5539 % 5F 10 3 M= NFH Vol.39  No. 10
2024 4 10 H Journal of Aerospace Power Oct. 2024

X EHS: 1000-8055(2024) 10-20220184-09 doi: 10.13224/j.cnki jasp.20220184

BT 22 5EREF SR e
W12 BT

wmkam', & F, @y’
(1. INARK2E WU TR 2= BE, FFrd 250061 ;
2. B2 UM TR &, JEE 100084)

i o R T E G X IE B HLAIE AT RS 2 W, R T — R 2 B TROE 2% 2 5k (multi-kernel super-
vised manifold learning, MKSML) . MKSML 533k 7] LLUAG A% b X 755 24 i [0 55040 12 A7 4R AE 12 4, 07 32 1 DX 40 B8 v Y
MR SRR AL o i B W B 2 0 R JEUARL, 0 1 ) R 7 10 SR A Pk AN ] S A 22 ) 19 2 S s [ ) B T T i
TT I 22 4% pRBCHE T IS0 32k PR 2 2, R A B G 400 o =2 ] ) B 6 4 I N AR A B, o 00 9 o) e i
IF 32 B I A A B S BRI TS Y T . 3l O AR R b Bk R R MKSMIL 380 325 AR I 1Y) 2 880, 1 98 1k RE 08
FHF N R 28 B0 i i UGB B 12 T o AR R Rl |, B 57 1 — P 2 T MKSML 55 355 09 e 7 A1 B e e 12 T A 78
FEHEAT T AR RIS W S5 DL KR R R RS W 5

X B O WORIWT Fo I BaERELE; WP, RHEREE

hESES: V263.6; THI7 WHERFRERD: A

Fault diagnosis of rotating machinery based on
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Abstract: In order to accurately perform fault diagnosis for rotating machinery, a multi-kernel
supervised manifold learning (MKSML) algorithm was proposed. More specifically, MKSML algorithm
allowed to effectively select the features of high-dimensional fault data, and extract the low-dimensional
fault features with better discrimination. Through the idea of supervised learning, the clustering of similar
samples and the differences between various samples have been enhanced. A novel weighted
neighborhood graph was proposed by constructing multi-kernel function. The distance information and
angle information between adjacent points were retained. And the interference of outliers and noise in the
sample was suppressed. Through the gray wolf optimization algorithm to adjust the MKSML parameters,

the algorithm could be applied to various types of rotating machinery fault diagnosis. The fault diagnosis
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model of rotating machinery based on MKSML was proposed, and bearing fault diagnosis experiments and

gear fault diagnosis experiments were conducted.

Keywords: fault diagnosis; signal processing; data dimensionality reduction; manifold learning;

feature selection
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Table 1 Experimental results of planet gear bearing fault diagnosis

WEAE DT i TCHLB/ % TRBNAR % SR % PRI/ % F29/%
MKSML 100.00 100.00 100.00 100.00 100.00
LVM 100.00 98.33 100.00 98.33 99.17
LLE 93.33 96.67 96.67 98.33 96.25
PCA 90.00 86.67 86.67 91.67 88.75
SAE 91.67 96.67 93.33 91.67 93.33
SOM 100.00 90.00 68.33 86.67 86.25
KLDA 93.33 86.67 91.67 90.00 90.42
MKSLLE 98.33 98.33 100.00 100.00 99.17
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Fig. 5 Gearbox running state simulation experimental rig

K6 5FARRMRET R

Fig. 6 Five gears in different states

20220184-7



IR DA

%39 %

LLE H (1 fe L 2P ECR B 12; LVWM H IS5 S
MKSML {35 —3; SAE 02 %0 &l 4; SOM 1)
Y RSP 3R [2, 3]; MKSLLE H (8 4% o BOR

Ha=0.1, =0.9, FL BB E R 12, R)FiETL
AR B E S AT OB B A0 . e Ay Xt
Fe s R 2 Fion .

R2 ARBBISHIBRER

Table 2 Experimental results of gear fault diagnosis

Wi ik fe /% B /% PIRZLE0% FVE/% VIRHIF/% SF151/%
MKSML 100.00 95.00 100.00 92.50 92.50 96.00
LVM 85.00 95.00 100.00 75.00 97.50 90.50
LLE 100.00 87.50 100.00 80.00 100.00 93.50
PCA 75.00 97.50 90.00 87.50 85.00 87.00
SAE 80.00 100.00 97.50 87.50 97.50 92.50
SOM 87.50 100.00 87.50 97.50 100.00 94.50
KLDA 85.00 100.00 100.00 100.00 90.00 95.00
MKSLLE 100.00 90.00 100.00 87.50 97.50 95.00
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