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Fig. 1 Fault diagnosis process based on MLP condition recognition and self-training ST-GCN model
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Table 1 Parameters of the engine model Table 3 Operating condition
Parameter Specification ocC Mach number Altitude/m
Total pressure ratio 1(MIL-E-5008B) 1 0to0 0.23 0
Airflow/(kg/s) 635.363 2 2 0.23+0.02 0 to 350
Combustor exit temperature/K 1 800 3 0.8+0.03 10 000+50
Design speed/(1/min) 10 300/3 390 4 0.4+0.02 800+10
Maximum thrust/kN 150 5 0.26 to 0.22 170 to O
Bypass ratio 15

Fuel consumption/(kg/s) 1.058 7
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Table 2 Component failure modes

Fault mode description Description
Low—pressure compressor erosion M, EI=2%
Low=pressure compressor fouling M, FI=2%
High-pressure compressor erosion M, EI=2%
High-pressure compressor fouling M, FI=2%

High—pressure turbine erosion M EI=2%
High—pressure turbine fouling M FI=2%
Low—pressure turbine erosion M, EI=2%
Low—pressure turbine fouling M FI=2%
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Fig. 7 Operating condition 2
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Fig. 9 Adjacency matrix
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ST-GCN A5 R 25 ¥4 W& 10 i s, R 9 A Bief 25 48
FRRSE He 1 47 ¢ AF £ B, 42 J&) b fk )22 (Global Pooling
Layer, GP) Fl TR BURFIE M & R 5 B, F & 5 )2
(Fully Connected Layer, FC) Fll Softmax 43 2% & i 17 7
Fo W — A ATT W% 1 K/ R (35,10,3) 55 =4
ATT B % K/ R (18,10,32) , Hofth /9 45 J2 5t DL
oM o IR U KN 1xT7, 2K 2, BT R ECR

ReLU, F Il 2k BI{E & 0.95, #550H64E HL il n - S %%
W 10% 1% %50 08 FH A 96 UE 48 A3 48 7576 60 T 19 550
I v 3l 43 A A 8 R TG A 28 BN L b 28 A I 4R
B R 15% ,10% ,15% ,20% | o b T84 T 00 43 ) 4t
37 A 25 ST-GCN £ AU 7€ 1712 Wi B, 26 5k F MLP
TR AR R X A AR T AT R AR S AR R TR
ST T 50 2 R EE SR G N I 2R ST-GCN A5 7 3
T2 Wi . LW F AN 4 Fios (10 RS2 ) , e AR 2 5
it o5 209% W], 82 W o 25258 3] 98.93% 5 R 4 B
AL 7 5% W, HEAf 5 T B AL £ | B I2 W E 2 R
80.51%.

ATT GCN TCN ATT GCN TCN GP FC Softmax

[ Attention layer (35, 10, 3) (18, 10, 32)

[ Graph convolution layer (35, 10, 32) (18, 10, 128)
[ Time convolution layer (18, 10, 32) (9, 10, 128)
71 Global pooling layer (1, 128)

Il Fully connected layer (1, 32)

[ Softmax classifier (1, 9)

Fig. 10 Fault diagnosis model

Table 4 Diagnosis results of the semi-supervised model

(mean +standard deviation) (%)

Proportion of labeled samples

(0]

5% 10% 15% 20%
1 76.56+£2.25  84.89+1.87  92.67+1.33  99.11x0.97
2 75.33£2.27  88.11x1.72  93.67+1.41 98.67+0.97
3 87.44+1.93  94.11«1.58  97.22+1.02  99.33+0.54
4 80.67+2.06  89.78+1.47  95.00+1.14  98.44+1.02
5 82.56+1.99  89.33x1.66  95.44+1.16  99.11+0.83
Mean  80.51+2.10  89.25+1.66  94.80+1.21 98.93+0.87

34 5HEERENSHTERITLE

P SN E T a8 gk R R R A 0 A KINN SR 4B 322 40
A R 4 ol P D s 58 R BB 4 AR B T I 25k ST
GCN LR R B, e IR SR 1 5 AU 1 7 6 2R 15 1Y
AP S B B A AR 32 W R R i b A BOEE L
BT, R BB B S o U5 B 3 A R R R A S AR A 0 4B
F2 I R 02 T 4 b 5 3R 0 25 K B WL A4S A% TR A 25 [
H AR R G R, T B RS L 2 (R RRAE

PLAS 3¢ A Y1 25 ST-GCN A5 B 78 bk 28 8098 o 20%
I Y92 W R Sy B R D H R AT B e T AR
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Table 5 Comparison of results for various adjacency

matrices (mean + standard deviation) (%)
Adjacent Proportion of labeled samples
matrix 5% 10% 15% 20%
Data
80.51+£2.10 89.25+1.66 94.80+1.21 98.93+0.87
prototype
O':lg‘t“al 78.40+2.05 88.02+1.82 93.42x1.33  98.00+0.86
ata

X EESEE 43 5 2 e R L, 2 W T R R AT
B2 W A B DL R S 3 T MLP k47 T 0 3R 501 0k A7
WAL B2 T Y P B BORSEAY 2 T 4 R (10 IS 40 ) T3k 6
FEoR o 3T E 2R ST-GCN #E1Y , R % 1 T30 11 5%
EAE AT B2 W E B 2R 96.69% , 1T PR B B 1Y
LW RIERER LI T 2.24%, [FIRF, 76 % & P By B
1 I 12 T I i A S TR 1l e S X2 T ) o A R
AT, Do oy S aR R T AOR e oKL 4R T T
4.75% . [ L W5 (Self-organizing map, SOM) 2 Tt
ORI, R 1.52%

TEFT AT ik, A ISR ST-GCN R Bl e . ¥
Hd o 3 g TR A I R A — T 00 B B R AT
W12 6T, B % B2 T2 W 09 o A 5, I i T 0 ) 40 v of
B P X T i 45 SR HAE R

Table 6 Comparison of results for various classification

methods(mean + standard deviation) (%)

Method Without T)[')erating Considering '()pcrating
conditions conditions
SVM 93.89+1.46 95.67+1.22
KNN 86.71+1.83 90.73+1.59
Bayesian classifier 90.47+1.63 95.22+1.33
Self-training ST-GCN 96.69+0.84 98.93+0.87
SoM"¥! 83.61+2.40 85.13%2.18

4 %’

A SCAR Y — R LT MLP T3R50 5 B 25 ST-
GCN B (1 it 25 2 WL i a2 W 7 ik, R ] GSP
A I B A R AR TR R AT 5 UE , AT DL AR B DL R —

(1)iz 17 T oL % & Sh AL B BB 12 W A7 4 1
M AR SCHR A JE T MLP T AR 9 5 A Y4 ST
GCN 5 [ fiit 25 K B WL BB 12 W 07 0k, AN %
JE T AT SRS W, LR A W i B T .

(2) A SO o BE L A 8K il i e i IR
ok T R (1) MULP ASE 289 W L of i 3t X % B L as 157
AL AT R 555 3] 100% -

(3) 7% 33l Ao 4% e i A 5T A% a2 T 8 40 1
i 76 Sfe Ay s s TR ol e T o A ACHE 1 R e A5 3 1Y
i 2 P B A A 20 i 2 i g R R

(4) ) FH 45 8 TR 24 W 0 2 B0k g2 1 3 I 25 ST
GCN 2f W B 5 0 X6 6 22 32 47 T 00 T 1) e o 85 gk A7
LW, AR 2RO 5 e 20% IF i B R 1k 5] 98.93%
OSBRI ER AARRIFEES WA AR FEES
AU BHBT I E A B .
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Fault diagnosis of aero-engine gas path based on condition
recognition and self-training ST-GCN model

ZHANG Shijie', HU Jiawen', MIAO Guolei®

(1. School of Aeronautics and Astronautics, University of Electronic Science and Technology of China, Chengdu 611731,
China; 2. Chengdu Hangli (Group) Industrial Company Limited, Pengzhou 611936, China)

Abstract: The fault modes and operating conditions of an aero—engine gas path system are diverse and they
interact with each other, resulting in variations in the characteristics manifestations of a same failure mode under
different operating condition. This complexity increases the difficulty of gas path fault diagnosis. This paper pro-
poses a fault diagnosis of aero— engine gas path based on multilayer perceptron (MLP) condition recognition and
self—training spatial temporal graph convolutional neural network (ST-GCN) model. A MLP model was construct-
ed to identify the operating condition based on altitude, Mach number, fuel flow, high—pressure rotor speed and
low—pressure rotor speed. The cross—sectional state monitoring parameters of the engine were used to construct a
graph adjacency matrix. A self-training ST-GCN semi-supervised model was developed based on monitoring pa-
rameters of each cross—section state to diagnose the failure mode under the corresponding operating condition. An
adaptive particle swarm optimization (APSO) algorithm was adopted for the selection of model hyperparameters.
The effectiveness of the gas path fault diagnosis method was validated by the aero—engine state monitoring param-
eters under dynamic operating conditions generated by gas turbine simulation program (GSP). The results indi-
cate that, compared to directly diagnosing without considering operating conditions, the approach of first identify-
ing the operating conditions and then conducting fault diagnosis can effectively improve the accuracy of fault diag-
nosis. The fault diagnosis accuracy reaches 98.93%.

Key words: Aero—engine; Gas path fault diagnosis; Operating condition; Self-training; Gas turbine

simulation program
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