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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 was significantly fewer than normal samples, and the fault samples couldn't adequately represent the entire op-

erating conditions, resulting in poor generalization ability of conventional classification models. To overcome this 1s-

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

long short—term memory recurrent neural network (LSTM) 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 autoencoder (VAE) is utilized to achieve anomaly detection for aero-engine time series da-

ta. The experimental verification is performed with a certain type of aero—engine ground test platform, and the mod-

el is compared to with isolation forest (IF), transformer-based anomaly detection model ( TranAD), and GANom-

aly.

The results show that the curve (AUC) value calculated with the proposed model can reach to 0.987 8, has su-

perior anomaly detection 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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Fig.2 Component diagram of turbofan engine test bench
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BT AEREAR SC BT D 5 RE AR 1) RS B 25
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AR 3C Sz B Ad ] Python3. 7 B AS 4 S i il 4 72
5, i 1] PyTorch-2. 0, cuda-11. 8 52 3 A1 ] izt ,
4= ¥R S AE — & ff il Windows 11, Intel Core i7-
12650H \NVIDIA GeForce RTX 4060.16 GB N 7f
ML EiE T .
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OmniAnomaly™ J& — AN 254 T 14406 35 50
(Gated Recurrent Unit, faj Fk GRU) 1 VAE () Fifi #L
16 B it 22 00 26 B AU 3 3k 2% 2] Z2 e ) [A) ) 910 Y T
R, I AT A A R R

GANomaly & — Tt & 15 v — fiff 55 5% — Z i 2%
TR XTT A Bl g A A0 i K0 A ] i ] Py
YN GRAEAS S5 A, 38 3e S 6 53 BRI i 53

FGDAE (Full Graph Dynamic Autoencoder)
ST TR X LA AR 2% T 00 B TR I A D A
Y B 5 AL U 5@ 3 4> 3% $2 B (Full Connected
Graph, ffiFR G) 2R B4 Jm 45 0 05 5 A &1 3
4 5 #% (Graph Adaptive Autoencoder, fij #%
GAAE )KL [ 22 Rl T 00 78 AN i 2000 DI i 1l
O B0 RESE DEAT =k B B9 S R

TranAD ( Transformer-based Anomaly Detec-
tion Model) & — />3 F Transformer P 4% (1) 5 & K
DNASE RS R T 3 ) B0 R B GRS 2% L 7E T f#
Bt v 5Tz A I ) R A AL AT A
B 3 2ok S O R S

BEME AR I ok B, K 2 A 0 A
FRAEG T 22 dE i) 18] 77 90 50 B 1 o 455 80 1) 1 24
B o BRI AR AR TS ¥R S, e A 0 Al R BE S o A T
L SR 2 4 P MSE AR S 2% R R, 15 n =K
(13) Jilt 75 R %8 W Ry 300 56, A 48 52 30 % 4% A5 AU 28
B AR BE TR ) R R LR AR R 3
A A RSP & BN 2R AT S o A ) A5
AU G, 45 B X5 B A 25 & 3l B ER 1 9% i B 12 TR
BT R 25 15 52 PR PEAG I

3.2 SLIRIEHR

R % P AT IR R R E A3 BN LAl
v AR A5 ) 5[] e 51 S ARG P RE
TP

P=TriFp ()

P

R=— 15
TP + FN (15)
F1— 2R (16)

 P+R

Ao TP 9 E o K I i S R A S8k FP o
B F S 5 W IR REAS B FN R B R B R IE R
(0 5 h REAR B, P AT LA B ASE SR X T B E] R
A1) B R I AR R M L RS R S R[] 4] A T g AR
2RIV S SR B B L F L B SR R A
T R IR MR

T3 A0 AR ORI AN Z B R AR 2T T AR
(Area Under Curve, fij # AUC) L) JE— 25 34k 455 AU
B T 8 77, AUC (B8R (57 , 150 I ASE 700 1y S5 4 T 4
AE AT

3.3 LSTM-VAE-SVDD A%

ARG IE TS & Sh AL B B S 4L,
GE5 TR K 524 % LSTM-VAE-SVDD ## #1
HEAT PR 2 TAE W 2 T 4E 3 MU B 25 4
TP, B LSTM-VAE-SVDD # #I 3 558 2
B A5 LSTM K& 2 80 & Losne . VAE-SVDD 1
Bo )2 B Ly MW S H e WAUC (B 5 51 1Y
SHAEG AT . MBI RWME IR, Y Lisu
BUA, Ly BUS, p EHLO. 8, AUC{H 575 4 0. 978
5,014 1 % A A LSTM-VAE-SVDD £ & )
SR

#3 LSTM-VAE-SVDD Il id#
Table 3 LSTM-VAE-SVDD parameters selected record

25 Listu Lyag # FEAIE T 1 i AR
1 4 4 0.5 0.846 3
2 4 8 0.5 0.966 7
3 8 4 0.5 0.9014
4 8 8 0.5 0.943 2
5 4 4 0.8 0.963 2
6 4 8 0.8 0.978 5
7 8 4 0.8 0.836 1
8 8 8 0.8 0.9452

3.4 #YERABRERIITHESHWN

K VI AT 21 10y A58 T80 3508 38 A 0 25 e S~ 1 B
WU & b, 78 SEBR TR T 8 S B S A 0 03
PEAG 3 6 > XF LU B R BORE Bl R A [l R F o BoR
Fr Ak i 2N AR, 4R IR 4 TR .
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Table 4 Experimental results of different models on anomaly detection of different components
A HILA I B HfE R4 SRAERL
- EERNAESY EERAESY FRAE £
) P R F P R F P R F
o FEE FEp TEE
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
LS Igl\\/[/I)\l/)Ah7 0.9533 0.8963 0.9785 0.9239 0.8549 0.9899 0.9859 0.9175 0.9980 0.8657 0.9989 0.9272
A 2 4 o 52 o 5 A T 0 4 908 R AR ——
o e —1 2 N . IF I ]
FEL, LA 0t B 58 46 52 R0 A S [m) 38 428 S o A R
— . . 1 p
5 Ry PEREFE A5, A& 9~& 11 Fis o OmniAnomaly i .
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- : I ) ; '
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— ]
GANomaly 1
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LSTM-VAE-SVDD — : Fig. 11 Bar chart of abnormal detection
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Fig. 9 Bar chart of abnormal detection results for
mechanical hydraulic attachments
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Table5 Ablation experimental results of
LSTM-VAE-SVDD model

Hom p R %:;Jtmﬂéli? F,
LSTM 0.6842 0.7021 0.883 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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ablation experiments
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