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Aero Engine Wear Location Identification Method
Based on Deep Learning
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Abstract: Because of the complex friction pair components and many wear particle energy spectrum monitoring elements
in aero—engine lubrication system it is difficult to accurately identify the wear parts by manual experience.A wear part
identification method of aero—engine lubrication system based on deep learning was proposed.In which a one—dimensional
convolution residual network model was established by using one—dimensional convolution kernel as the calculation unit.
Taking the energy spectrum analysis data of the wear particles in the aero—engine oil as the input using the one—dimen—
sional convolution residual network model the feature extraction of energy spectrum data and the location and recognition of
aeroengine wear parts were realized.The effectiveness of the method was verified by the measured energy spectrum data of

the wear particles in an aeroengine oil and compared with resnetl8 resnet34 CNN and other network models.The results
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show that the recognition accuracy of aeroengine wear parts by the proposed method is more than 95%.1In order to verify the
robustness and generalization ability of the model the oxygen data and noise data were tested respectively on the basis of
the real aero—engine energy spectrum data which further verified the effectiveness of the model in wear location and identi—
fication and the feasibility of practical application.

Keywords: aero engine; energy spectrum analysis; wear; one dimensional convolution residual network; deep learning
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1

Fig. 1  One dimensional convolution residual network model of the identification of aero engine wear parts
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Table 1 One dimensional convolution x x=0
residual network parameters
(1x3x64) x2 1x31
(1x3x128) x2 1x15%128
(1x3x256) x2 1x7x256
(1x3x512) x2 1x3x512
FC 512x3x1 1 536x1
LSTM 1 536x3x%200 200x1
FC 29x1
2 X ! (€N
. . v h(x,)
X
2

A x) h=ux,

Fig.2 Residual unit
o g Relu (1) o
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Table 2 Element mass fraction of some materials Unit: 107
Fe Cr C Ni Mn
0Cr17Ni7Al-H1/2 70.85 76.75 16 18 0 0.09 6.5 7.5 0 1
0Cr17Ni4Cu4Nb 69.91 78.85 15 17.5 0 0.07 3 5 0 1
0Cr18Ni9 67.07 75 17 19 0.07 8 11 0 2
1Cr11INi2W2MoV 81.99 85.97 10.5 12 0.1 0.16 1.4 1.8 0 0.6
1613 83.93 8792 12 14 008 015 0 0 0 0.8
1Cr17Ni2 77.67 82.39 16 18 0.11 0.17 1.5 2.5 0 0.8
1Cr18Ni9Ti 0 96.22 0 0 0 0.12 0 0 0 2
2.1 Resnet34
Resnet18. Resnet34.
CNN LSTM 4 o 4
3 o GPU
NVIDIA GTX1660 6G 15-9600K 8
G Windows10 Python3. 7
Tensorflowl. 15,
64 100
3 4
Table 3 Network parameters of the four models
Resnet18 Resnet34 CNN LST™M 4
I (1x3x64) X2 (1x3x64) x3  I1x3x64  1x33 Fig. 4 Model test results
2 (1x3x128) x2 (1x3x128) x4 1x3x128  33x128
3 (1x3x256) x2 (1x3x256) x6 1x3x256  128x128
4 (1x3x512) x2 (1x3x512) x3 1x3x512 128x128 10 > 10
FC 512x3x1 512x3x1 512x3x1 1281 ’
29x1 29x1 29x1 29x1 10
4
o 4 Resnet18 .
Resnet34. CNN LSTM
o Resnet34
100%; Resnet18
LSTM 99.32% . 98. 85%;
CNN 97.2% Res—
netl8. LSTM. CNN 5 10

Resnet34

Fig.5 Results of 10 training tests
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Table 4 Energy spectrum test results and diagnosis results
w/107°
1 2 3 4 5 6 7 8 9
Fe 84.4 18.0 100 0 22.96 21.62 69.03 68.12 86.25
Cr 11.6 28.7 0 0 22.97 17.43 19.35 18.74 11.67
Ni 2.3 53.3 0 0 42.82 51.45 9.34 9.9 0
0] 0 0 0 0 0 0 0 0 0
Al 0 0 0 10.55 2.3 0.87 0 0 0
Mn 0 0 0 0 0 0 2.29 2.3 0
W 1.7 0 0 0 0.72 0 0 0 2.08
Ti 0 0 0 84.86 1.53 0.87 0 0.93 0
\4 0 0 0 4.59 0 0 0 0 0
Sh 0 0 0 0 0 0 0 0 0
Ag 0 0 0 0 0 0 0 0 0
Mo 0 0 0 0 1.07 2.61 0 0 0
Pb 0 0 0 0 0 0 0 0 0
1Cr1INi2W2MoV  GH3536 TC4 GH3536 GH3536 1Cr1INi2W2MoV
4 Resnet34  LSTM CNN o
4
5 (Top-5") 3
o 2.3
10%
13 »
LSTM. Resnet34. Resnetl8. 10%
CNN. Top-5 ( Top—5
) 85.0%
90.0%~ 80.0%- 70.0%+ 95.0% - o 6
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Table 5 Model recognition results
LST™M Resnet34 Rsnet18 CNN
1Cr13 ZL114A-T6 0Cr18Ni9 1Cr1INi2W2MoV 1Cr17Ni2
2Crl3 1Cr1INi2W2MoV 40CrNiMoA ZG1Cr18Ni9Ti
1Cr11Ni2W2MoV 18Cr2Ni4WA 1Cr11Ni2W2MoV 1Cr17Ni2 1Cr11Ni2W2MoV
0Cr18Ni9 5A06 40CrNiMoV IN718 ZG1Cr18Ni9Ti
ZG1Cr18Ni9Ti GH3536 GH3536 0Cr18Ni9 9310
GH3536 0Cr18Ni9 1Cr17Ni2 ZG1Cr18Ni9Ti GH3536
1Cr18Ni9Ti 5A06 1Cr17Ni2 40CxNiMoV 15CrtMnMoVA
2Cr13 40CrNiMoV 1Cr18Ni9Ti 5A06
65Mn 9310 GH4169 GH3536 40CrNiMoA 40CrNiMoV
1Cr17Ni2 1Cr17Ni2 1Cr18Ni9Ti 18Cr2Ni4WA
0Cr17Ni7Al-H1/2 ZL114A-T6 40CrNiMoV M50NiL ZTC4/TC4
ZTC4/TCA ZTC4/TC4 GH3536 8Cr4Mo4V GH3536
IN718 ZL114A-T6 9310 IN718 ZG1Cr18Ni9Ti
ZG1Cr18Ni9Ti GH3536 15CrMnMoVA 0Cr17Ni7Al-H1/2  ZGOCr16Ni4NbCu3
GH3536 0Cr18Ni9 1Cr1INi2W2MoV 0Cr18Ni9 GH3536
IN718 5A06 18Cr2Ni4dWA IN718 ZG1Cr18Ni9Ti
ZG1Cr18Ni9Ti GH3536 GH3536 0Cr18Ni9 ZGOCr16Ni4NbCu3
GH3536 2Cr13 IN718 GH3536 GH3536
0Cr18Ni9 ZL114A-T6 9310 0Cr18Ni9 40CrNiMoA
0Cr17Ni7Al-H1/2 18Cr2Ni4WA 1Cr18Ni9Ti ZG1Cr18Ni9Ti 8CrdMo4V
18Cr2Ni4WA 5A06 GH3536 IN718 35Cr2Ni4MoA
ZG1Cr18Ni9Ti 5A06 9310 ZG1Cr18Ni9Ti 0Cr17Ni4Cu4Nb
IN718 GH3536 1Cr18Ni9Ti IN718 ZGOCr16Ni4NbCu3
0Cr18Ni9 18Cr2Ni4WA GH3536 0Cr18Ni9 18Cr2Ni4WA
1Cr17Ni2 ZL114A-T6 18Cr2Ni4WA 1Cr13 1Cr17Ni2
1Cr13 1Cr11Ni2W2MoV 1Cr1INi2W2Mo 2Crl3 ZG1Cr18Ni9Ti
1Cr1INi2W2MoV 18Cr2NidWA 60Si2MnA 1Cr1INi2W2MoV 1Cr1INi2W2MoV
6 2%
Table 6 Data processing results and model recognition results with oxygen removed Unit: %
1 2 3 4
Fe 23.66 23.66 16.54 17.46 13.88 14.38 89.53 99.00
Cr 48.08 48.08 21.77 22.98 18.27 19.83 0 0
Ni 0 0 45.68 48.21 41.33 42.83 0 0
0 28.26 28.26 5.26 0 3.32 0 9.57 0
Al 0 0 0 0 0 0 0.45 0.5
Mn 0 0 0 0 0 0 0 0
W 0 0 1.56 1.65 0 0 0 0
Ti 0 0 0 0 0 0 0 0
Si 0 0 0 0 1.40 1.45 0.45 0.5
C 0 0 0 0 14.55 15.08 0 0
Mo 0 0 9.2 9.71 7.06 7.32 0 0
ZG1Cr18Ni9Ti GH3536 9310
ZG1Cr18Ni9Ti GH3536 9310
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Table 7 Model recognition results after adding noise
LSTM Resnet34 Resnet18 CNN
-2 2 -5 -2 2 -5 5 -2 2 -5 5 -2 2 -5 5 -2 2 -5 5
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