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Aero-engine fault diagnosis based on time series anomaly detection

WANG Yinru
(AECC Aero Engine Control System Institute, Wuxi 214063, China)

Abstract: The fault diagnosis of aero—engines is confronted with a data skew issue, where the number of fault sam-

ples is significantly fewer than normal samples, and the fault samples can't adequately represent the entire operating

conditions, resulting in poor generalization ability of conventional classification models. To overcome this issue, an

improved deep support vector data description—based time series anomaly detection model is proposed. The long

short-term memory (LSTM) network is employed to map the inputs and outputs of samples, forming temporal

anomaly vectors with actual collected outputs. The deep support vector data description (SVDD) incorporating

variational auto—encoder (VAE) is utilized to achieve anomaly detection for aero—engine time series data. The ex-

perimental verification is performed with a certain type of aero—engine ground test platform, and the model is com~-

pared to with isolation forest (IF), transformer-based anomaly detection (TranAD) model, and GANomaly. The

results show that the curve value calculated with the proposed model can reach to 0.987 8, has superior anomaly de-

tection performance. The proposed model can effectively be applied to various anomaly detection and fault diagnosis

tasks in aero—engine systems.
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Fig.1 Component diagram of turbofan engine
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SZIG i Python3. 7 RRASE b FE Rt R I1E 5,
ff ] PyTorch-2. 0 cuda—11. 8 #4752 LA 3L, 4>
Sz 7F — & fff ] Windows 11 Intel Core i7-
12650H .NVIDIA GeForce RTX 4060.16 GB N 17
BB FiEfT .

3.1 EHAEER
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OmniAnomaly /& — 4~ 45 & 17 ¥ 1 35 5 ¢
(Gated Recurrent Unit, GRU) 1 VAE 1) ifi #IL 1§ ¥
2 I 5 B RS ) 2 2] £ T R TE) T B 1 O R
R, I ol R MO 30 0 S
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Ty 25 T AR ) X A Bl AR A R il AR TR AR 1) i s
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FGDAE (Full Graph Dynamic Autoencoder)
S PR X HLA SR 2% T 00 & TR T 0 5 R D A
O i 5 A TR0 S Ao 4 3 AR A R S A A L
it FH L 3 N S B 245 B AU 35 N 22 Bh A 7E R P
7 K I A R 1 155 B0 BE A% AT R R B Y S R
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TranAD ( Transformer—based Anomaly Detec-
tion) 42 3 T Transformer W 2% At 5 & K6 0 A5S 070
fdf P T B 07 90 S i 8% TR T EGE b
J7Z R I ] S A O T T R AT B R
W3 ORI W S

BEER RN R 7 b A 25 AR R B A
FRAE B JF S 22 4k i 8] 5 91 RE B, VR S A58 4 I 2k
B o BRARST ARARTT 50, oAy 4 Fh iR B i Ao )
YRR 1 0 ) MSE A 45 2k s, 1H 5 =X (13)
7R I ZREE R 300 F , AR 46 52 40 X0 2% A5 A % Hi
B RS R R S R FEAR SO 1A B 3

AL 2 R B LI 5 09I 2R 4R L AT S5 R A
BYYI 2, 45 3 68 W AL 25 A 2l BIL AR F 9% B 12 i A6
BT 5 225 B SEBRIT AL I

3.2 SRIRIEHR

T R 5 A8 P A R R A F 7y B X LG TF
it T B A6 R 4 I [ 1) S ARG 4 RE
Nip

P=——" (14)
17\]TP+NFP
Nrp
R=——— (15)
]\[TP+NFN
72><P><R (16)
' P+R

O Ny 0 B IE B ARSI 599 57 6 R A 885 New D
R H N S W IE R REAS B Noew 9 B3R H 0 IE W
0 5 W FE A B, P AT AR IR R X T ]
) AR AL I A P, R AT B W S I ] 5 47) A )
R ABE 25 B0 X S ARG DN ) R L 0 BORT A 2
T S WA R B R AR RE

GO0 ARG A B2 A PR AR R A 4T TR
Save LAk — 25 VAl 452 28 1) T BE 7, S v (ELABRS
A T 1% 5 G 00 1 E

3.3 LSTM-VAE-SVDD %

R ARAFAE T A R SRR S
454 TR X LSTM-VAE-SVDD #  J 17 ¥
Z TAE S TAESE T WU B B0 4 77 e
LSTM-VAE-SVDD # # 3 218 2 # {1 #§ LSTM
W 5 2 B0 & Lisrv. VAE-SVDD (1) & 5% 2 % &
Lyae XGERBH o WS o (B R S B A M T
To WSICRWME IR, Y Lisr B4, Ly LS, 1
EHL 0. 8B}, Syue fHfe = M 0. 978 5, W1 45 1k & % 4
&N LSTM-VAE-SVDD #1511 25 .

#3 LSTM-VAE-SVDD#Zid 5%
Table 3 LSTM-VAE-SVDD parameters selected record

MSHAE  Listu Lyag u Save
1 4 4 0.5 0.846 3
2 4 8 0.5 0.966 7
3 8 4 0.5 0.901 4
4 8 8 0.5 0.943 2
5 4 4 0.8 0.963 2
6 4 8 0.8 0.9785
7 8 4 0.8 0.836 1
8 8 8 0.8 0.945 2
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3.4 FHEABRERIEITHESOW

B VI AT 21 By A58 T80 30 38 A T 2 e S L~ 1 2

I 5 b, AR SE B TR Ap T S B S s 0
PEAL 6 A HE AR Y f0ORS B A A R R 2 RO
FE 2T T AR, A R R A PR .

A AT [ AR S R L A S g A5 2R

Table 4 Experimental results of different models on anomaly detection of different components

BT B 1 ARG RAE R
AR R
P R Save F, P R Sauc Fy p R Save F,

IF 0.7548 0.6235 0.8932 0.6829 0.7487 0.8623 0.8845 0.8015 0.9803 0.8026 0.9786 0.8826
OmniAnomaly 0.8978 0.7566 0.9125 0.8211 0.7352 0.7652 0.8967 0.7499 0.9782 0.8623 0.9854 0.9166
GANomaly 0.8841 0.4578 0.8766 0.6032 0.7995 0.8746 0.9022 0.8354 0.9985 0.7985 0.9902 0.8874
FGDAE 0.9015 0.7458 0.8995 0.8033 0.8421 0.9631 0.9611 0.8594 0.9845 0.8317 0.9643 0.8415
TranAD 0.9235 0.8846 0.9247 0.9036 0.8653 0.9452 0.9526 0.9035 0.9992 0.8452 0.9984 0.9158

LSTM-VAE-
SVDD 0.9533 0.8963 0.9785 0.9239 0.8549 0.9899 0.9859 0.9175 0.9980 0.8657 0.9989 0.9272
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Fig.9 Bar chart of abnormal detection results for

mechanical hydraulic attachments
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Fig. 10 Bar chart of abnormal detection

results for telex system
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LSTM-VAE : il B A5 %1 o (1) SVDD £ B | fifi
FH LSTM A5 50 300 4y 1 665 (6] ) 87) , A 5 3503000 4 1y
7 4 R S R B AE Ol i 22 S ) A G R
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LSTM-DeepSVDD: il fr VAE-SVDD # #J
Ty VAE, i 2 2 BAPLRIC VAE .

FEML 2 B SIALI B & 3 A F0 1 R 8 Hie 4 13T
A1k il S5 5 2% X L T VR T EORE AR R A m R F
Iy S wue , S5 RN 5 TR .

%5 LSTM-VAE-SVDD #4114 fi 52 36 45

Table 5 Ablation experimental results of
LSTM-VAE-SVDD model

il P R Saue F,
LSTM 0.6842 0.7021 0.8863 0.6930
VAE 0.7451 0.6574 0.8548 0.6985
LSTM-VAE 0.8965 0.7513 0.9502 0.8175
LSTM-DeepSVDD  0.9214 0.8986 0.9763 0.9099
LSTM-VAE-SVDD 0.9354 0.9173 0.9878 0.9228
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Fig. 17 Bar chart of performance indicators for

ablation experiments

ME 17 7] LLE 1 : LSTM Ml VAE 58 (1 4 J7
T 46 b5 AT il A B B T SR Y o
R 4 i A 50 0I5 5 S B T S 4 A
JF S8 ) 5t 0 R ) 05 30 Sk U O R A 25 K B
BILFR A G S 6 00 114 335 0 1 5 LS TM -V AE B2 1 i,
SRAEKG TR L 5 AR ORI BRI 22 A 2 (0 H A ] %
A T A SCREARL 8 ] SVDD 76 5 R p b ok 32 T
T SR AS K I Y R E S LSTM-DeepSVDD
AR (RS 0% S aoe M F 43 8045 B 8 T R, B
1£ DeepSVDD 1 5] A VAE 1] DL #f K 2 B 42 Tt

DeepSVDD (14 55 K I 25 & PERE

ZE bk AR SCHE B LSTM-VAE-SVDD
I AE it 25 BN WL A G0 B 1 S R R A 5%
Hr, ELA B 38 N B L LB I A A S A
FI, A LI A 25 & B L AR A G S H R I i

BEA B .
4 & ®

1) A SCH T 5% K U 58275 DeepSVDD, 45 &
VAE M LSTM, ¥ & T LSTM-VAE-SVDD i fi
25 R SAILI (8] 7 5] S i A A A2

2) e SR ZS K F B 9y 35 v Al AR S
TR ) W B 12 T R B, AR SRS L A R iR Y 12 I

R
3) AR SCRERY AT LA S D B R ) 45 2 &
K BE AR

g5 LTIk AR SCREAL AT RUAE Sy — il 4 8 1 A
75 R E) BIL AR A 0 S ARG I AR Y T A Sl I )
B S i A DN 0% 0 P HE 2 IO P 7 A S K BT
BB 12 I8 B4 AT 55

ASCALTF I8 TR S R A BE L BER
JERE UL A AT AT . AR R AW IE POl H B R
TR % i, A DR TEASE BORG J3E 14 () i 0 f A 7Y
F0 TR JEE T 5 S R 488 v A8 TR 1 52 I P o A T g
JO7 FH XS G I 1 B84y B 15 4 i B 25 K Bl bl
Mo A L o A R B PR,
At S AL 28 A AT 2 K Sl LR A Rl R A2 W R O 4
farge .

S % 3Lk

(1] skAR B, fIo@se, skl . BT Z A8 SDG it %5 & sh bl
% TOLERS W7k (7). fizs RahbL, 2022, 48(6) - 42-
48.
ZHANG Zhenliang, HE Rongrong, ZHANG Jianliang.
Multi-condition fault diagnosis method of aeroengine based
cloud model SDG [J]. Aeroengine, 2022, 48(6) : 42-48.
(in Chinese)

(2] Hweke, 26 . BURMTAS K S AL 73 i i a2 Fndes ol Jr vk
[J]. Wiz TAEER , 2010, 1(2): 103-106.
GAN Xiaohua, LI Wei. A summary of military aero—engine
life determination methods [J]. Advances in Aeronautical
Science and Engineering, 2010, 1(2) : 103-106. (in Chi-
nese)

(3] WHHIME, mdeili, VLaEAR, 45 fizs Rl HLR sl i 5
ORISR T]. s =4, 2024, 45(4): 7-35.



132 ot s TRk 516 %
HU Minghui, GAO Jinji, JIANG Zhinong, et al. Research HUANG Xufang, ZHAO Ping, FENG Ling, et al. Re-
progress on vibration monitoring and fault diagnosis for aero— search on fault diagnosis of external hydraulic pipeline of
engine[J]. Acta Aeronautica et Astronautica Sinica, 2024, aero-engine based on Bi~GRU model [J]. Machine Tool
45(4): 7-35. (in Chinese) and Hydraulics, 2023, 51(11): 224-232. (in Chinese)

(4] ™hnsik, VFSCH, B, . s RS HU i £l R STl [13] b, W, #de, % . 3F il LSTM i s & shbl
B2 W H AR WE 5T i 5 PR [T ], BLAR TR 24l , 2024, 60 S EBM Ik [T]. MIEHR, 2024, 43(2) 2 1-10.
(4): 3-31. MA Shuai, WU Yafeng, ZHENG Hua, et al. Aircraft en-
YAN Rugqiang, XU Wengang, WANG Zhiying, et al. Re- gine gas path parameter prediction based on improved LSTM
search status and challenges on fault diagnosis methodology [J]. Measurement and Control Technology, 2024, 43(2) :
for fuel control system of aero-engine [J]. Journal of Me- 1-10. (in Chinese)
chanical Engineering, 2024, 60(4): 3-31. (in Chinese) [14] BJTHL, Z000, B, % . =T ARMA it s k3P

(51 XU, FEFT. fil 2 K S Bl 7 G0k 12 W B R i 5 2 AR R 2 W R S R IELT] At kSR, 2022, 52
[J]. REAE AR, 2023, 23(4): 349-357. (1): 16-20.

LIU Jian, REN He. Progress of fault diagnostics of aero—en- ZHAO Wanli, GUO Yingqing, YANG Jing, et al. Aero-
gine lubricating oil system [J]. Journal of Technology, engine sensor fault diagnosis and real-time verification based
2023, 23(4): 349-357. (in Chinese) on ARMA model[J]. Aeronautical Computing Technique,

(6] #EM, 220, TR, %, M KA IGWO-KELM 2022, 52(1): 16 -20. (in Chinese)

HeBEIZ Wk L], MU TS L 2023(12) : 36-40. [15] il A& 3 RO 19 i =5 & sl AL o 0 B 12 I B R
CUI Jianguo, LI Yong, WANG Jinglin, et al. IGWO- [J]. AshifbRi A, 2023, 64(10): 179-181.

KELM fault diagnosis method of aero-engine [J]. Machi- LIU Zhengang. Typical aeroengine fault diagnosis technolo-
nery Design and Manufacture, 2023 (12) : 36-40. (in Chi- gy based on flight test data [J]. Automation Application,
nese) 2023, 64(10): 179-181. (in Chinese)

[7]  BULF, HiEsR . 5T AlA B Transformer 1955 & AL [16] RENLH, YEZF, ZHAO Y P. Long short-term memory
W RE 2 W (J/OL ], db w28 it K R 24 2 4. 1-14[ 2024~ neural network with scoring loss function for aero—engine re-
03-10]. https: /doi. org/10. 13700/j. bh. 1001-5965. 2023. maining useful life estimation[J]. Proceedings of the Institu-
0206. tion of Mechanical Engineers, Part G: Journal of Aerospace
ZHAO Hongli, YANG Jiagiang, Aero—engine fault diagno- Engineering, 2023, 237(3) : 547-560.
sis based on fusion convolutional transformer[J/OL]. Jour- [17] WANG M, WANG H, CUI L, et al. Remaining useful life
nal of Beijing University of Aeronautics and Astronautic: 1— prediction for aero—engines based on time-series decomposi-
14 [2024-03-10]. https: //doi. org/10.13700/j. bh. 1001~ tion modeling and similarity comparisons [J]. Aerospace,
5965. 2023. 0206. (in Chinese) 2022, 9(10) : 609.

(8] fHTYHY, SCs, Ml . itk v 2= AL 09 A & & shpLit 56 [18] LINL, HE W, FU S, et al. Novel aeroengine fault diagno-
Y REFRMEE W], Rsh 5, 2024, 43(4) : sis method based on feature amplification [J]. Engineering
261-269. Applications of Artificial Intelligence, 2023, 122: 106093.
WU Jigang, WEN Gang, YANG Kang, Improved attention [19]  ifEa, s8R, 2=, 4. 3F APSO-LSSVM ¥ fi 25
mechanism for intelligent fault diagnosis of experimental ro- R B WL RS W K R B (], R R, 2024, 43
tor systems in aero engines [J]. Journal of Vibration and (1): 70-76.

Shock, 2024, 43(4): 261-269. (in Chinese) LIU Hairui, WU Xianwei, LI Peng, et al. Fault diagnosis

[9] ZHAO Y P, CHEN Y B. Extreme learning machine based and life prediction of aeroengine bearings based on APSO-
transfer learning for aero engine fault diagnosis [J]. Aero- LSSVM/[J]. Measurement and Control Technology, 2024,
space Science and Technology, 2022, 121: 107311. 43(1): 70-76. (in Chinese)

[10] #Am, AE, A, & . 2480 m ¥ 50 5 5 6 Ik 4504 [20] JA i, XIFf, Wang . 5 T REAF B 3O 2 & S HLTR Shh

[J]. LN, 2020, 40(6) : 1553-1564. HREBEZWT[T]. NIAHLS L, 2023(8) :43-45,
HU Min, BAI Xue, XU Wei, et al. Review of anomaly de- ZHOU Zhuofeng, LIU Wei, YU Ming. Fault diagnosis of
tection algorithms for multidimensional time series[J]. Jour- aero—engine rolling bearing based on feature extraction [J].
nal of Computer Applications, 2020, 40 (6) : 1553-1564. Internal Combustion Engine and Parts, 2023(8) : 43-45. (in
(in Chinese) Chinese)

[11] LIUY, LIU Z, ZUO H, et al. A DLSTM-network-based [21] b5, RHEZ, Bip i B T 10 85 32 2R 288 10 A S
approach for mechanical remaining useful life prediction[J]. R r k[ 1], fias sh 244, 2021, 36(10): 2218-2229.
Sensors, 2022, 22(15): 5680. SUN Hao, FU Xuyun, ZHONG Shisheng. Slow feature

[12] #8557, BF, B8, % T Bi-GRU BRI A i 25 & sl density clustering-based gas path anomaly detection method

S8 Wi B S W S (D). HLR S, 2023, 51
(11): 224-232.

[J]. Journal of Aerospace Power, 2021, 36 (10) : 2218~
2229. (in Chinese)



%2

A i« KT ) 8 S5 A B A 2 S sl AL R 2

133

[22]

[26]

[27]

[30]

JINHJ, ZHAO Y P, WANG Z Q. A rotating stall war-
ning method for aero—engine compressor based on DeepES-
VDD-CNN[J]. Aerospace Science and Technology, 2023,
139: 108411.

YUY, SIX, HU C, etal. A review of recurrent neural net-
works: LSTM cells and network architectures [J]. Neural
Computation, 2019, 31(7): 1235-1270.

JIANG Y, HOU X R, WANG X G, et al. Identification
modeling and prediction of ship maneuvering motion based
on LSTM deep neural network [J]. Journal of Marine
Science and Technology, 2022, 27(1): 125-137.

LIUY Q, GONG CY, YANG L, et al. DSTP-RNN: a
dual stage two-phase attention—based recurrent neural net-
work for long—term and multivariate time series prediction
[1]. 2020, 143:
113082.

RUFF L, VANDERMEULEN R, GOERNITZ N, et al.
Deep one-class classification[ C]// 35th International Confe~
rence on Machine Learning. US: IEEE, 2018: 6981-6996.

FER, Binde, S, % . 35T Deep SVDD (13 7 15 5 5+
RIS %I RE LRSS R T A, 2022, 44(7)
2319-2328.

KANG Ying, ZHAO Zhihua, WU Hao, et al.

SVDD-based anomaly detection method for communication

Expert Systems with Applications,

Deep

signals[J].
(7): 2319-2328. (in Chinese)

ZHOU Y, LIANG X, ZHANG W, et al. VAE-based deep
SVDD for anomaly detection [J].
453: 131-140.

ZHANG Z, DENG X. Anomaly detection using improved
deep SVDD model with data structure preservation[J]. Pat-

Systems Engineering and Electronics, 2022, 44

Neurocomputing, 2021,

tern Recognition Letters, 2021, 148: 1-6.
KINGMA D P, WELLING M. Auto—encoding variational

[31]

[33]

[34]

[35]

[36]

[37]

bayes[ C]// 2nd International Conference on Learning Repre-
sentations. US: IEEE, 2014: 1-8.

HAN S, HU X, HUANG H, et al. Adbench: anomaly de-
tection benchmark[J]. Advances in Neural Information Pro-
cessing Systems, 2022, 35: 32142-32159.

LESOUPLE J, BAUDOIN C, SPIGAI M, et al. Genera—
lized isolation forest for anomaly detection[J]. Pattern Re-
cognition Letters, 2021, 149: 109-119.

SU Y, ZHAO Y, NIU C, et al. Robust anomaly detection
for multivariate time series through stochastic recurrent neu-
ral network [C] // The 25th ACM SIGKDD International
Conference on Knowledge Discovery & Data Mining. US:
ACM, 2019: 2828-2837.

AKCAY S, ATAPOUR-ABARGHOUEI A, BRECKON
T P. Ganomaly: semi-supervised anomaly detection via ad-
versarial training[ C]// 14th Asian Conference on Computer
Vision. Perth, Australia: Springer International Publishing,
2019: 622-637.

LIU G, NIU Y, ZHAO W, et al. Data anomaly detection
for structural health monitoring using a combination network
of GANomaly and CNN [J].
2022, 29(1): 53-62.

YAN S, SHAO H, MIN Z, et al. FGDAE: a new machi-

Smart Structure System,

nery anomaly detection method towards complex operating
conditions [J]. Reliability Engineering &. System Safety,
2023, 236: 109319.

TULI S, CASALE G, JENNINGS N R. Tranad: deep
transformer networks for anomaly detection in multivariate
time series data [EB/OL]J. [2024-03-16]. https: //arxiv.

org/pdf/2201. 07284. pdf.

(4m4E: ) ¥815)

(L35 120 00)

[14]

[16]

HE RS R . IR S IR R M 2 LIS
WUMLAE : CCAR-23-R3[S]. dbat: v E R MR, 2004.
Civil Aviation Administration of China. Airworthiness regu-
lations for normal, practical, stunt, and commuting aircraft:
CCAR-23-R3[S]. Beijing: Civil Aviation Administration
of China, 2004. (in Chinese)

WA MK L2 NVH: M k8l BT AT] 5 it
BriMI. dbst: HURCT R, 2018 164.

TAN Xiangjun. Learn NVH from here-introduction and ad-
vancement of noise, vibration, and modal analysis[ M]. Bei-
jing: China Machine Press, 2018: 164. (in Chinese)

YANG K, GUO Y L, LID H, etal. Design and static tes—

[17]

ting of wing structure of a composite four—seater electric air-
craft[J].
2020, 27(1): 258-263.

E—. B &, BN M2 UL R A BRI #5340 4
Bk sELT]). s TREERE, 2019, 10(5): 643-649.
MAO Yiqing, YANG Fei, WANG Le. Static strength load

Science and Engineering of Composite Materials,

and experimental study of composite wing of M2 aircraft[J].
Advances in Aeronautical Science and Engineering, 2019,
10(5): 643-649. (in Chinese)

(4% : 5 FF)



