

feedforward neural

feature extraction [ J ]. Journal of Instrumentation,
2019, 40C10): 112-119.

BT, EAEMS, Einig, 5. SRR O g 1A A
WA R ] R3h. Wik 52 W, 2019,
39(3): 603-610.

HONG J Y, WANG H W, CHE CH CH, et al.
Improved noise reduction self-coding for aero-engine
Test and

airway fault diagnosis [ J]. Vibration.

Diagnosis, 2019, 39(3): 603-610.

EE®- N
BB A, W0 b F S0, F 5T O A =S R S pIL R

B,

E-mail : dailangjie2000@163. com
BEFRGEGEZ, WA, Bl E2, BT s

R EHLESH RS WA T SRS W A S 4R

E-mail: 70692@nchu. edu. cn



