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Multi-objective fusion diagnosis of aeroengine wear failure
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Abstract: According to the characteristics of various oil analysis data, an aeroengine wear fault
fusion diagnosis method was established to realize comprehensive evaluation of aeroengine wear state
based on oil analysis data. The fault fusion diagnosis method included wear fault qualitative analysis,
location analysis and cause analysis. Taking the original analysis data of spectrum, Ferrography and
particle count as the input, the qualitative diagnosis results of engine wear fault were obtained based on D-S
evidence theory through qualitative analysis; in the location analysis, a rolling bearing fault location
identification model based on deep learning was established, and the original data of energy spectrum
analysis were used as the model input to realize the intelligent identification of aeroengine wear location;
finally, in the cause analysis, using the qualitative results and positioning results, according to the

experience of domain experts, the knowledge rules based on if-then were established to find out the cause
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of engine wear fault. The effectiveness and reliability of the proposed method were verified by using the

actual oil monitoring data, the diagnostic accuracy can reach up to 100%, and the results fully showed the

correctness and effectiveness of the method.

Keywords: aero-engine; wear failure; fusion diagnosis; D-S evidence theory;
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Fig. 1 Multi-objective fusion diagnosis of aeroengine wear fault based on multiple oil analysis data oil analysis flow chart
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Fe 0.5
Cr 0.05
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Table 4 Comparison between changes of oil performance parameters and fault causes
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Table 5 Element fault limit value
B30T/ (4~ /mL) BHAL AT
1 Ay BRIk 2k R o B/ MR/ AL KA E 5
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IEFH 2 3 1 1 1 25 0.05 258 0 0
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Table 6 Fluid data for qualitative diagnosis (partial data)

A% 53T /%0 B4/ (4~ /mL) R4 4T/ (4100 mL)

A Fe Ag Cu Cr %ﬁ ;;Ef\; %ﬂ; %%E% >5 pm >15 um >25pum  >50 pm
1 1.054 0056 062 0.36 2.6 345 0.64 2.05 2501.255 181.213 92.736 8.931
2 6.039 0033 433 012 3 3.3 0.62 2.23 1799.37 522.769  290.427  11.405
3 1.162  0.079  0.932 0.21 2.9 34 0.53 2.13 2011.551 42.114 89.304 10.713
4 0.582  0.059 1.313 0 3 3.36 0.64 1.69 5630.736 213.183 203.268 13.845
5 0.674  0.081 2.063 0.27 2.7 3.38 0.60 1.52 3112.509 88.515 91.591 15.163
6 1.008 0.094 2316 0.3 3.6 3.93 0.66 2.1 3358.563 101.445 109.875 19.181
7 0.799  0.056 2.605 0.29 3.1 3.85 1.22 2.1 3512.164  233.834 114392 22239

40 6.674  0.203 9.99 0.29 7.4 52 1.95 2.4 8088.109 1221.251 396.159 51.003

®7 RTEMISEHHGEIEG2EE)

Table 7 Fluid data for location diagnosis ( partial data) %0
B Cu Zn Al Mn Fe Sn Cr Mo \ 0 C
1 0 0 0 89.99 0 4.10 4.80 1.11 0 0
2 0 0 0 89.63 0 4.25 4.78 1.35 0 0
3 0 0 0 93.81 0 3.54 2.11 0.54 0 0
4 61.98 31.17 3.00 1.84 1.37 0.64 0 0 0 0 0
5 0 0 0 69.21 0 0 0 0 30.79 0
6 0 0 0 66.45 0 0 0 0 28.67 4.88
7 0 0 63.97 0 17.63 0 0 0 0 4.73 13.67
40 0 0 0 0 94.04 0 0 0.14 0.11 0 5.71
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Table 8 Fluid data for cause determination diagnosis (partial data)
R4/ (A~ /mL) WAL
Bl sy st BRSO a6 me 1/ R A KA
B [0 R E=0id7] Ak (mm?*s) (mg/kg) t/°C (mg/kg) -

1 2.6 3.45 0.64 2.05 0.17 24.87 0.05 256.37 0 0.03

2 3 33 0.62 2.23 0 24.83 0.04 256.72 0 0.01

3 2.9 3.4 0.53 2.13 0.28 25.13 0.05 257.3 0 0.1

4 3 3.36 0.64 1.69 0.04 25.01 0.07 258.82 0 0.1

5 2.7 3.38 0.60 1.52 0.03 25.14 0.05 257.78 0 0.12

6 3.6 3.93 0.66 2.1 0.09 25.17 0.05 258.49 0 0.11

7 3.1 3.85 1.22 2.1 0.26 25.12 0.05 259.92 0 0.12

40 7.4 52 1.95 2.4 0.95 25.62 0.05 269.43 0 0.155
HE LI 5 — 2E BRI F 12 RERGERAISEER(~0.912)

Xt T E VRIS W, AR SCIHERGR 6 s 30 19
TR | R K AR T RO S X S AT

Table 12 Fusion diagnosis results of spectrum and

ferrographic (y=0.912)

WAIE . MR L R 20, PR R b T R Y HEHE 4 B ¢
W1, i 2 9~ 13 WUTHRLLE AT, 4% RS b Fe ! 05 03
— . N - A 0.0517 0.02 0.001
IR FIR R B HLAL F B RR A, AT LA R £
o ] i Cu 1 0.1 0.1
AT S e e B & sl HLAL 7™ B S HOIRE, 5t . oo 008 0205
H) b 2] N, N r . . .
Sz Wia R —3, Hrh 4, B, C o 5CRIESE N
- o o W 55 B L 1 0.4 0.5
AEEE L F AT AE B2 G ml 5 B .
BRAR AL 0.78 0.1 0312
x99 HiTSHIHE R (y=0.661) TR 0.65 01 0.065
Table9 Spectral diagnosis results (y=0.661) FaRuk=R 47 0.72 0.2 0.144
TEE A B C RS uk-vidy] 0.33 0.2 0.066
Fe 0.5 0.5
13 TEHEREILEER(=0.973
Ag 0.0517 0.02 0.001 R EHRSERER(=0.973)
Table 13  Qualitative fusion diagnosis results (y=0.973)
Cu 1 0.1 0.1
Cr 0.49 0.05 0.245 ESE 4 B C
Fe 1 0.5 0.5
R10 FKIESHEER (y=0.743) Ag 0.0517 0.02 0.001
Table 10 Ferrographic diagnosis results (y=0.743) Cu 1 0.1 0.1
EHE A B C Cr 0.49 0.05 0.245
W55 B 1 0.4 0.5 I T7 R 1 0.4 0.5
BRIR AL 0.78 0.1 0.312 BRR R 0.78 0.1 0312
AR 0.65 0.1 0.065 AR 0.65 0.1 0.065
EARuk=Xid] 0.72 0.2 0.144 FARuk=Vig7] 0.72 0.2 0.144
REELY 0.33 0.2 0.066 BEElY 0.33 0.2 0.066
>5 um 1 0.1 0.1
11 BRI SIS BT 45 R (y=0.696
= BRI S T4 R (p ) +15 pm 0.98 02 0.196
Table 11 Particle count diagnostic results (y=0.696)
>25 um 1 0.3 0.3
TESR 4 B c >50 pm 1 0.4 0.4
>5 um 1 0.1 0.1
>15 um 0.98 02 0.196 T DL L R sh L™ B RS,
>25 pm ! 03 0.3 7 I 30 A RETE S0 BT A X B AT E A
>50 pm 1 0.4 0.4

W, £ 14 5 T ASE EEER KT 50% 1 HT
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Table 14 Location diagnosis results
75 Resnet18 Resnet34 LSTM CNN ALY
0Cr18Ni9 ZL114A-T6 1Crl3 1Cr17Ni2 1Cr11Ni2W2MoV

1
84% 93% 90% 82% 95%

5 [LVeE 1Cr11Ni2W2MoV 2Cr13 40CrNiMoA 2Cr13
77% 89% 86% 79% 91%

3 1Cr12Ni2WMoVNb 18Cr2Ni4WA ZG1Cr18Ni9Ti 1Cr13 1Crl3
77% 76% 84% 66% 89%
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65% 71% 73% 53% 80%
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Table 15 Causal diagnosis results

95 55 BRI >4 > /mL 2
BRI AR>S ~/mL =
SRR <2 >/mL i
LLESAE YR <3 4 /mL Ea
REAAY <2 NM/mL i
22.2 mm?%/s<%iEE<27.5 mm?*/s &
FR{E<0.15 mg/kg &
INSAE <273 C &
K435 F:<0.001 mg/kg &

Z= T H<0.1% 7w

AW e B A RS AR T IR ROIRAS,
T 3 B KA R U 55 RS BRI BCHR AR B0
M A, LR BRI Y b T IE RS AR ) E
Pl e JE AT 2 WAL U (DS AR DU - Ruiled) 3145 Bk
i S IR TR Bl A R K v R, 5 R RIS W R
—H

6 %&£ it

AR SCHEH T —FPET A A & Sh ML B b &2
H bR il 512 W i, 768 Y2 B gl R R A
AT AR A R 0 AR e D PR W . ) SR
M2z sl AR 55 B 5 50 X% O ik kAT T 50
TE, 85 R FE 0 0E B T A SOk A stk o TR %
J5 T LAT 32 00 F T 23 22 sh L R A i) s 46
W, R WYY 5 AR e ) TR I AL, AR SC
J7 AT LA 4 S A e sh ML 451 358 7 114 5
SE A AE U, AR AL 58 07 vk, AR SOy Ak
g

1) AT B — R 5 A 7 VA2 W, B S 45
4 I FH 22 Fof ok Y00 ) T B X B 0 AT 4 T S T

2) BB [R] B X B A T M L L RS
Wi, A SR T R S AIL R 2 W AR R 4 i
N R A 25 S ShAIL R 12 W7 AR S 4 4R L 5 in
EEPLHE R

CESY ¥

[1] BEXF¥E, Rpae, M P, 4. 3 T RS-CART 3R} B4 fiig 2=

K BHL/NEE A B2 W (7). A =S 3 1 244, 2020, 35(7): 1559-
1568.
PANG Mengyang, SUO Zhongying, ZHENG Wanze, et al. Small
sample fault diagnosis of aeroengine based on RS-CART decision
tree[J]. Journal of Aerospace Power, 2020, 35(7): 1559-1568. (in
Chinese)

20220191-9



EIPIEE

%39 %

(2]

[4]

[5

—

[6

—

[7

—

[8]

[9

—

[10]

ZHAO Yongping, WANG Jianjun, LI Xiaoya, et al. Extended least
squares support vector machine with applications to fault diagnosis
of aircraft engine[J]. ISA Transactions, 2020, 97: 189-201.

DUAN Zhihe, WU Tonghai, GUO Shuaiwei, et al. Development
and trend of condition monitoring and fault diagnosis of multi-sen-
sors information fusion for rolling bearings: a review[J]. The Inter-
national Journal of Advanced Manufacturing Technology, 2018,
96(1): 803-819.

MURALI S, XIA Xingao, JAGTIANI A V, et al. Capacitive coul-
ter counting: detection of metal wear particles in lubricant using a
microfluidic device[J]. Smart Materials and Structures, 2009, 18(3):
037001.

FULA, BRIR, BROL %, 55 — R 25 % 3 WL TR 3h Bl R 43
TR W 5 AR D). S B 2R 4R, 2014, 29(9): 2256-2263.
WANG Hongwei, CHEN Guo, CHEN Libo, et al. A fault monitor-
ing technique for wear of aero-engine rolling bearing[J]. Journal of
Aecrospace Power, 2014, 29(9)‘ 2256-2263. (in Chinese)

TR, MR AR, TR, SR R R U0 A 4 5 5 vk Y
28 e Sl LS B4 12 (D], VG 22 32 3l Ok A A AR, 2020,
54(4): 179-185.

ZHANG Yun, LIN Xuesen, WANG Lin, et al. Aero-engine wear
fault diagnosis with supervised locally tangent space alignment[J].
Journal of Xi’an Jiaotong University, 2020, 54(4): 179-185. (in
Chinese)

AR B T M 42 I 46 1 D-S TIE % BT 1Y R 2l BIL S i s
EL W] A5 3 J1 2% 4]z, 2005, 20(2): 303-308.

CHEN Guo. Fusion diagnosis of engine wearing fault based on
neural networks and D-S evidence theory[J]. Journal of Aerospace
Power, 2005, 20(2): 303-308. (in Chinese)

LW, S8, Br A ZE L LT O -k A AT H L ZS  ShAL
S A I 38 W R P 5 (9], Ak 2R T, 2020, 34(4): 1-5.
JIANG Xufeng, ZONG Ying, RUAN Shaojun. ApplicationRe-
search of wear fault diagnosis of aero-engine based on spectrum-
ferrography analysis[J]. Chemical Industry Times, 2020, 34(4): 1-5.
(in Chinese)

FLAES, e, il T 25 0 22 M A B A W 1k A T bR
LRGN 75 (9] A2 K 3L, 2020, 46(4): 71-77.

KONG Xiangxing, PAN Yan, WU Tonghai. Comprehensive as-
sessment method of oil status considering uncertainty of multiple
monitoring index[J]. Aeroengine, 2020, 46(4): 71-77. (in Chinese)
MR, AR, R, AL BT b A R A A R S P
IR 25 Bl A [9]. A =S K BB, 2015, 41(4): 93-97.

ZHANG Pengfei, LI Benwei, WEI Xiang, et al. Evaluation of
aeroengine wear condition fusion based on oil monitoring informa-
tion[J]. Aeroengine, 2015, 41(4): 93-97. (in Chinese)

(1]

[12]

[13]

[14]

[15]

[16]

[17]

(18]

[19]

20220191-10

0 I T A LI P S - O R R BRI A
P2 W23 (0], 8 ¥ B, 2019, 34(3): 45-49, 54.

YU Di, HE Shizhong, HE Weichu, et al. Fault diagnosis analysis
of vertical grinding roller based on oil monitoring[J]. Lubricating
Oil, 2019, 34(3): 45-49, 54. (in Chinese)

DL, BHOE, WAL, Lk T S BNE i i ZS K Sl L
VB 0 IR BB 12 W8T (7). 25 2 42, 2015, 36(6): 1896-1904.

MA Anxiang, LI Yanjun, CAO Yuyuan, et al. Intelligent diagno-

S AL A I

sis for aircraft engine wear fault based on immune theory[J]. Acta
Acronautica et Astronautica Sinica, 2015, 36(6): 1896-1904. (in
Chinese)
KV W T A R D B R AR R Sl WL 43 A (D). AL
BRI i TR, 2020, 49(3): 113-116.
ZHANG Haitao. Fault analysis on the marine engine based on on-
line oil monitoring[J]. Machine Design and Manufacturing Engi-
neering, 2020, 49(3): 113-116. (in Chinese)
BASIR O, YUAN X. Engine fault diagnosis based on multi-sensor
information fusion using Dempster-Shafer evidence theory[J]. In-
formation Fusion, 2007, 8(4): 379-386.
R, BRoL e, R == B — o PR 400 (68 il 5 12 W 7 1k B R
ML [T BUBRL 22 5 H K, 2009, 28(9): 1157-1161.
CHEN Guo, CHEN Libo, SONG Langqi. A new approach to fusion
diagnosis of wear faults and its application[J]. Mechanical Science
and Technology for Aerospace Engineering, 2009, 28(9): 1157-
1161. (in Chinese)
FolvE, M, B AL e, S5 BT BRI 4 B8 fl 5
25 R LR 2 W7 [J]. 25 3 J3 2448, 2011, 26(9): 2101-2106.
WANG Guchang, CHENG Jian, BAO Chuanmei, et al. Diagnosis
method of aero-engine fault based on fuzzy inference and evidence
theory[J]. Journal of Aerospace Power, 2011, 26(9): 2101-2106. (in
Chinese)
ZHUANG Zilong, LV Huichun, XU lJie, et al. A deep learning
method for bearing fault diagnosis through stacked residual dilated
convolutions[J]. Applied Sciences, 2019, 9(9): 1823.
WANG Youming, CHENG Lin. A combination of residual and
long-short-term memory networks for bearing fault diagnosis based
on time-series model analysis[J]. Measurement Science and Tech-
nology, 2021, 32(1): 015904.
VT, W, R R IR E S A g R 4 J AR
Sl AR R 2 T PR A O (). 09 22 S0 R R 2441, 2018, 52(7):
1-8, 59.
ZHANG Xining, XIANG Zhou, TANG Chunhua. A deep convolu-
tional auto-encoding neural network and its application in bearing
fault diagnosis[J]. Journal of Xi’ an Jiaotong University, 2018, 52(7):
1-8, 59. (in Chinese)

(¥ %k F)



