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Abstract: A digital model-based prognostics and health management (PHM) system is crucial for digitali-
zation, intelligence in aeroengine. Among all digital models, an aeroengine performance digital model is one of
the basic modules for PHM system, which is used for condition monitoring and performance prediction on aeroen-
gine. In this work, a strategy for creating a performance digital model to predict aeroengine thrust is given. The
strategy is to combine aeroengine domain knowledge and artificial neural networks, which is to create an architec-
ture for tailoring the neural network model with physical information. More, the given model is designed to ad-
dress feature selection. The application of the given model to aeroengine thrust prediction demonstrates its effec-
tiveness in accuracy with the different testing datasets. Compared with the conventional neural network, the aver-
age relative error of the architecture—based model is small, and the max relative error of the architecture—based

model is only 1/4 of it under the same model size. With physical constraint, the model is less reliant on training
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data, and the number of layers and the hyperparameters in the neural networks model are intervened.

Key words: Aeroengine; Digital engineering model; Physics—embedded neural network; Performance

parameter prediction; Feature processing
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Fig.1 Structure of physics-embedded neural network
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Fig. 3 Feature structure of conventional neural network
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Fig.4 Feature structure of physics-embedded input layer

Table 1 Feature for physics-embedded input layer

Type Parameters

Temperature/K T

Pressure/kPa Pas

External input N,

2.4 RIEEE

Bt R IR T IR R IR B & 3h LG b i i 7 (H=
0.0m, Ma=0.0) ¥t REAL I , i & 3 ML g O B AR A 4
K S Frs, H S 800 % 2. %47 B AR S — Fh ot
T A B W2 & S AL G 0 OB O PR AT A
BT AU R O B, B Oy B 0L Sk (27 ], AR R
RS

2210025-5



44 %

5511 e R

2023 4

Algorithm 1 Physics-embedded architecture-based model

1 Selecting the measurable parameters according to the aeroengine type.

2 Connect the parameters to build the physics—embedded layer.

3 The parameters are arranged in the order which air flows through the components in the aeroengine ;

The output of physics—embedded layer points to the coupling layer;

The output of the coupling layer points to the mapping layer;

The output of the mapping layer is a target parameter.

4 Determine the neural network type for each layer:
Physics—embedded layer: Bi-LSTM ;
Coupling layer: Bi-LSTM ;

Mapping layer: FNN.

0 N N W

Training model :

For i=1 to iter:

Preprocess data with the Min—Max normalization method.

Measurable parameters are the input for physics—embedded layer, performance parameters as the target.

Set the batch size and the nodes number of the network ; Choose MSE as the loss function and RMSE for optimization.

Tune the weight value of the model to minimize the loss function.

End

Fan Combustor Bypass Nozzle

Inlet,
I Im] I[T\nﬂﬁ -
Inlet HPC HPT LPT  Mixer

Fig.5 Mixed exhaust turbofan engine simulation model
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Table 2 Design parameter setting for simulation

Design parameter Value
Flow/(kg/s) 130.0
Pressure ratio 3.30
Fan efficiency 0.85
Bypass ratio 0.46
Compressor pressure ratio 6.00
Compressor efficiency 0.85
Combustor outlet total temperature/K 1700
Combustor efficiency 0.99
High—pressure turbine efficiency 0.90
Low—pressure turbine efficiency 0.91
100 — Training dataset — Testing dataset 1
90 | e I
80| B
70 ¢
£ w0}
< gl J
40+
30t u
20 .Testing ciatasetZ

0 1x10*  2x10*  3x10*  4x10*
Sample

Fig. 6 Thrust values in the datasets
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Table 3 Model parameters setting

Model name  First layer  Second layer Other Nodes
AN-S FC(100) FC(100) \ 11201
AN-M FC(150) FC(100) \ 16701
AN-L FC(100) FC(200) \ 21401
PI-S BiL(24) BiL(16) \ 13345
PI-M BiL(16) BiL(28) \ 16025
PI-L BiL(16) BiL(32) \ 19009
PI-X BiL(16) BiL(32) Order 19009
AN-F FC(100) FC(100) FC(100) 21301
CN CNN(32) BiL(32) K(3) 18177
LN BiL(16) BiL(28) SL(9) 17049

HE I AN BEORE BT i . R 3, 45 45 Y B R R
XoF N7 1 2% 22 D ol B O R A I BRI 8 X 25 1 ) 4
1K SL(9) 5 fin AR AR O 47 — B, 288 18 g X n)
K12 M 45 (R P hric 4 Bil) ,K(3) F&mn 5 B
B R /N 35 PI-X 4540 55 PI-L S A % B — 3%, B & ik
T AKRAE (0 5 AT, Order % 78 AS F- 442 18 49) R 2%
T 2 Bt AL HE 51 i A REAE 5 AN—F A58 0] 4y 0 2 i 42
W 4% & e . TR TR R R R BRI o AR
LA BEHLYE R T R I 3% B AL X 00 3k 45 2R 1) g
BT A A1 E i ST 38 R S R R AT PR RE AL
32 Rt

AL E AR B BT g R K 4, F,
B2 F 10 T bi 22 7s W 4R g 5, X A A5 AL 37
1B 55 W 45 R AT Ge v R Ve RE PP AN | e RAH L B

AME CE Y E PO B B INECR S A bR 22 OR B D
s R AN B TR 8 AR 9 43 B R R T AN ) A A
TE AR T XA — AR HE Ty BAl 4528 . K108
AN 7] i B0 O 0 g SR M ASE AR 5 P i ) B 2 I e 2
o 265 55 TR A 0 4 1 B A X R 22 - B St A R . A
11 A 7 8 7 B 5 o0 5000 [, A [m] Al 28 0 298 2 A
Fag 7 B TR0 AR AR A 2 AU AR AR Z g s R . K
12 JEIR T 4% P 25 00 245 25 R g s A 780 DA R PN ik ) 3L 24
R i 28 ) 2 RS AR AR 2 AR RV BT . R ZE T
J5 A 3k, DY itk 4 B 24 BRI Bl 2k 0 4 R A R FR Sk B
A AR A | 356 1 5 0 A 2 ) 24 SR A () R Y R AE B 3 T
B DK 2y 10 A5 78 D) 75 Bk A RS TR

GG R A4GE 100 LLF T H U AL 4 1
PR R R I R S R AR AL AR IR R AR
S BT ARN 58 22 (H I 1R 25 T T T AR M B R A =A%
W A B B G B 1 1 B AR 6 LR B (1 S 1
WEfE R 22 R B T — & B BURAE (B 4a T R R
2GR e/ MEL . T 2R R B B AR A 1 R R
ENGY TR G e N A Ry P U
P 4 a5 R, 1G 0 BEEC R TT A% £R i HE R IR A 1Y) D6 (B
A 1R 25, DI 2 A5E RY A B L T B B B AE
15000 % 20000 | N3l . % &3> A4 1 5
G AR 0 R AR R R R — B, B A AR I 2 B e e g
133 R A a5 . AR, At 25 & sl FIL A B AR B 5 b
PAF 7 B ) 22 5, PR e BE AU I 2 B diE 5 A A & s L
15 AT B A A R T A R 22 5, B DL AR R AR

Table 4 Results of models on the testing dataset

Vodel name R, R, Training Testing

Min/% Avel% Max/% Std. Min/% Avel% Max/% Std. time/s time/s
AN-=S 2.962 5.394 7.038 0.0149 6.345 14.331 17.825 0.0460 136 18
AN-M 3.758 4.743 7.025 0.0131 9.525 12.098 14.905 0.0259 97 15
AN-L, 4.345 4.947 5.930 0.0068 10.550 11.999 15.586 0.0204 109 14
PI-S, 0.272 1.252 2.453 0.0095 0.860 2.829 5.434 0.0194 1129 227
PI-M,,, 0.742 1.277 1.858 0.0050 1.898 2.724 3.821 0.0079 875 94
PI-L,, 0.295 1.365 2.182 0.0072 1.646 2.694 3.695 0.0095 930 203
AN-S, 3.872 6.472 8.081 0.0156 7.778 17.655 21.478 0.0560 136 24
AN-M,, 5.426 6.483 7.546 0.0084 14.585 17.858 20.403 0.0231 97 14
AN-L, 5.466 6.348 7.174 0.0072 11.289 15.438 19.756 0.0301 109 15
PI-5,, 1.180 2.355 3.851 0.0103 2.533 5.533 9.329 0.0266 1129 217
PI-M,, 0.729 2.246 3.925 0.0118 3.005 4.620 5.747 0.0112 875 223
PI-L, 0.496 1.675 3.402 0.0119 1.722 3.667 6.951 0.0211 930 219
PI-X,, 1.102 2.093 3.125 0.0088 2.627 4.213 6.164 0.0169 885 223
LN, 2.494 2.877 3.297 0.0029 4.995 6.238 7.013 0.0075 753 188
CN,, 6.113 7.115 8.695 0.0103 11.562 15.664 21.225 0.0352 337 104
AN-F 4.210 5.977 7916 0.0132 10.601 13.202 15.541 0.0187 163 38

(2)
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Fig. 10 Model for testing dataset No.1
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Fig. 12 Box chart for models on testing dataset No.2

Table 5 Results of models on the testing dataset for different performance points

R, R
Model name Min/% Avel% Max/% Std. Min/% Avel% Max/% Std.
Training dataset (H=5km, Ma=0.5)

AN-M,, 3.019 4.119 7.543 0.0193 6.295 10.809 18.406 0.0453
PI-M,,, 13.463 16.916 22.084 0.0335 37.427 40.780 44712 0.0276
PI-M,ys) 0.346 0.921 1.631 0.0052 0.816 2.129 4313 0.0132

PT-M,g 55 o) 20.088 32.747 51.340 0.1311 34.260 52.477 77.886 0.1744

Training dataset (H=10km, Ma=0.75)
AN-Mge10) 5.053 5.559 6.715 0.0066 16.864 19.086 21.916 0.0223
PI-M,,,, 25.676 30.993 32.959 0.0303 57.869 59.044 60.427 0.0103
PI-M, 13.381 14.749 15.624 0.0092 32.884 34.469 36.771 0.0144
PI-M 0.406 0.9815 1.674 0.0049 1.729 2.632 3.741 0.0078

(0.75,10)
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