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Fault diagnosis method of rolling bearing based on joint LLE and SSR

ZHANG Kangzhi

(School of Mechanical Engineering, Xi’an Aeronautical Institute, Xi’an 710077, China)

Abstract: A rolling bearing fault diagnosis method based on joint locally linear embedding and
sparse self-representation (JLLESSR) and parameter-optimized support vector machine is proposed for
rolling bearing vibration signals with strong nonlinearity and containing more redundant and irrelevant
features, which leads to difficulties in extracting essential features and fault identification. The method
constructs a unified feature extraction framework, relying on local linear embedding (LLE) to mine the
local geometric structure of high dimensional data, and self-representation to mine the global geometric
structure of high dimensional data in low dimensional space, to obtain the embedding features
characterizing the operating state of rolling bearings. Then, the obtained features are fed into a cross-
validation support vector machine (CV-SVM) for fault identification. Finally, the proposed method is
tested on a rolling bearing fault data set, and the experimental results show that the proposed method can
effectively identify different types of rolling bearing faults, and the fault diagnosis accuracy can reach
98.5%.

Keywords: rolling bearing; vibration signal; locally linear embedding;

joint locally linear embedding and sparse self-representation; fault diagnosis

RN RN R AU & AR OB, e R R eh i A 0, SR SR AT RE BT SRR it
fi FRR 0 EL RS M B UK B A Y as A RS SRR, ASOUREAR T TR ML BE 5 19 ARSI,
o T B TARREE R KA s et IS RS IR T B NG T- . s K

Y #5 B HA: 2023-04-21
HE ST B : Perti g BHEITH H (2019IM-535); Beris [ AR ARERIATFI 15 H (2023-JC-QN-0614)
1B 8 v A (1978—), B, BISER, i1, FEM LR — R ARAIBIS . E-mail: 59851747@qq.com

S A AR SKEEE . 2T HES LLE I SSR BT R B2 Wi vk (0], fi2s 35 J12441, 2024, 39(7): 20230263. ZHANG Kangzhi. Fault diagnos-
is method of rolling bearing based on joint LLE and SSR[J]. Journal of Aerospace Power, 2024, 39(7): 20230263.

20230263-1


mailto:59851747@qq.com

IR DA

%39 %

BB ATARAS A TR DN B 35 e i S e L. H AT,
R SR 2 WnE N T3 KA 1 0y =T
AT AL AR K, M HA 2 2B F U R
e, ARMECRIEAR 2 T i P, PRk, Rk A 3
LI AR E AL R T DG A 58 T o
WA, Kl AR S IO 55 R 2= H AT
Pz T, HAS B S AR R B 1Y A
PRI R B, LA 4 7 0008 1) 7 235 4 45 8., AT S B0 4
FEFREET, Jm gt ik A (locally linear embedding,
LLE) ™ J& —Ff i) (4 (5] i A SRR AE SR BTV, B
TR 5 S400 BT 2 kAR A, A2 58
B A N A5 B0 HE T . Wang 88 P a3
AR N 28 95 45 25 73 fi# (empirical mode decomposi-
tion, EMD) 3815 V& sl il 7K R Sl 5 5 P AT T A7 4
fiE, SR J5 A ] LLE 5395 S04 T RRAE 52 U 2R 4E 4y
Ik, B J5 R A 2838 AT 82 Wi . Zhang 451
1§ 8 T 2 e s R MR IR N5 5, AU+
(i) 45 5 A5 B AS (1) 7 5 3RO, 38 1 v B A5 B
fif A1 LLE £ HUH 28 RRAE 5 J5 A FH 34 ) d ALk
T2 W . Zhang 2800 Ry 1 [ 18 N 3R B S 4R
A AR S, 0 A s AR BE i R AR A Y
1 SR = 2 N o (Il 2 R A1 RS T S i
RS R B I8 N A A AR Ik R /N AR JE A
LLE 47T RE $2 B, 30 2o A-30r &08 d 43 24S s 55 Bl
B2 Wi, Liu %0 82 7 — B 5 T 2R R f 4tk
itk A\ (Hessian LLE, HLLE ) {14 4l 7% i [ 12 Wi )y 12
B SR AS = e B E 1Y) Hessian A5 11H, 2% i A2k
B I R AIE 25 () DA 22 AH N 1) Hessian BSR4, 38
1k 73 i Hessian SRR [ 52 90 A4 iF 44 B, e J )
SRR IAT IR 2 W . Zhang 6P 8 T HERf1Z
Pt 5 4 VR Bl AR ) R LA S A, B T —
Tl £ 42 Jay B £k M #x A B3 (robust LLE, RLLE) A<
Jo b R A AR S 51 Ly R L, IE W AE 2R, A
T 0L A A R S A 3 e A AR A s )
FRZAB U AR SRR SR B, SC 9 EN] T %
J7 AT LA 850 B Bl A e B R R A o Liu 58U 4
T PRI T 2 4548 LLE @A 10 Bl K s 2 W
I7 ik, RN 22 G54 Jay B8 2 4k M ik A R B &
(multi-structure LLE coefficient, MSLLECF ) Fl1 £ 2%
) Je 5 26 1k i A BRE Rl A5 (multi-structure LLE
function fusion, MS-LLEFF), MS-LLECF i iz 7£ &
Y 73 8] @il 5 B A B J) 3 45+ R 5 45 #4, MS-
LLEF [R] i} 2% [ T 4k 25 [RVRE AR 1 Ja) 38 TLART 45 44
FIVI 2 2 [R) (0 0 45 4 , S 6 1E WY 33K P A 7 v g

I35 4R T B R I 4 SR 1 R
G3 AR TR S W

MR A E H A 5% AT DLk SR 35T LLE 1Y
Iz Tk e 2 f TR Z 09T, (AR R %5 &
e RS Z R LT S5 R 15 B R BIERE TAEIR Do i
ARSCHRE T — e TR R A A i AR L
%% 7~ (joint LLE and sparse self-representation, JL-
LESSR) 53%, & 718 i A H] LLE 53 3% 32 4 v 4
23 [ REAS (14 Joy T LART 4544 15 2, [R) IHRSE R it
FORIZIRARLE 23 AR A 1Y 42 Jay JUART 45 48 LA A 7R TR
Sl AR B AR ST S5 A, S A A B — A S —
PR HE 2 S BT Sl R BB RR AR S IR, SCFRp ] B AL
(support vector machine, SVM) "4 & —Fifi % UL )
R RS W T i, th TR SRR D, TR S BR
ARz . P, A SR 38 LS HIE
(cross validation, CV) 5.k %F SVM S 81711k,
2 KIS CV-SVM 732645, 48 ) — Ff & T JL-
LESSR 5 CV-SVM #1455 178 sl il 7R i 12 W
Ik

I Je, e E PR E B0 A S I B TR Y T
HYERE, IF S MA M LLE J Hek o o7 kit 47 %)
Foo SR g RN, A SCH Y R 12 s A mT
PUAT R0 53 R sl il R Ik 3 455 Y ik e 2R 8L, O
HEA REFRIRE T

1 BIP&EasrN

Jri R L MR ik A — i LAY AT 2 ) Bk
REA A4 3 2 4k E e VEEE , A B i i PR 4
Jir ey v A 5 1] 1 Ry 35 LA 235 4 B BB AR 4 e A
R g AR EX =[x, %, x,] € R,
Horpr dFln 2y 5 R AR AS (9 2 R4 H |, LLE 212
R4t AZERY e R (m < d) AR T

1) A REARER I . X T s 45 T AR A
x; € RY, 38 3o W TG IR B T RE A (] 1Y R B, SE R EE
BIREAS x5 3 1 kMR AR SR 1 SR 35 B

2) R IAT LR o T EAREAR x5 A
AR E R, IR AKX T

, B MR H T

2

k
Xi_z_ WijXj
J=1 2
‘ 1
S.t. Z wij =
1Y

/H:':F'Wi = [wi, wi,- - 9Wik]T%§i<ﬁzlxxiEgE*@/%§&o
3) AR AL R o 8 A 7R AR GRS ]
PRI = AEREAS 1) R T LA S5 ) AN AR 13 B A 45

min

(D

20230263-2



587

TR . HET S LLE F SSR (17 shih iR ik 12 iy 75 1

/MG T I H AR R

Y = argmin Zl | |y,- - ijl Wi 5

tr (YTMY) 2

st %Z;y’yT:I‘J Z;y,:o

H M= T-W)TU-W), W35 PR E
FEFE, tr (A BRI ARG, 1, Fm4EE Nl d
FIERALRE IS o Y = [y1, 2.yl € R™MRIRN 5 4E 5K
i £ X0 7 A IR 2 R AIE o 308 e T A A 80 8 s
S, B ARG i A G5 S Y 40 1 0 B M /)N
7 dAS B T2 5 A X S 4 5 E ) A . e AT,
LLE By 2B anE 1 s .

2

JnEEgE

AR ALS

1 JRaREE R AR AR A

Fig. 1 Flowchart of local linear embedding algorithm
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